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Reliable determination of sub-nanometer gaps in plasmonic gold dimers
for correlation to their optical properties
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Accurately characterizing sub-nanometer gaps in plasmonic nanoparticle dimers is essential for understanding
their optical properties, particularly in the transition from classical to quantum plasmonic behavior. While
two-dimensional (scanning) transmission electron microscopy imaging provides high spatial resolution, it lacks
the three-dimensional (3D) morphological information needed to reliably extract gap sizes. In this work, we
combine electron tomography with a robust data analysis workflow to quantify interparticle gaps in gold
nanosphere dimers with sub-nanometer precision. We show that gap size estimates are highly sensitive to
reconstruction algorithms, segmentation thresholds, and meshing parameters. To overcome this, we introduce a
model-fitting approach based on convolving a step function with a Gaussian, enabling consistent and accurate gap
measurements even in the absence of a known ground truth. Validation on simulated datasets confirms pixel-level
accuracy, and application to experimental data demonstrates the robustness and general applicability of the
method. The resulting 3D reconstructions are directly integrated into electromagnetic simulations, allowing
reliable interpretation of the optical response of the dimer. This workflow offers a broadly applicable strategy for
correlating morphology and optical function in plasmonic systems and provides a crucial step toward resolving
quantum effects in nanoscale light-matter interactions.

DOI: 10.1103/9jvw-qdsx

I. INTRODUCTION

Plasmonic nanomaterials are versatile systems that can be
employed in a large variety of different application fields
[1]. They exhibit excellent performance in sensing tasks [2,3]
and are utilized to sense single molecules [4,5]. They are
employed as biomedical drug delivery [6,7] and hyperthermal
cancer treatment agents [8,9]. Another important application
field is photocatalysis, where plasmonic catalysts are used to
enhance reaction rates and improve the selectivity of desired
products [10—15]. The main reason for the success story of
plasmonic nanosystems is their strong light-matter interac-
tions due to localized surface plasmon resonances (LSPRs).
These resonances are closely linked to the morphology and
local surroundings of the nanoparticle (NP). This link makes
the optical properties of plasmonic nanomaterials highly tune-
able [16]. For example, for single gold NPs, the optical
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cross-sections span the visible-near-infrared (VIS-NIR) range
when modifying the morphology [17,18]. Moreover, for typ-
ical sizes of plasmonic NPs, ranging from ~10 nm to several
hundreds of nanometers, the optical cross-sections can be con-
veniently calculated by classical electrodynamics, allowing
for an efficient morphology design process [19-21].

The story gets more complicated for smaller systems with
sub-nanometer features, as quantum effects start to play a role
[22]. In recent years, sub-nanometer control over the structure
of plasmonic systems has therefore led to the field of quantum
plasmonics [3,23-25]. In the spirit of the second quantum
revolution, quantum plasmonics is exploited for the genera-
tion of nonclassical light for quantum information processing
[26] and optoelectronic quantum plasmonic devices [27-29].
However, recent advances in nanofabrication and progress in
measurement techniques have challenged our understanding
of electrodynamics, as the local and linear assumptions used
in the classical regime can no longer explain experimental
observations. Consequently, the inclusion of nonlocal [30,31]
and nonlinear [32-34] effects led to extended theoretical
frameworks for mesoscopic electrodynamics [22]. The goal
of these frameworks is to connect the more familiar classical
electrodynamics with quantum physics [35,36].

A popular system to explore in the field of quantum plas-
monics is a set of two plasmonic NPs with a specific distance
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between them, known as plasmonic dimers [37]. An isolated
spherical plasmonic NP displays one LSPR. In the case of
a dimer, the two isolated resonances hybridize, resulting in
an additional bonding dimer plasmon (BDP) mode at lower
energies [38]. The BDP mode is excited when the polarization
direction of the incoming light is parallel to the long axis of
the dimer. This longitudinal mode is normally stronger than
the transverse mode which, however, can still be excited and
reflects the nature of the single particles. If the dimers are
coupled not only capacitively but also conductively, a third
mode related to charge movement over the whole structure
arises: the charge transfer plasmon (CTP) mode [35,39-44].
The charge transfer then also affects the capacitive BDP
mode, resulting in a blueshift of the BDP resonance [45,46],
also referred to as screened BDP [39,44]. Such a blueshift
of the BDP mode has in fact also been observed for non-
touching dimers with sub-nanometric gap sizes [47,48]. This
phenomenon has been attributed to quantum tunneling and
has sparked a lot of interest in several communities. How-
ever, direct proof in the form of measuring the CTP mode
is still lacking. Although a CTP mode for silver nanocubes
conductively coupled through a molecular junction has been
reported [49], the findings are debated in the community [50].
To the best of our knowledge, the interpretation of quantum
tunneling has, therefore, mostly relied on a blueshifted and
broadened BDP mode.

However, recent theoretical work on quantum electrody-
namics challenges these interpretations. It has been shown
that surface-enhanced Landau damping, also a quantum phe-
nomenon but unrelated to charge transfer, might dominate
instead, as it results in similar spectral shifts [S1]. The ques-
tion thus remains whether tunneling at optical frequencies
occurs in these dimer systems or the optical response is
rather dominated by a quantum-corrected surface response.
In addition, the conductivity of the gap material needs to be
considered as well [47]. Accurate correlations between mea-
sured and simulated cross-sections on a single dimer can help
to answer these questions. In this manner, experimental results
can be reliably compared with simulations including different
quantum effects. To achieve this, however, the accurate mor-
phology of the dimer systems needs to be known, particularly
the gap size. Due to the sensitive response of LSPRs to any
morphological changes, no unambiguous conclusions can be
drawn otherwise. This is an underestimated bottleneck in the
community, as normally no discussion occurs surrounding the
error on the morphology and gap size. However, for quantum
effects, even a gap size difference of 0.1 nm results in tremen-
dous shifts of the BDP mode.

Although techniques like transmission electron mi-
croscopy (TEM) enable imaging down to atomic resolution,
the task of precise gap-size determination is surprisingly
nontrivial. The main limitation is that TEM provides two-
dimensional (2D) projection images, whereas the physical
world operates in three dimensions (3D). The gap between the
particles can be distorted and therefore misestimated. Fortu-
nately, reconstruction of the 3D morphology can be achieved
through electron tomography (ET) [52-54]. ET is performed
in standard TEM, where multiple 2D images are acquired
from different projection angles by tilting the sample holder.
To fulfill the projection requirement, ET is best performed

in high-angle annular dark-field scanning TEM (HAADEF-
STEM) mode for crystalline materials [53,55]. Since the
limited space in TEM prevents the acquisition over the com-
plete £90° tilt range, ET suffers from the so-called missing
wedge artifact, resulting in elongation and blurring in the
direction perpendicular to the sample support plane. As a
result, dedicated reconstruction algorithms were developed to
reduce this information loss [56]. To create a shape as input
for electromagnetic simulations, the reconstruction needs to
be segmented to separate the dimer from the background
and, depending on the simulation method, possibly turned
into a surface mesh. All of the involved steps—i.e., the
reconstruction, segmentation, and meshing—can lead to er-
rors in estimating the dimer morphology. These inaccuracies
can be minimized when using optimized workflows for the
data processing pipeline. For example, we recently devel-
oped a workflow to generate an accurate surface mesh for
single plasmonic NPs [20]. However, this problem is more
challenging for dimers because their plasmonic properties
are more sensitive to the morphology, especially of the gap
region. An additional challenge is the finite pixel size of
the 2D STEM data. Depending on the ratio of the needed
field of view, i.e., the size of the plasmonic particles, and
the gap size, the gap is often only represented by very few
pixels.

In this work, we combine experiments and simulations to
address the challenges of ET in reconstructing such (sub)-
nanometer gaps in gold dimers. We begin by addressing
the limitations of 2D STEM data for extracting reliable
gap sizes. We particularly emphasize the challenges that
emerge when defining segmentation thresholds, either in
2D or 3D. To solve the problem, we introduce a sim-
ple model for fitting sub-nanometer interparticle gaps in
ET reconstructions of plasmonic gold NP-dimers. To ver-
ify our method, we apply it to simulated data with known
sub-nanometric gap sizes. For the experimental ET data,
the fit results allow us to choose the optimal threshold
and meshing parameters to obtain the accurate 3D mor-
phology, which can be used as input for electromagnetic
simulations. We demonstrate that the developed workflow is
independent of prior data treatment and, therefore, highly
robust. We hope that our work encourages researchers to
put more emphasis on extracting accurate morphological in-
formation on systems such as the small gaps in the gold
dimers studied here. Since our developed strategy is applica-
ble to any material, it provides an important stepping stone
for determining quantum effects in plasmonic systems and
beyond.

II. MATERIALS AND METHODS

A. Synthesis of gold NPs
1. Chemicals
further

All starting materials were used without

purification. Cetyltrimethylammonium chloride (CTAC,
25wt. % in water), -cetyltrimethylammonium bromide
(CTAB), and hydrogen tetrachloroaurate trihydrate

(HAuCly - 3H,0, >99.9%) were purchased from Thermo
Scientific. Silver nitrate (AgNO;, >99.0%) and l-ascorbic
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acid (=99%) were purchased from Carl Roth. Milli-Q grade
water (resistivity 18.2MQcm at 25°C) was used in all
experiments.

2. Growth to 50 nm gold NPs

The 50 nm gold NPs were synthesized according to a
recently reported method [57]. Briefly, 1 L of a 25 mM
CTAC solution was prepared, and 10 mL of a 50 mM HAuCly
(0.5 mM) solution was added under stirring at room tempera-
ture. After 30 min, 4.5 mL of a 100 mM ascorbic acid solution
was added to the mixture, which led to color change from
yellow to pale yellow. In the next step, small volumes (25-50
uL) of the 100 mM ascorbic acid solution were added to
reduce ~99% Au* ions to Au™. This process was monitored
via the decrease in absorbance at 320 nm (i.e., corresponding
to Au*T-CTAC complex absorbance band maxima) until it
reached a value close to 0.04 (cuvette of 1 cm path length).
Then 600 uL of a 10 mM AgNOj; solution (0.025 mM) and
174 uL of 9.5 x 4.8 nm gold nanorods ([Au’] = 7.9mM;
nanorods were synthesized according to a modified protocol
described by Gonzalez-Rubio et al. [58]) were used as seeds to
trigger the formation of single-crystal gold NPs. The reaction
mixture was stirred until 65 °C was reached, the stirring mag-
net was removed, and the reaction vessel was left undisturbed
in an oven at 65 °C overnight. The reaction mixture turned
red, indicating the formation of gold NPs. The synthesized
NPs were centrifuged at 6600 rpm for 20 min and redispersed
with a 2 mM CTAC solution. This step was repeated twice.

B. Nanodimers colloidal assembly
1. Chemicals

All starting materials were used without further purifica-
tion. CTAB (96%), benzene 1,4-dithiol (BDT), and ethanol
were purchased from Sigma-Aldrich. Milli-Q grade water
(resistivity 18.2 M2 cm at 25 °C) was used in all experiments.

2. Self-assembly of gold NPs

The gold NPs were colloidally self-assembled using a
modified protocol by Goppert et al. [59]. Here, 1.3 x 1078 M
of CTAB capped gold NPs, 50 nm in diameter, were used as a
stock solution. Also, 139 uL of stock solution was diluted by
adding 5 mM CTAB solution to 10 mL fresh Milli-Q water.
Further, 425 uL of the obtained diluted gold NP solution was
transferred to a glass vial and placed on a magnetic plate under
continuous stirring at ~400 rpm. Then 750 pL of Milli-Q
water was added, followed by 10 uL. of 5 mM CTAB solution
and 340 pL of 10 mM BDT in ethanol. Additional ethanol
was finally added to destabilize the CTAB capping agent and
favor the ligand exchange. The reaction was quenched by the
addition of 2 mL of 5 mM CTAB solution. The volume of
added ethanol was varied, and the rate of agglomeration was
followed in real time by ultraviolet-visible (UV-VIS) spec-
troscopy. Time-resolved UV-VIS spectra of the process can
be found in Fig. S1 in the Supplemental Material [60]. The
highest dimer yield was found for the addition of 350 mL
of ethanol and waiting 12 min before quenching the reac-
tion. Here, 20 uL of the solution just before quenching was
dropcasted on a TEM grid previously cleaned by 10 min of

UV-ozone. The TEM grids used were 50 nm silicon diox-
ide membranes with nine windows of 100 x 100 um from
SimPore.

C. Electron tomography

HAADF-STEM and ET were performed using an
aberration-corrected Thermo Fisher Scientific Titan micro-
scope, operated at 300 kV with a screen current of 42 pA.
Images were acquired with a Fischione M3000 HAADF-
detector using a convergence semiangle of 19.4 mrad and
collection angles ranging from ~83 to 200 mrad. A camera
length of 115 mm, magnification of 640 000x, and pixel size
of 137 pm were used. Images were acquired with a dwell
time of 3 us and a frame time of 4 s. For the ET experi-
ments, images were acquired with « tilts from —66° to 4+-66°
with 2° steps. The electron beam was blanked in between
successive acquisitions. The acquisition time for a full to-
mographic tilt series was ~30 min. Subsequently, another
tilt series (from —66° to 4+66° with 2° steps) for the same
particle was acquired to investigate the stability over time
and upon illumination by the electron beam. HAADF-STEM
images before and after the acquisition of the tilt series were
compared to evaluate possible damage caused by the electron
beam.

D. Reconstruction of tomography data

As previously introduced, the 2D projections serve as in-
put for reconstruction algorithms to retrieve the 3D shape.
The acquired 2D projection images were first aligned us-
ing a cross-correlation-based algorithm. After alignment, the
background was removed by subtracting the median of the
intensity histogram, followed by detector shadowing and cup-
ping artifact compensation. The cupping correction utilizes
an algorithm based on Van den Broek et al. [61]. The cor-
rected projections then serve as input for the reconstruction
algorithms. In this work, two reconstruction algorithms were
investigated: total variation minimization (TVM) and expec-
tation maximization (EM). EM reconstructions were based on
the implementation included in the ASTRA toolbox [62], and
we used 15 iterations to avoid overfitting to noise [20]. TVM
reconstructions were performed using the Chambolle-Pock
algorithm with isotropic TV regularization, a non-negativity
constraint and L2 data-error norm [63]. The algorithm was
implemented based on GPU-accelerated primitives from the
ASTRA toolbox [62] and PyTorch [64]. For these TVM recon-
structions, the number of iterations was set to 1000, and the
TV regularization weight was set to 3 x 10~*. These parame-
ters were optimized based on simulated reconstructions.

E. Simulation of STEM projections

To test our gap determination workflow, we simulated 2D
HAADF-STEM projection images of a gold dimer system
with a known gap size. To ensure that our simulated images
closely resembled experimental STEM data, we accounted
for inherent noise and imaging artifacts commonly present in
electron microscopy. Key sources of artifacts include Gaus-
sian blurring caused by defocus and astigmatism as well as
Poisson noise, which arises due to the discrete nature of elec-
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tron detection. Additionally, background signal contributions
from the sample support were incorporated to create realistic
STEM image simulations. The simulation flow is summarized
in the scheme in Fig. S2(a) in the Supplemental Material
[60]. The simulated STEM images were generated by forward
projecting (c.2) a voxelized model of two gold NPs (c.1),
each with a diameter of 50 nm and varying the gap distances,
using the ASTRA toolbox (version 2.1.0) [62]. Gaussian blur-
ring was applied to each projection using a Gaussian filter.
Background signal levels were estimated from experimental
data by analyzing the mean intensity of the sample support
in HAADF-STEM images. This background was then added
to the simulated projections. Finally, Poisson noise was in-
troduced. The variance of the noise was manually optimized
to match the noise level of experimental images. To validate
the accuracy of the noise modeling in our simulated data, we
compared line profiles from both simulated and experimental
projections. As illustrated in Fig. S2(c) in the Supplemen-
tal Material [60], both line profiles show strong qualitative
agreement, confirming the fidelity of the simulations. The
small deviation arises because the simulation does not include
the cupping artifacts present in the 2D experimental images.
However, these artifacts are corrected during reconstruction;
therefore, they do not represent a problem. Similarly, the
histograms of the 3D reconstruction, shown in Fig. S2(b)
in the Supplemental Material [60], display the same distri-
bution. The differences in intensity are merely a matter of
normalization.

In this manner, we simulated HAADF-STEM projection
images of different dimer configurations: (1) using perfect
spheres with a radius of 23 nm and gap varying between 1.09
and 0.55 nm; (2) a dimer with one sphere of 23 nm and the
other of 30 nm in radius and a gap size of 0.82 nm; and
(3) a dimer based on the voxelized experimental structure to
account for asymmetric and not perfectly spherical particles
with a gap of 0.68 nm. The somewhat arbitrary gap values
chosen above resulted from the finite pixel size, for which we
chose the same value as in the experiment (0.14 nm).

In this study, advanced TEM simulation methods, such
as the multislice approach, were not employed, as our focus
was not on atomic resolution imaging or quantitative image
intensities.

F. Surface meshing of tomography data

We followed the workflow of Dieperink et al. [20] to
generate a surface mesh from experimental and simulated
ET data. Before segmentation, a Gaussian filter was applied
to smooth the reconstruction. The degree of smoothing in
terms of pixels, denoted by oy, is provided throughout the
text and varied from oy, = 0 (no smoothing) to oy, = 4. The
smoothed reconstructions were then segmented using either
the Otsu method or a fraction of the Otsu threshold value.
Afterward, the voxelized structure was converted into a sur-
face mesh using the marching cubes algorithm implemented
in the scikit-image library [65,66]. Then to ensure a realistic
computing time for electromagnetic simulations, the mesh
needed to be simplified. We realized that the method used for
mesh simplification made a critical difference for the relia-
bility of the boundary element method (BEM) simulations.

For the dimers with sub-nanometer gaps, we found that the
approximate centroidal Voronoi diagram (ACVD) algorithm
performed best for mesh simplification. This method per-
forms remeshing via Voronoi clustering, producing a more
uniform distribution of triangles across the surface com-
pared with other methods, such as the fast simplification
algorithm, at the expense of potentially smoothing surface
features. We applied this algorithm via the pyacvd module
based on the work by Valette ef al. [67]. We believe that the
method works particularly well for the dimer case, as it favors
uniform meshing, which is important to prevent numerical
artifacts stemming from elongated mesh elements common
in boundary and finite element method simulations. This is
particularly important for the gap region, where only a few
mesh elements significantly contribute to the overall optical
response.

To demonstrate the difference in mesh simplification, we
compare the quality of the meshes obtained using ACVD
and the fast simplification algorithm for a simulated dimer
in Figs. S3 and S4 in the Supplemental Material [60]. The
meshing procedure was tested on the voxelized structure
used as input for the STEM simulation, as explained in the
previous paragraph. The resulting meshes from the different
mesh simplification algorithms led to visibly different opti-
cal scattering spectra (Fig. S3 in the Supplemental Material
[60]). We observed excellent overlap with the ground truth
for the mesh simplified via ACVD, while a big discrepancy
was observed for the fast simplification algorithm. The rather
small gap difference (given in the legend in Fig. S3(a) in the
Supplemental Material [60]) for the fast simplification mesh
alone could not explain the significant deviation in optical
response. This was confirmed by additional simulations using
the extracted gap size and letting MNPBEM create its own mesh
(blue lines in Fig. S3 in the Supplemental Material [60]). In
this case, the overlap for the ACVD was excellent (dotted
lines in Fig. S3 in the Supplemental Material [60]), but for
the fast simplification method, the resonances differed by
~200 nm (dashed lines in Fig. S3 in the Supplemental Ma-
terial [60]). This suggests that the fast simplification method
introduces numerical inaccuracies due to a less homogeneous
mesh. Furthermore, we noticed that the gap size after mesh-
ing as a function of segmentation threshold changed more
smoothly for the ACVD method than the fast simplification
method, both for the simulated (Fig. S4(a) in the Supplemental
Material [60]) and experimental data (Fig. S4(b) in the Sup-
plemental Material [60]). Plotting the mesh elements in the
gap region indeed showed distorted mesh elements for the fast
simplification method compared with the ACVD (Fig. S4(c)
in the Supplemental Material [60]). Therefore, we believe that
the ACVD mesh simplification is a more reliable method for
the gold dimers, and for the rest of this work, we consistently
use ACVD for mesh resampling. The target number of faces
was set to 6000.

G. BEM optical simulations

The MATLAB MNPBEM toolbox was used to simulate
the optical properties of gold dimers [21]. This method
solves Maxwell’s equations for objects with homogeneous
and isotropic dielectric properties separated by sharp inter-
faces. In this method, only surfaces of the objects need to be
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discretized, which leads to comparatively high convergence
with low computational cost [20]. The inputs required for
these simulations include the dielectric environment and the
exact morphology of the object in the form of a surface mesh.
In this work, the key parameters are the size and shape of the
gold NPs and the gap size between them.

The dielectric constant of gold was taken from McPeak et
al. [68]. For the surrounding medium, a constant refractive
index of 1.334 was set. This value corresponds to the water
immersion oil that we typically use in our experimental setup.
The dimers were excited with a plane-wave with circularly
polarized light propagating in the z direction. The scattering
plots shown in Figs. 2 and 5 are plotted for only left circularly
polarized light, whereas in Fig. 1 the sum of left- and right-
circular polarization is plotted, which has only an influence
on the intensity and not on the spectral dependence. A full
(retarded) Maxwell’s equations solver was used.

H. Convolution fit

To retrieve the gap size from the reconstructed dataset, we
fitted a convolution of a Gaussian function and a step function
to the extracted line profile. Equations (1) and (2) describe the
Gaussian function and the step function, respectively, while
Eq. (3) represents their convolution. In Eq. (1), A is the peak
height of the Gaussian function, u is the mean or center of the
Gaussian distribution, representing the location of the peak.
Here, op; is the standard deviation of the Gaussian function,
controlling its width. A larger og corresponds to a wider
Gaussian, which in our case is related to the smoothing oy
that we applied to the reconstruction together with the exper-
imental noise. Naturally, os > osn, as shown in Fig. S5 in
the Supplemental Material [60]. In the step function equation,
Eq. (2), the parameters are the following: Iy, is the intensity
on the left side of the gap before the step position, I is the
intensity between the step positions in the gap area, Iy is the
intensity on the right side of the gap after the step position,
and x and x3 are the positions where the step changes from
one intensity to another and, therefore, the difference between
them represents the gap size. Finally, the result of the convo-
lution at position x represents the combined effect of the step
and Gaussian functions.

The Gaussian was centered on the step function to ensure
symmetric convolution around the transition point and avoid
skewing from zero padding. To improve fit quality, the ex-
perimental data were interpolated and resampled to match the
number of points in the Gaussian. The fitting process was
then carried out using linear least squares minimization for
o, Iy, Iur, and Ir.. The positions of the left and right steps
were optimized using grid search, where the step function was
shifted pixel by pixel across the data, and for each shift, a
fit was performed. The fit with the lowest error was selected.
To improve convergence, initial parameter estimates were ob-
tained by independently fitting two logistic functions to either
side of the gap, as shown in Fig. S6(c) in the Supplemental
Material [60]. The inflection points of these logistic functions
provided an estimate of the gap position, while the maximum
and minimum on each side were used to estimate Iy, Iur,
and Ir.. A logistic function was chosen, as it is a sigmoid
function with a qualitative behavior similar to the convolution

of a Gaussian and a step function. This similarity allows it
to provide a good initial guess for the subsequent fitting step.
Details of the initial parameters together with the constraints
on their lower and upper boundaries used for the convolution
fitting are summarized in Table S1 in the Supplemental Mate-
rial [60]. The equations are as follows:

L exp [——(x — “)2} 1)
\/Eaﬁt Zatizt 7

IHL if x <XE
Sx) =1L

IHR if x 2 )Clg
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III. RESULTS AND DISCUSSION
A. 2D and 3D experimental data

The aim of this work is to establish a workflow for
determining the size of a sub-nanometer gap between two
(plasmonic) NPs with high accuracy, ideally on the order of
the chosen pixel size, to simulate the optical properties of
this dimer as precisely as possible. Figure S7 in the Supple-
mental Material [60] demonstrates why this is important. The
presented simulated scattering spectra for gold dimers with
a diameter of 50 nm highlight the strong dependence of the
optical response on the exact size of the gap, particularly for
sub-nanometer gaps. In the rest of the study, we focus on
dimers of gold NPs separated by a bridge of organic ligands,
in our case, the molecule BDT. This model system was chosen
for two main reasons: (1) Gold is a very common plasmonic
material and is stable under the electron beam, allowing us
to test different acquisition parameters without the concern
of electron beam-induced damage. (2) BDT exhibits a robust
binding affinity to gold surfaces on both sides of its molec-
ular structure due to the presence of thiol moieties, which
facilitates the assembly of colloidal gold NPs into dimers. A
solution of such dimers was prepared by introducing BDT into
a solution of CTAB-capped gold NPs. Due to the stronger
binding affinity of BDT than CTAB to gold surfaces, the
native ligands were replaced by BDT, leading to the self-
assembly of NPs into dimers (Au-BDT-Au dimers) with a
yield ~30% (details in the Sec. II, Fig. S1 in the Supplemental
Material [60]). For this system, we expected a gap size of
~0.6-0.9 nm, which is the size range of the BDT molecule
length reported in the literature. Molecular mechanics force
field calculations determined the length of the BDT molecule
to be 0.846 nm when placed between gold atoms [69]. In
another study, using chemistry drawing software, the length of
a BDT molecule between two sulfur groups was determined
to be 0.65 nm, whereas the length of a molecular junction of
BDT between gold atoms was found to be 0.84 nm [70]. The
exact gap size depends on the number and orientation of the
BDT molecules in the junction. When a double layer of BDT
forms, the gap was estimated to be 1.22 nm [71]. Addition-
ally, from TEM images of gold nanocube dimers connected
by BDT single-molecule junctions, a length of 0.67 nm was
estimated [49].
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FIG. 1. Analysis of STEM images of two consecutive experimental tomography series of the same gold spheres dimer at tilt angles between
+66°. (a) STEM images at two tilt angles, along with the corresponding binarized images overlayed: Otsu (red), mean (blue), and minimum
(yellow). (b) Histogram of the STEM image at 0°, showing the threshold positions for the different binarization algorithms. (c) Extracted
gap sizes from the binarized images for the three different threshold methods and two consecutive data acquisitions. (d) Simulated scattering
spectra for the 3D shapes obtained from three representative angles and the different binarization algorithms.

To assess the gap size between particles, we began by
analyzing 2D HAADF-STEM images taken at different holder
tilt positions, i.e., along different viewing directions. Fig-
ure 1(a) shows two images captured at different angles for a
representative dimer. Qualitatively, no significant difference
can be observed between the two images taken along 0° and
—66°. To extract the gap size for the investigated dimer from
such 2D images, a conventional approach is to segment the
particles by applying a global thresholding method. Subse-
quently, the gap can be determined in the resulting binary
image. Global thresholding algorithms apply a single inten-
sity threshold based on the intensity histogram of all pixels,
thereby separating the foreground from the background. The
threshold value determined depends on the chosen segmenta-
tion method. Here, we compare three popular algorithms: the
minimum [72], mean [72], and Otsu [73] methods. The latter
is defined as the value that maximizes the interclass variance
in the intensity histogram. The mean method uses the mean
intensity as a threshold value, whereas the minimum method
selects the value corresponding to the minimum between the
peaks in the intensity histogram. An example of a pixel inten-
sity histogram and threshold position for the three methods is

shown in Fig. 1(b) for the HAADF-STEM image of the gold
dimer at 0°.

Next, 2D HAADF-STEM images of the gold dimer with
different tilt angles were segmented using the three described
methods. In Fig. 1(a), the overlayed STEM and segmented
images are shown. From this qualitative comparison, it is
already obvious that this approach did not result in an accurate
determination of the gap size. For the Otsu and mean thresh-
olds, the segmented particles were clearly smaller than the
particles in the STEM projection. For the minimum threshold,
the opposite seemed to be the case. Figure 1(c) shows the
problem quantitatively. Here, we extracted the gap between
the particles based on the three different thresholding algo-
rithms and for many projection angles (every 2° from —66°
to 66°). The procedure to extract the gap was as follows:
Once an image was segmented using one of the three seg-
mentation methods, the gap was determined as the smallest
distance between nonzero pixels using the exact Euclidean
distance transform (EEDT). For each pixel in the segmented
background, this function computes the shortest distance to
the foreground segmentation. The smallest possible distance
is then selected as the estimate of the gap size. An illustra-
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tive representation of the process is sketched in Fig. S8(a)
in the Supplemental Material [60]. Alternative methods such
as fitting two circles and extracting the gap from the radius
did not work since the particles were not perfectly spherical
(Fig. S8(b) in the Supplemental Material [60]). As shown in
Fig. 1(c), we obtained highly varying gap sizes ranging from
0.5 to 3.5 nm, although all of the analyzed images stemmed
from the same gold dimer.

We conclude that 2D data are not suitable for reliably
determining the gap size. One reason is that 2D STEM images
are projection images, which overlook the 3D nature of the
nanostructure. For example, if a dimer is not lying flat on the
support, the projected gap would be different for different pro-
jection angles. However, for particles of similar size as in our
case, which are expected to lie flat on the support, we believe
that the dominant error factor stems from the segmentation
methods. In fact, we recently showed that, even for simpler
systems, such as single gold nanorods, these segmentation
algorithms do not work reliably for 2D HAADF-STEM data
[20]. The reason is that the thickness-dependent HAADF-
STEM signal produces a rather skewed histogram without
a clear separation between the foreground and background
peaks, making it challenging to perform image segmentation
[Fig. 1(b)]. Additionally, changes in background intensities,
such as detector shadowing at high tilt angles or carbon con-
tamination buildup, further influence the segmentation. This
is likely part of the reason for the curved trend in Fig. 1(c)
and the different results for different acquisitions on the same
dimer [different symbols in Fig. 1(c)]. Ultimately, the inac-
curacies in the estimated gap size makes it impossible to
predict the optical properties of the gold dimer and prevents
meaningful comparisons with spectroscopy data. We demon-
strate this in Fig. 1(d), where we used the extracted gap sizes
from Fig. 1(c) at three different angles for the three different
segmentation methods and simulated the far-field scattering
cross-sections for two spherical Au NPs with the correspond-
ing gaps. Unsurprisingly, the spread in gap sizes resulted in
significant shifts in the simulated scattering spectra, Fig. 1(d).
The simulations were performed using the BEM, as imple-
mented in the MNPBEM toolbox (more details in Sec. I1 C).

One way to overcome the segmentation limits for 2D
HAADF-STEM data is by using ET. We have recently shown
that 3D voxel histograms are better suited for segmenta-
tion tasks [20]. Therefore, we used the acquired tilt series
presented in Fig. 1 as input to reconstruct the 3D morphology
of the system. Indeed, also for the gold dimer system, per-
forming a 3D reconstruction of the input projection images
improved the separation of the foreground and background
voxels (Fig. S9 in the Supplemental Material [60]). Voxel
stands for volume element and represents the 3D equivalent
of a pixel. It should be noted that we confirmed that the Au
NPs did not change or move relative to each other under
illumination by always acquiring two consecutive tilt series
per dimer (Fig. S10 in the Supplemental Material [60]).

Although tomography helps with the segmentation pro-
cess, extracting an accurate dimer gap size from the 3D dataset
remains nonstraightforward. One of the first considerations
in this process is the choice of an appropriate reconstruction
method. We have recently shown that, for the reconstruction
of metal NPs [20], TVM outperformed other common meth-

ods, such as the EM algorithm. TVM performed better in the
case of isolated NPs because it utilizes prior knowledge about
the smoothness of the object. EM, on the other hand, does not
make use of prior knowledge about the object itself but only
about the type of noise in the system, and it is particularly
well suited for Poisson-distributed data such as STEM data.
We compared both reconstruction algorithms for our dimer
gap system. Details about the reconstructions can be found in
Sec. II D. Slices through the middle of the two different recon-
structions of the dimer from Fig. 1 are displayed in Fig. 2(a).
The corresponding overlayed 3D visualizations are shown in
Fig. 2(b). As expected, the TVM reconstruction outperformed
EM in preserving the shape of the particles along the missing
wedge direction (here, the z direction). However, since the
TVM algorithm favors smoothness of the reconstructed ob-
ject, we observed that the gap between the particles tended to
get filled, resulting in a region of higher voxel intensities in the
gap area, an effect not observed in the EM reconstruction. This
is clearly demonstrated in the comparison of the line profiles
shown in Figs. 2(a.3) and 2(a.4).

To extract the size of the gap from these reconstructions,
they were segmented using the Otsu threshold method, which
we found to be the most robust for ET reconstructions [20].
We anticipated that the gap size is significantly influenced
by the noise in the reconstruction, which propagates into the
segmentation. Given that the pixel size in the HAADF-STEM
images and consequently the voxel size in the reconstruction
were 0.14 nm, a 1 pixel difference due to noise artificially
alters the gap size. Therefore, the data were smoothed using a
Gaussian filter after reconstruction to reduce the local noise.
We then applied the same EEDT as described above but now
in 3D to extract the gap size from the segmented reconstruc-
tions. The results are presented in Fig. 2(c), showing the gap
size as a function of the standard deviation for the Gaussian
filter (ogm). When no data point is displayed for a particular
Osm, it indicates that the segmentation resulted in the connec-
tion of the two spheres, and no gap could be identified. The
same approach of smoothing the data could have also been
explored for the 2D case. However, this work focuses on the
3D case, as it is more promising.

In Fig. 2(c), the spread in gap sizes was significantly re-
duced when using 3D reconstructions for segmentation rather
than 2D HAADF-STEM images. However, the extracted gap
size was influenced by the degree of smoothing applied
to the reconstruction. For the TVM reconstructions (purple
symbols), the extracted gap size decreased with increasing
smoothing. That is expected since the TVM algorithm led to
higher voxel intensities within the gap, enhancing the apparent
connection between the spheres. As a result of smoothing, the
gap size was further reduced. For the EM reconstructions,
the extracted gap size started with a small value when no
smoothing was applied and increased up to a smoothing level
of 2, after which it decreased again. A likely explanation for
this volcano trend is the following: Without smoothing, the
extracted gap size was dominated by noise, resulting in an
artificially small gap size due to misclassified voxels. Smooth-
ing decreased the noise and therefore the influence of such
misclassified voxels, resulting in a larger gap size. Of course,
for stronger smoothing (and our voxel size of 0.14 nm), the
gap decreased again due to blurring effects.
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FIG. 2. Analysis of experimental ET data obtained from the same gold dimer as shown in Fig. 1. (a) Slices along the xz plane and xy plane
of 3D reconstructions obtained by (a.1) TVM (purple) and (a.2) EM (salmon) algorithms. Corresponding line profiles along the gap in the x
direction are shown for the TVM and EM reconstructions in (a.3) and (a.4), respectively. (b) The BEM mesh input is visualized across the yz
plane, with meshes obtained from the EM (salmon) and TVM (purple) reconstructions overlaid in a semitransparent manner. (c) The extracted
gap from each reconstruction is shown. The gap is defined as the smallest Euclidean distance between the two particles after binarizing the
data using Otsu’s thresholding method. The reconstructions were smoothed with different values of oy, before segmentation. (d) Simulated
scattering spectra using the mesh obtained from EM and TVM reconstruction smoothed with oy, = 1 and 2 as input.

Ultimately, to link a specific geometry of the dimer system
to, e.g., optical measurements, electromagnetic simulations of
the optical properties need to be performed. The BEM method
that we used in Fig. 1 can also be applied to the 3D case,
keeping in mind that the BEM method requires a surface
mesh of the 3D system as an input. This can be done in two
manners: (1) approximation through a model system using
perfect spheres and (2) direct surface mesh generation from
the input tomography data. The first approach involves using
the extracted gap size, Fig. 2(c), and the radius obtained by
fitting two spheres to the voxelized data. Although it is simpler
and computationally efficient, this method does not capture
deviations in particle morphology. The NPs are rarely perfect
spheres and, in our case, surface facets can indeed be seen
in Fig. 2(a). The nonspherical geometry also led to artifacts
when approximating the sphere diameter and sometimes to
overlapping spheres for small gap sizes, see Fig. S8(b) in
the Supplemental Material [60]. Therefore, we recommend
the second approach, which involves creating a surface mesh
directly from the 3D tomographic reconstruction. Although
it is significantly more challenging, this approach is more
accurate, as it incorporates the actual morphology of the in-
vestigated NPs. We followed the workflow of Dieperink et al.
[20]. First, we segmented the reconstruction. Related to the
discussion surrounding Fig. 2(c), we compared o5, = 1 and 2,
using the Otsu method for thresholding. The segmented data

were then transformed into a surface mesh with a low enough
number of faces to perform the BEM simulations in a rea-
sonable time. To achieve this, a combination of the marching
cube and ACVD mesh simplification algorithms was used, as
detailed in our previous work and Sec. II F [20]

In Fig. 2(d), simulated scattering spectra, using the mor-
phology of the mesh structure obtained from EM and TVM
reconstructions after applying Gaussian smoothing of 1 and
2 as input, are displayed. Although less spread than for
the 2D case, differences in the simulated spectra for the
different reconstruction methods and smoothness can be ob-
served. We attribute these differences to three main factors:
(1) variations in the extracted gap size after segmentation [as
displayed in Fig. 2(c)], (2) modifications of the gap size due
to mesh simplification, and (3) deviations in the reconstructed
NP morphology, Fig. 2(a). All of these effects are inter-
twined. From Fig. 2(b), we know that the gap size differs by
~0.3 nm between the TVM- and EM-based Otsu-segmented
reconstructions for oy, = 1. A blueshift in the scattering
spectrum is expected for an increasing gap size. Indeed, the
scattering spectrum obtained from the TVM reconstruction
was blueshifted [solid purple line in Fig. 2(d)] compared with
the EM reconstruction (solid salmon line). The main differ-
ence for oy, = 1 was therefore likely dominated by factor (1).
However, quantitatively, we would expect a larger blueshift
for a gap-size difference of 0.3 nm, indicating that the other
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factors also play a role. The case was even more complex
for oy = 2, as the gap measured after segmentation was the
same for the two Otsu-segmented reconstructions, Fig. 2(b),
yet the simulated scattering spectra differed [dashed lines in
Fig. 2(c)]. In this case, factors (2) and (3) seem to have caused
the observed differences.

It is important to note that mesh simplification unavoidably
introduced small deviations in the morphology of the dimer.
Since the scattering response of dimers is highly sensitive
to sub-nanometer variations in the gap size, these morpho-
logical differences can significantly impact the final results.
To better understand the influence of mesh simplification,
we extracted the gap sizes at the two different stages of
the pipeline [Fig. S11(a) in the Supplemental Material [60]):
after segmentation (in voxel space) and after mesh simplifica-
tion. We observed that mesh simplification led to a slightly
smaller gap for the TVM reconstructions, whereas the gap
for the EM reconstructions increased. This effect reduced
the difference in apparent gap size for oy, = 1, explaining
the unexpectedly small spectral difference in Fig. 2(d). For
osm = 2, meshing resulted in a smaller gap of the TVM re-
construction, supporting the observed redshift compared with
the EM reconstruction. It is important to note that the quality
of the mesh after mesh simplification played a critical role
in achieving reliable electromagnetic simulations, as detailed
in Sec. ITF. Due to the small features in the gap region that
dominate the optical response for these dimers, it is important
to avoid distortions and significant size differences in the mesh
faces (Figs. S3 and S4 in the Supplemental Material [60]).

Next to differences in gap size, changes in morphology can
also contribute to the observed differences in the simulated
scattering spectra [factor (3)]. ET is well known to suffer from
the so-called missing wedge artifact. This artifact stems from
the physical constraint in the pole piece gap of an objective
lens, which limits the tilt range of holders. For an ideal re-
construction, a tilt range of +90° would be required, which
is not achievable in practice. The missing angular information
results in blurring and lemon-shaped artifacts perpendicular
to the sample support plane. This can be clearly seen in the
xz slices through the reconstruction shown in Fig. 2(a). The
effect is more drastic for the EM reconstruction because the
prior knowledge used in TVM helps to suppress these artifacts
effectively. The overlay of both reconstructions after meshing
in Fig. 2(b) clearly shows a pronounced elongation in the
z direction for the EM reconstruction (salmon). This also
resulted in a slightly larger volume of the EM reconstructions
compared with the TVM ones (Fig. S11(b) in the Supplemen-
tal Material [60]). Finally, to investigate how the elongation
caused by the missing wedge influences the simulated optical
properties, scattering spectra were simulated for different gap
sizes and varying ellipticities of the particles (Fig. S12 in the
Supplemental Material [60]). We observed that the missing
wedge effect, manifesting itself as an elongation along the z
direction, would lead to a small redshift of the gap plasmon
resonance. These results suggest that factor (3) influenced the
simulated scattering spectra the least compared with factors
(1) and (2).

Together, all three factors explain the differences in the
simulated scattering spectra. Figure 2, therefore, tells us that
only a good combination of smoothing and segmentation re-

sults in the correct size of the gap and accurate simulated
scattering spectra. However, for experimental data, these pa-
rameters are unknown. Rather than relying on the combination
of the optimal parameters for smoothing and segmentation,
one would ideally apply a method that can determine the gap
size while being insensitive to the values of any processing
parameters like smoothing. If the gap can be reliably deter-
mined, then the segmentation and meshing can be adjusted to
ensure the determined gap size is preserved. In the following,
we propose a procedure to precisely determine the interpar-
ticle gap, allowing us to minimize these uncertainties for the
experimental data.

B. Simulated data and convolution method

The challenge in evaluating the experimental data pre-
sented in Figs. 1 and 2 is that the exact size of the gap is
unknown. To address this issue, we simulated ET data for
dimers of gold NPs with known varying interparticle gap
sizes. Details about the procedure of these simulations are
given in Sec. Il E. The same workflow as for the experimental
series above was used to reconstruct the 3D morphology from
the simulated tilt series. In the above section, it became evi-
dent that the choice of data processing pipeline is crucial for
the final gap size estimation, even with ET data. To address
this issue, we developed a robust model to retrieve the gap
size through fitting of the ET data. Fitting is always an elegant
solution to extract quantitative information, as it incorporates
the knowledge about the physical system. In our case, we
extracted line profiles along the direction of the gap for the
central slice of the reconstruction. We then fitted the line
profiles on the basis of the following assumptions. In a slice
through a 3D reconstruction, the intensity is not a function
of thickness, as is typically the case for 2D HAADF-STEM
images. Therefore, in the ideal case, without any type of noise
or image artifacts, the gap would look like a perfect step func-
tion. However, 3D reconstructions are affected by different
artifacts, primarily microscope aberrations and image series
misalignment, whose combined effect can be approximated
by Gaussian-shaped point spread function [74]. Based on
this, we propose fitting the line profile along the gap of the
reconstruction using a convolution of a step function and a
Gaussian blur kernel. This approach allows the gap size to be
extracted from the step function component. The underlying
workflow is described in the following.

The first step in the workflow was to find the center slice
through the reconstruction, which was done for the bina-
rized data and then applied to the nonbinarized data (before
segmentation). Thereby, we ensured that the fitting was per-
formed along the smallest gap distance. The position of the
line profile was determined by applying the EEDT to the
binarized data, which identified the z and y coordinates of
the closest two pixels. From these closest pixels, line profiles
were extracted along the x direction, i.e., the gap direction. To
account for local variations in the gap region, the position of
the line profile was shifted within a range of £3 pixels in each
direction around the smallest distance between the two closest
pixels (see Fig. S6(a) in the Supplemental Material [60]). The
fitting procedure was performed on the average line profile
(Fig. S6(b) in the Supplemental Material [60]). It should be
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FIG. 3. Convolution fit applied to the simulated series of a dimer, reconstructed using the EM (salmon) and TVM (purple) algorithms. A
representative convolution fit is illustrated for the EM reconstruction with applied smoothing of oy, = 0 in (a) and oy, = 1 in (¢). In (b), a
representative convolution fit is shown for the TVM reconstruction with applied smoothing o, = 1. In (d), the extracted gap from each fit
is plotted in salmon (EM reconstruction) and purple (TVM reconstruction) after applying different levels of smoothing. The ground truth for
the simulated known gap (0.68 nm) is represented by the blue line. The light blue region indicates the tolerance corresponding to the pixel

size +1.

noted that this approach might lead to misestimation of the
gap direction in case of significant size differences between
NPs and/or highly uneven substrates, where the gap is no
longer aligned along one of the axes. For the NP sizes and
substrates analyzed in this work, the gap direction was always
along the x axis, but the approach proposed here is straight-
forward to generalize to arbitrary gap directions.

The next step in the procedure was fitting the average line
profile with a convolution of a step function and a Gaussian
function. It should be noted that noise in the reconstruction
might lead to small differences in the average intensity on
both sides of the gap. We thus allowed the step function to
have different heights on both sides of the gap. To improve
the convergence of the fitting, we estimated the initial param-
eters by fitting two logistic functions independently to both
sides of the gap, as shown in Fig. S6(c) in the Supplemental
Material [60]. The fitting process was carried out using the
least squares minimization method. Details can be found in
Sec. ITH.

Tilt series of HAADF-STEM data were simulated for dif-
ferent dimer configurations including realistic experimental
noise to test this workflow (see Sec. IIE for details). The
first system consisted of two perfect spheres (Fig. S13 in the
Supplemental Material [60]), each with a radius of 23 nm
and a gap size varying between 1.09 nm (upper row in Fig.
S13) and 0.55 nm (lowest row in Fig. S13). The second
configuration was a dimer with one sphere of 23 nm radius
and the other of 30 nm radius, separated by a gap of 0.82 nm
(middle row in Fig. S13). These initial tests demonstrated

that our fitting procedure could reliably reproduce the size of
the gap with one pixel accuracy, regardless of the smoothing
strength of the reconstructions or whether they were equally
and nonequally sized particles (see Fig. S13 in the Supple-
mental Material [60]). The fit results clearly produced more
accurate estimates than the classic Otsu segmentation, which
completely failed for very small gap sizes (Fig. S13(c.3) in
the Supplemental Material [60]) as well as for o, = 0 and
Osm > 3.

Since experimental systems are unlikely to be perfectly
spherical particles, we also generated a model system based
on a more realistic shape. To account for asymmetries and
deviations from ideal spherical shapes, we used the segmented
3D structure based on experimental results as the ground
truth. Using this segmented ground truth, we simulated an
HAADF-STEM tilt series (as detailed in Sec. IIE) to eval-
uate the suitability of the proposed convolution model. The
initially segmented gap size of the voxelized structure, which
was 0.68 nm for this specific reconstruction, served as the
reference. We already know that this is not the accurate gap
size of the experimental data, but it only serves here as a
known ground truth to test our fitting approach on a more real-
istic structure. Like Fig. 2, we applied different reconstruction
algorithms and smoothing strengths oy, to the reconstructed
dataset before the fit. In Fig. 3(a), the averaged line profile
along the direction of the smallest gap of the EM reconstruc-
tion for this generated ground truth is shown, along with the
fitted function for oy, = 0 (no additional smoothing). The
fit results for oy, = 1 for the TVM and EM reconstructions
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FIG. 4. Convolution fit applied to the experimental series reconstructed using EM (salmon) and TVM (purple) algorithms. A representative
convolution fit is illustrated for the TVM reconstruction with applied smoothing oy, = 0 in (a) and oy, = 2 in (b). In (c), a representative
convolution fit is shown for the EM reconstruction with applied smoothing o, = 1. The extracted gap sizes for each fit are summarized in (d).

are displayed in Figs. 3(b) and 3(c), respectively. Figure 3(d)
shows the extracted gap size from each fit. Unlike the results
obtained without fitting shown in Fig. 2, the fitted gap size
is insensitive to additional data preprocessing. Moreover, for
every ogy, we could extract the expected gap size (straight
blue line) within the accuracy of +1 pixel (£0.14 nm, light
blue box). The error was dominated by the pixel size and
error propagation from the fit barely increased it. Therefore,
our fitting approach offers a simple and reliable method to
extract the gap size that is independent of the data processing
pipeline before fitting. Furthermore, it can be applied to any
particle geometry, as it does not require prior knowledge of
the particle shape, as shown in Fig. 3. It should be noted that
this works particularly well if the gap is not located along the
direction of the missing wedge. Thus, an optimal alignment
of the dimer system before acquiring a tomography series is
essential for achieving the most reliable results.

C. Convolution on experimental data

Once the model was successfully validated on simulated
data, we applied it to the experimental reconstructions from
Fig. 2. As shown in Fig. 4, the model performed well on
experimental data, both for the TVM, Figs. 4(a) and 4(b),
and the EM reconstructions, Fig. 4(c). Independent of the
preprocessing, i.e., the reconstruction algorithm or applied
smoothing parameter oy, we extracted a very similar gap
size, as shown in Fig. 4(d). Excluding the gap size extracted
from TVM for o5y, = 0, the maximum difference in gap sizes
from the different fits was found to be 0.074 nm, which is only
half of the pixel size. Small discrepancies in gap size arose

for oy = 0 and large Gaussian blurring values (o, = 4) for
similar reasons as discussed in Fig. 2. For oy, = 0, single
voxel protrusions due to the nonsmoothed noise likely also
caused the larger fitting error for the extracted gap size for
EM. For TVM, the cause of the larger deviation for oy, = 0
was the intensity plateau in the gap region due to the nature
of the algorithm, which caused a mismatch with our model
as seen in Fig. 4(a). As shown in Fig. 4(b), this problem did
not occur for larger nonzero oyy. It is therefore advisable
to use slight smoothing of the reconstruction to avoid the
different effects for the different reconstructions. Nonetheless,
for all the different processing parameters, we extracted a gap
size within the pixel error. By averaging the gap values from
the TVM and EM reconstructions for oy, = 1, 2, and 3, an
average gap size of 0.87 nm was obtained. This result is in
excellent agreement with computational work on calculating
the length of the BDT molecules between gold atoms, which
resulted in 0.84—0.85 nm [69,70].

As explained earlier, a surface mesh is required as input for
BEM to simulate the optical properties. In the discussion sur-
rounding Fig. 2, the mesh determination was highly uncertain
due to ambiguities about the gap size. Due to the robustness
of the convolution fit, we can now take the average fitted gap
size (0.87 nm for this system) as the ground truth and adjust
the surface mesh such that it matches the fitted gap size. To
achieve this, the reconstruction was first segmented. For that,
we can again make use of our fit since the threshold value
can be estimated as the intercept of the convolution curve
with the step function. In the following, we will refer to this
as threshold fraction 6, = 1. A representative example of the
identification of 6, is shown in Fig. S6(d) in the Supplemental
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FIG. 5. (a) Comparison of the gap extracted using the EEDT applied to the voxelized data before (voxels) and after meshing for different
fraction of 6,, where 6, = 1 correspond to the threshold obtained from the fit. (b) Comparison of simulated scattering spectra for the meshed

EM and TVM reconstructions for the same gap size after meshing.

Material [60]. It is important to note, as discussed previously,
that the mesh simplification unavoidably introduces slight
deviations in the morphology. Since the scattering response
of dimers is highly sensitive to sub-nanometer variations in
the gap size, these differences can significantly impact the
final results. Therefore, to accurately interpret the scattering
spectra, it is essential to ensure that the gap size is the same
as that obtained from the convolution fit after meshing and
mesh simplification. Therefore, we compared the gap size
after segmentation based on the threshold obtained from the
convolution fit and after subsequent meshing and mesh sim-
plification.

In Fig. 5(a), the gap sizes extracted before and after
meshing, calculated by applying the EEDT, are reported for
different fractions of the convolution fit intercept threshold
;. As suspected, the gap changed after meshing, which was
even on the order of 0.2 nm in some cases. We noticed that
the size of the retrieved gap was systematically increasing
for EM reconstructions. On the contrary, for the TVM recon-
structions, the gap size was reduced or remained invariant. It
should be noted that changes in gap size can only be avoided
for a very large number of faces, which makes any electro-
magnetic simulations unfeasible. To estimate the effect of the
number of faces on the gap size, we simplified the meshes
to different numbers of faces (Fig. S14 in the Supplemental
Material [60]). We only saw a deviation for a very small
number of faces (1000) and observed no changes for 6000
faces (used for the simulations here) until 10 000 faces.

To avoid these issues, we propose an alternative solution:
The threshold value for the segmentation shall be fine-tuned
such that the gap size after meshing and mesh simplification
aligns with the value obtained from the fit, now considered
as the ground truth. As previously described, the gap size
from the fit was determined to be 0.87 nm by taking the
average of the value extracted from the fit for EM and TVM
reconstructions smoothed with a oy, ranging from 1 to 3. In
Fig. 5(a), the different lines correspond to variations in this
threshold value relative to the initial value 6, obtained from the
fit. For the studied dimer, the fitted gap size could be recovered
after meshing for a relative threshold value of 0.886, and

0.846, for the EM and TVM reconstructions, respectively.
The corresponding calculated scattering spectra are shown
in Fig. 5(b). The spectra overlap nicely, indicating that this
approach resulted in a good mesh representation of the mor-
phology and is a robust method for calculating the optical
response of a dimer of gold NPs independent of the exact
preprocessing parameters. Because of the missing wedge ef-
fect, the volume of the EM reconstruction was slightly bigger
than for the TVM reconstruction, a reproducible trend for any
fraction of 6, (Fig. S15(a) in the Supplemental Material [60]).
As expected for spherical particles, this volume difference
did not seem to modify the scattering response significantly,
which we believe to be therefore dominated by the gap size
after meshing. This is further demonstrated in Figs. S15(b)
and S15(c) in the Supplemental Material [60], where an in-
creasing fraction of 6, led to a gradual blueshift due to an
increase in gap size (Fig. S15(a) in the Supplemental Material
[60]). The overlap of the simulated spectra based on EM
and TVM reconstructions—when matching the gap size after
meshing—could also be reproduced for the simulated data,
where the calculated ground truth spectrum overlaps with
those from the reconstructions (Fig. S16 in the Supplemental
Material [60]). This provides additional proof that, with our
workflow, accurate simulated electromagnetic spectra can be
obtained without uncertainties about the morphology of the
input structure. This, in turn, enables careful comparisons
with experimental spectra in the future, making it possible to
fingerprint quantum effects in these systems.

IV. CONCLUSIONS

In this work, we first highlighted the limitations of 2D
(S)TEM imaging in accurately segmenting sub-nanometer
features, such as the interparticle gaps in plasmonic
nanosphere dimers studied here. We demonstrated that ET
significantly improved segmentation accuracy but introduced
uncertainties related to data processing. Specifically, the
extracted gap size depended on the chosen reconstruction
algorithm and the degree of smoothing applied. To address
these challenges, we developed an optimal workflow for ex-
tracting sub-nanometer gaps and converting the 3D data into a
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reliable surface mesh. We found that fitting a convolution of a
step function and a Gaussian function to line profiles from
tomography reconstructions produced consistent gap size
measurements. We validated this method using simulated data
and successfully retrieved the known ground truth gap sizes
with a pixel size level of accuracy (0.14 nm in our case). Once
the gap size was accurately estimated from fitting, we adjusted
the segmentation threshold in the tomography reconstruction
to ensure that the gap size was preserved upon meshing and
mesh simplification. The resulting surface mesh was used for
electromagnetic simulations of the optical response of the
gold dimer. We believe this approach is broadly applicable
to various gap sizes and material systems. Furthermore, re-
ducing the pixel size in experiments can further minimize the
error in gap size estimation. Accurately simulating the optical

properties of nanoscale systems with sub-nanometer preci-
sion will ultimately enable the design of plasmonic structures
with finely tuned optical properties, optimizing their perfor-
mance for specific functions. This capability is particularly
important for applications in catalysis, sensing, and quantum
optics.
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