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Directed atomic fabrication using an aberration-corrected scanning transmission electron
microscope (STEM) opens new pathways for atomic engineering of functional materials. In this
approach, the electron beam is used to actively alter the atomic structure through electron beam
induced irradiation processes. One of the impediments that has limited widespread use thus far has
been the ability to understand the fundamental mechanisms of atomic transformation pathways at
high spatiotemporal resolution. Here, we develop a workflow for obtaining and analyzing high-speed
spiral scan STEM data, up to 100 fps, to track the atomic fabrication process during nanopore milling in
monolayer MoS.,. An automated feedback-controlled electron beam positioning system combined
with deep convolution neural network (DCNN) was used to decipher fast but low signal-to-noise
datasets and classify time-resolved atom positions and nature of their evolving atomic defect
configurations. Through this automated decoding, the initial atomic disordering and reordering
processes leading to nanopore formation was able to be studied across various timescales. Using
these experimental workflows a greater degree of speed and information can be extracted from small
datasets without compromising spatial resolution. This approach can be adapted to other 2D
materials systems to gain further insights into the defect formation necessary to inform future
automated fabrication techniques utilizing the STEM electron beam.

The rapidly evolving landscape of science and technology demands
unprecedented precision in materials fabrication, pushing the bound-
aries of traditional manufacturing techniques. Atomically precise fab-
rication has emerged as a transformative approach that promises
unparalleled control over the structure and properties of materials at the
atomic scale. This precision is essential for unlocking breakthroughs in
diverse fields, including quantum sensing and communications'™
Recently, it has been shown that the electron beam can be used as an
exceptionally precise tool for direct fabrication on the atomic scale, the
approach dubbed the atomic forge®. As the pursuit of atom-by-atom
construction of materials gains momentum*®'®, it becomes imperative
to deepen our understanding of the underlying processes involved in
atomic disordering and reordering. This knowledge is crucial in

informing the development of future atomic fabrication techniques for
novel functional applications. By comprehending and identifying the
mechanisms behind defect formation, it becomes possible to tailor
defects within two-dimensional (2D) materials to exhibit specific elec-
tronic, magnetic, or optical properties'’ . Such tailored defects hold the
potential to revolutionize the performance and functionality of 2D
materials, opening exciting avenues for scientific exploration and tech-
nological innovation in diverse fields as the degree of control over
materials fabrication can be understood down to the point defect scale.
In this paper, we aim to explore the intricate relationship between defect
formation processes and electron beam irradiation, offering insights into
the future design principles for atomically precise fabrication and the
creation of functional materials with tailored properties.
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While traditional synthesis methods, such as top-down or bottom-up
synthesis have been used extensively for 2D materials”**, these methods do
not reach the needed length scales required for atomic structure fabrication.
With the advent of using the sub-A e beam of a scanning transmission
electron microscope (STEM) as a direct fabrication tool in recent years,
information has already been gathered on the effect that the e” beam irra-
diation has on various 2D materials''~'*****. This technique relies on the
localized defect generation caused by the highly energetic electrons. The
primary mechanism for electron beam damage is believed to be the knock-
on effect, where the electron transfers enough kinetic energy to the nucleus
to displace it from the atomic structure™ . The knock-on energy is
determined by the momentum transfer from the electron to the nucleus and
the binding energy of the atom in the lattice. However, in most materials,
atomic manipulation can be observed well below this knock-on threshold,
stimulating the development of alternative theories for this process. In
previous work, Susi proposed the additional role of the phonons to the
displacement™. At the same time, Lingerfelt and Meunier proposed and
developed theories based on the local electronic excitations to the anti-
bonding states and subsequent isomerization of the excited bond, akin to the
photochemical effects”. Additionally, recently TMD semiconductors/
semimetals have been seen to suffer from beam induced charging. At slower
scan speeds sample charging can modify the effective knock-on threshold
energy. Regardless, by controlling these atomic interactions, different
defects and structures can be written into the atomic structure of 2D
materials' ', However, the generation of these defects and formation of
different defect structures need to be better understood and dose control
cannot be relied upon as a control mechanism. Through the precise control
with the e beam, these defects can be fabricated below knock-on thresholds.
Active monitoring of the acquired STEM images can help limit the overall
damage to the surrounding atomic structure and aid in designing new
atomic structures in future devices made with 2D materials.

Here we used the transition metal dichalcogenide (TMD) MoS,, as the
model system to explore the structural changes associated with defect and
nanopore formation. As a model system, defect engineering within TMDs
have been of interest in recent years as different atomic defects™ ",
nanopores'”***, and nanowire structures'®"** fabricated within the
monolayer have been shown to have beneficial for electronic and optical
properties. Using an external beam control system operating at high tem-
poral resolution, the atomic reordering and disordering that initially takes
place during e beam irradiation was recorded. To further delve into the
interatomic relation these images were then decoded using the ensemble
learning-iterative training (ELIT) workflow”** to process the images and
display atomic trajectories and the formation of different defect structures.
This workflow allowed for more information to be extracted from small
datasets without losing out on temporal or spatial resolution.

To acquire the atomically resolved images required for these experi-
ments, an aberration-corrected STEM was used in conjunction with an
external beam control system that allows for simultaneous imaging and
atomic fabrication. A custom-built beam control system was used for these
studies due to the difficulties introduced from traditional STEM raster
scanning. The standard usage of these methods results in high quality
atomic resolution data, but at the expense of slower scanning rates that result
in higher e beam irradiation to the samples and less frequent updates on the
beam-induced modifications. However, when using the STEM e beam as
the fabrication tool, greater control at higher temporal resolution is needed
for automated feedback control. Therefore an external beam control system,
that was developed at Oak Ridge National Laboratory, was used to control
the scanning pathways the beam takes while simultaneously
imaging®****~*". Through this novel beam control system, a spiral scan path
is used where single frequency drive signals to the scan coils is employed,
enabling acquisition of atomically resolved images at speeds of up to 100
frames per second (fps)’'. The utilization of a spiral path eliminates sharp
changes in scan velocity from one line to the next and mitigates the flyback
duration associated with traditional raster scan profiles, enabling much
faster imaging speeds without distortion, improved temporal resolution

from frame to frame, and therefore reduced electron dose to the material per
frame while using standard beam steering magnetic coils. At the periphery
the beam is moving faster likely causing less charge build-up localizing the
beam irradiation effects to the center of the field of view (FOV) frames.
Remaining image distortion resulting from high-speed imaging can be
mitigated using subsequent image correction methods”*”'. However, at such
high imaging speeds, averaging times per pixel are lower and result in lower
signal-to-noise ratios in each frame. Here we show that through the
development and application of advanced post-processing techniques and
sophisticated data analytics, we are able to extract critical information from
the images (specifically, atomic positions and species) that can be used to
better understand beam-induced material transformations as they occur.
Furthermore, the beam control system is built with automation and feed-
back that is used to assess beam damage from frame to frame and auto-
matically stop imaging after a specified damage threshold has been crossed
(discussed further below).

In this study, a workflow incorporating deep learning (DL) networks
was employed to decode individual frames captured during this rapid image
acquisition. Distinguishing features in atomically resolved experiments,
such as scanning tunneling microscopy (STM) and scanning transmission
electron microscopy (STEM), differ from classifying objects commonly
found in publicly available datasets like CIFAR and ImageNet>*. Previous
DL networks have been designed and implemented for precise and accurate
image analysis of molecular™** and atomically resolved data®*, but typi-
cally require high-quality data for precise model predictions. In this work, a
network was utilized for image segmentation of nearly identical objects,
namely atoms, while also quantifying prediction uncertainty to adapt to
images originating from different experimental or simulation setups.
Analysis of the acquired datasets presented challenges due to material lattice
distortions, image drifts, and variations in imaging parameters, resulting in
an out-of-distribution drift effect that reduces the accuracy of traditional
deep convolutional neural network (DCNN) model predictions between
microscope experiments. To address this issue, the ELIT workflow proposed
and developed by Ghosh et al. was implemented here*”*’. This approach
demonstrated how a DL workflow could be applied to STEM data, allowing
for adaptation to changes in imaging conditions. Within the ELIT workflow,
multiple U-Net models were trained with random initialization parameters
for the material system being studied”'. The ensemble training phase aimed
to select artifact-free models for feature selection, while the iterative phase
directed the network’s attention towards recognized features to identify
unknowns while considering pixel-wise uncertainty. By following this
process, the models successfully identified the location and type of each
atom within the frame with a high degree of certainty due to various
parameters being altered between experiments. Through the utilization of
the ELIT workflow, these small MoS, datasets were effectively decoded,
uncovering new insights into various materials systems while simulta-
neously increasing the speed and information content.

Results

Experimental decoding workflow during e- beam fabrication
The experimental workflow from data acquisition to processing and
decoding can be seen in Fig. 1. The process starts with the creation of ideal
simulated training to give a baseline for the models constructed later to
iterate from (Fig. 1a). To begin crystal models of pristine molybdenum
disulfide’s atomic structure, with a random assortment of sulfur sites
deleted, were used as training data. These sulfur site point defects were
introduced into the training data to simulate the defect generation that
occurs during the e beam fabrication therefore it was deemed necessary to
train the model on the distinction of sites with both two overlapping sulfur
atoms, as is seen in the ideal crystal structure, and sites with only a single
sulfur atom. STEM images were then simulated using the variation of the
multislice algorithm within the abTEM package developed by Madsen
et al**®. To make these simulated images a .xyz crystal file of monolayer
MoS, was used for atomic coordinates that was 6 nm in thickness to create
the potential with a give real-space sampling. This is then run through a
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Fig. 1 | Block diagram of the steps in the experimental workflow. a Simulate the
training data: The initial block consisted of constructing the simulated training data.
First STEM images are simulated and then their associated labeled mask pairs
created, followed by data transforms. b The Ensemble Learning and Iterative
Training workflow is then demonstrated as the training and experimental data is
input and several DCNN models are output comparing the fit between the model

constructed off the simulated data vs. the experimental. These models are then
compared against one another until an ideal model is selected. ¢ A schematic of the
experimental automated feedback-controlled beam control experiment that allows
for in situ monitoring and study of the atomic disordering of MoS, using high
temporal resolution. d The output of the models from the ELIT workflow is then fed
through post-processing filters before feature finding can be performed.

multislice algorithm that makes use of an electron beam operating at 60 kV
simulated using a plane wave function and a contrast transfer function that
represents a given aperture and spherical aberration. Using these simulated
images, corresponding circular masks with a fixed radius were constructed
classifying each atomic site appropriately. Once created, these image and
mask pairs were augmented through random cropping, rotations, zooming-
in, contrast variations and through the application of blurring (Gaussian
o = [1,50]), and addition of both Gaussian (¢ = [3000, 8000]) and Pois-
son (0 = [30, 45]) noise to replicate real experimental data more accurately.
An example of a final simulated image mask pair can be seen in the block
inset of Fig. la.

The experimental data was acquired using an aberration corrected
Nion UltraSTEM100 operating at 60 kV with a spatial resolution of ~1 A.
60 kV for STEM imaging was chosen to limit the dose applied to the MoS,
slowing any defect generation kinetics as much as possible while still
maintaining atomic resolution capabilities. The custom-built scanning
feedback and electron beam control system was controlled using LabView
software to acquire atomically resolved image datasets with the high angle
annular dark field (HAADF) detector. A schematic of this system’s opera-
tion can be seen in Fig. 1c. The spiral beam pathway discussed previously
was used for these experiments to maximize the temporal resolution
without sacrificing spatial resolution. Prior to each fabrication step, pre-
determined parameters were set for the maximum number of spirals (i.e.,
the maximum e irradiation dosage) as well as the spiral size and speed.
These spirals are made to maintain content frequency drive signal to the
scan coils to avoid frequency dependance. The dose profile can be controlled
to a certain degree, but by default there is less dose in the periphery as there is
a lower density of the scan path points at the edge of the FOV. For these
experiments the spiral field of view was maintained at around 1.5 to 2.5 nm
in diameter for atomic resolution, with a temporal resolution ranging from 5
to 100 fps (200-10 milliseconds) with a varying dwell time at each position
dependent on the overall frame time. During the fabrication process, the
beam control system acquired an image after each scan and plotted the
average intensity of each frame, which, as the formation of defects began
within the MoS, monolayer, lowered as the process continued, supporting
the notion of material ejection. After reaching a pre-determined intensity

threshold, the fabrication process was stopped, and the experimental
datasets were exported to study the atomic disordering that took place prior
to nanopore formation. Due to the need to increase this system’s speed, the
exported data results in 64x64 pixels per frame, therefore pre-processing of
this data was needed prior to decoding through the DCNN models. The data
was first resized to 512 x 512 pixels, and images were cropped appropriately
to match the square image training data pixel to angstrom ratio of 20 pix/A
(Fig. 2a) before applying similar blurring and noise application as was
previously used for the training data. For these datasets a gaussian blurring
function with a standard deviation of 3 and a Chambolle noise applicator
(with a weight of 0.3) were applied to the dataset frames. These settings were
used to simulate high resolution STEM images taken with a high pixel to
angstrom ration than the originally acquired rapid spiral scans (Fig. 2b).
With both simulated and experimental data acquired, the ensemble
learning and iterative training workflow (ELIT) workflow, as demonstrated
by Ghosh et al.”’, was used to identify features from the low resolution data
using these datasets as the initial training set and inputs respectively (Fig.
1b). This approach requires the training of the models on the material
system being studies, in this case, MoS,, however after the development of
the training data the models are robust at decoding datasets with sparse
information resulting from the rapid acquisition. The use of multiple
models within the workflow also allows for the generation of a mean
ensemble prediction and uncertainty as a measure of confidence in the
system. Using this mean uncertainty the area most associated with unex-
pected behavior can be highlighted for further study. The variance between
the mean can be seen in Fig. 2¢ for the initial and final frame. From these
images the edges around each atom sites are found to be the most uncertain
as different models in the ensemble define the boundary of the atom site
differently. From this variance it is also shown that the models have a harder
time identifying the sulfur sites from one another as the conditions of each
model in the ensemble vary in what is classified as a S1 vs S2 site. This is
primarily where the errors in the decoding occur from. It is also worth
noting that the sites along the edge of the frame are found to be much more
uncertain due to edge effects from the blurring. However as a result of the
upscaling of the data, this approach resulted in the overdetermination of the
atomic sites, so to avoid this problem several post-processing steps were
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Initial Frame

Final Frame

Fig. 2 | Processing from Raw to Decoded Images. Initial (i) and Final (ii) frames
taken of the atomic disordering shown at different stages of decoding. a The raw
experimental image data before any processing. b Pre-processing of the experi-
mental data was performed by first denoising the data and then using a gaussian
filter. c Post DCNN decoded image error variance between of identified atomic sites.

d) Decoded Image

e) Experimental Data
w/ Errors

w/ Corrected Coords

d The decoded results of the ELIT workflow are plotted over the gaussian-filtered
experimental frame. As seen, there are several sites that are labeled incorrectly,
resulting in clusters of atoms that are not realistic. e The results of the nearest
neighbor filter with the redundant points and incorrect labeling removed from the
frame. Every frame shown has the same field of view of 2.56 x 2.56 nm.

a) 10 fps b) 20 fps

C) 50 fps d) 100 fps

i) First Frame

iv) Final Frame i)

First Frame
% - T

iv) Final Frame

i) First Frame iv)Final Frame i) First Frame iv) Final Frame

Fig. 3 | Decoding capabilities of various temporal resolutions. a-d Initial (i) and
final (iv) frames of taken at different scan rates at 10, 20, 50 and 100 fps. These slides
were then decoded into the Mo (red), S2 (green), and S1 (blue) classes in (ii) and (v)

respectively. The corrected coordinates are overlaid onto the processed frames (iii)
and (vi) respectively. Every frame has the same field of view of 1.6 x 1.6 nm.

taken before features could be extracted. As Fig. 2d shows, the output from
these models unrealistically oversampled the certain atomic sites on several
frames, labeling overlapping atoms on single sites. A nearest neighbor filter
was created and used to correct this issue as the last step in Fig. 1d. This filter
consisted of three major steps: a nearest neighbor distance filter, using atom
finding to locate the correct sites, and finally a filter refinement. The first step
consisted of a nearest neighbor distance filter that found the clusters of
problem sites by setting a distance threshold of ~0.85 A, which is about half
the distance between the nearest atoms to avoid single sites being identified
as different classes multiple times. This was followed by implementing atom
finding through the STEMtool package developed by Mukherjee et al.*® on
the decoded images for each class, being Mo sites (red points), projected S
sites with two atoms (S2, yellow points), and projected S sites with only one S
atom (S1, green points), to find the correct center of mass for each site. After

these coordinates were found, they were cross-correlated with the clusters of
decoded coordinates found from the first step, with the mislabeled sites
being deleted. This left us with a fully decoded image and associated coor-
dinate list for each frame within the dataset as shown in Fig. 2e. This decoded
data could then be used for feature finding.

Effect of temporal resolution on atomic decoding

Due to the effectiveness of the ELIT workflow in decoding the experimental
data, the temporal resolution was able to be pushed to much higher limits
using this beam control system while still being capable of gathering
structural information from the atomic disordering. Frames taken at dif-
ferent temporal resolutions and their associated decoded frames are shown
in Fig. 3. Scan rates varying from 10 to 100 fps were performed using the
external beam control system. The time between the initial and final frames
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were kept relatively consistent with total experiment times being 11.8, 9.5,
9.6, and 8.9 seconds respectively. The same beam conditions were used for
all of these experlmental spiral scans, therefore maintaining the same dose
rate of 1.6x10%e~/ A%, and only altering when/where the electron
interact with the MoS, lattice. Frames were then successfully decoded as
seen in the ii and v frames, with red representing the Mo atoms, green the
S2 sites, and blue the S1 sites. The processed data with the corrected coor-
dinates can also be seen with the same color distinctions as used previously.
The pre-processing and decoding begin to breakdown at 100 fps as the
bright Mo are the only sites that can be reliably identified due to lack of
current for each scan. This is due to the inherent nature of the abrupt and
random shifts associated with HAADF imaging making the tracking of
lighter atoms very susceptible to noise. At the slower scan speeds the atomic
displacement of the lighter atomic species are confirmed to not be the result
of noise artifacts until the 50 fps when the increase in noise leads to a greater
degree in uncertainty in atom displacement tracking. However even at 50
fps, with each frame being acquired every 20 ms, atomic resolution is still
fully achievable, and the S sites can be correctly identified as containing a Vg
(S1) or two S atoms (S2).

With the image datasets fully decoded into the possible atomic sites,
information can be obtained as to the stoichiometry, structure and atomic
movement that takes place prior to the nanopore formation. By retaining the
classifier information, the exact number of Mo and S atoms within the field
of view being irradiated can be tracked and recorded along with the asso-
ciated dose. Using these decoded frames the average dosage (an approx-
imate beam current of 34 pA) required to cause initial atomic disordering
that act as the nucleation site for the formation of sulfur single vacancy line
(SVL) defects, point defects, and nanopores can be calculated and tracked
for each experimental milling process. On average through the 50 experi-
mental runs, we ﬁnd that initial disordering takes a dose of
3.3+2.3x10° e_ / A% to begin. After initial deformation, an additional
1.3x10°e~/ A is needed to form SVLs, when they did form over 37 of the
runs. From disordering to formatlon of a vacancy point defect, or hole, an
additional dose of 5.7 x 10°e™/ A% s applied to the MoS, field of view,
which occurred during 38 runs. The dosage required to induce atomic
transformations was found to generally be dependent on the speed of the
scanning parameters with the slower scans with longer dwell times inducing
atomic transformations more rapidly. This was also made evident from
control experiments using a coherent beam with the same beam current,
dose rate, and irradiated area which found that a much lower dose of
4.3%10° and 6.3 10° e~ /A” were needed to initially disorder the lattice
and then form a nanopore, respectively. This shows that the spiral scans
used in this study help control the formation of defects within the lattice by
slowing the disordering. However, the dosage required for each respective
transformation was found to be irregular even within similar settings
indicating other parameters outside of only dosage influencing the forma-
tion of these defects. Additionally, trends in the location of the initial dis-
ordering and defect can be studied in each milling dataset. As expected, the
nucleation of the nanopore is entirely dependent on the location of the
atomic disordering with the center of the frame requiring on average, lower
dosage to begin forming in the center of the frame. When the initial defects
begin forming at the edge of the frame, they take much longer to grow due to
lower local dosage. It was also found that smaller fields of view result in the
disordering further from the center of the field of the view.

Outside of general dosage trend, atomic tracking can be conducted
between frames. Tracking is done by finding the closest identified atom
between frames within a set distance threshold, if this distance is overcome,
the atom has either been ejected or completely displaced. However, this
threshold is large enough to observe the atomic shift both Mo and S species
exhibit during disordering. Through observing these trajectories the trends in
the movement of atoms relative to their neighbors can be studied and related
to the dose applied to provide a more detail explanation of the respective
atomic disordering and defect formation. The exact atomic movements seen
before defect formation were dependent on the defect type. For example
when forming SVL defects the atoms pulled together or apart and for forming

holes the atoms that were not ejected shift away from the hole as the lattice
shrinks around these edges. The dose required for the formation of these
defect types were tracked and are discussed later. Several examples of the
spatiotemporal trajectories of single atomic sites at different acquisition rates
were gathered in a brush diagram in Fig. 4 allowing for the atomic disordering
of both Mo (red) and S (blue for S2 site and green for S1 site or a single S
vacancy) to be clearly observed. By tracking the classifier of the atom sites the
formation of single and double Vy is clearly shown as well.

In Fig. 4a, the 5 fps experiment demonstrates the clear switch between
S2 and S1 sites throughout the milling process seen in the tracking plot in
Fig. 4b(ii). As a split in the lattice forms (the final result seen in Fig. 4a(iii))
prior to the opening of the nanopore the tracking become erratic and the
distance between selected neighboring Mo and S sites increases before the S
site disappears in some frames around 100 frames (20 s). Figure 4b shows a
smaller field of view at a faster acquisition of 10 fps and clearly shows the
formation of sulfur single vacancy line (SVL) defects. In the final frame in
(iii) several of these SVL defects converge together before a nanopore begins
to form. In the tracking plot in (ii) one can clearly see when the sulfur
vacancy, that makes up one SVL forms, which is quickly followed by the Mo
and § site to move closer together as SVLs cause a distortion as the lattice
compresses around frame 50 (or 5 seconds). In the 20 fps experiment in Fig.
4c, the nanopore forms early in the top left corner of the field of view around
frame 20 (or 1 s). As the nanopore grows, the Mo and S atom tracking can be
seen to slowly shift as the lattice is compressed while the nanopore grows.
Additionally, the S site remains S2 even after extended e beam irradiation,
this was likely due to the formation of the nanopore. Finally in the 50 fps
experiment in Fig. 4d, the more random movement of the tracking column
associated with higher temporal resolution better captures erratic nature of
atomic motion within crystal structures while being exposed to ¢ beam
irradiation. However at this point noise artifacts being introduced to the
system by limited data leads to more uncertainty as the emergence of larger
shifts in Fig. 4d(ii) become more common. All of these examples clearly
emphasize that atomic structural information can be acquired even at 50 fps
without relying upon highly specialized equipment or modifications to the
electron optics. Using this workflow, atomic columns can be tracked and
changes such as sites moving from S2 to SI sites can be followed and
correlated to the dosage and relationship to their nearest neighbors.

Full frame views of atom tracking can be plotted and trends in the data
can be clearly seen to a greater degree than single atomic columns. High-
lighted here are examples from 10 and 50 fps datasets in Fig. 5. In the 10 fps
the shift in the later frames as the lattice is compressed on the right side of the
FOV can be seen as the SVL grows before the formation of a line defect
neighboring the SVL. In the top view of the 50 fps scan, one can observe the
atomic disordering near the bottom of the field of view as a nanopore
nucleates and then expands. Throughout the reaction the nearest neighbor
distance of each location can be tracked demonstrating the capability to
track atomic disordering and lattice distortion of the structure and directly
tie these changes to the dosage applied to the system. Additionally, when
observing the global data, as expected, it was found that the percentage of
Mo and S that left the field of view prior to the formation of a nanopore was
independent of the speed of acquisition. To form the nanopore, the number
of Mo decreased by a percentage of 7 + 9% while a lot more S left the system
at 51 + 9%, which was consistent through the 50 experimental runs. The
small decrease and large error associated with the Mo atom count can be
attributed to the atomic disordering and lattice shift that occur as a nanopore
forms. When considering the decrease in S, this much larger percentage of S
removal is to be expected as S is preferentially removed from the MoS, lattice
during electron beam irradiation. Additionally, this percentage makes
theoretical sense as, after nanopore formation, a common edge recon-
struction in the MoS, system is the formation of the MogSs nanowire edge
structure'®”'. Decreasing the local quantity of S by roughly 50% satisfies the
local stoichiometry needed to facilitate the formation of this structure.

Utilizing the high temporal resolution of the spiral scan pathways, the
intermediate frames of the milling process can reveal insights into defect
nucleation, evolution and eventual nanopore formation. By combining the
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from 5, 10, 20 and 50 fps acquired milling processes. (i) The initial processed frame
with the selected Mo and S site selected to be tracked. (ii) A three dimensional plot
that tracks the location and movement and change in the class of the atomic site with
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red = Mo, blue = S2, and green = S1 site or single V. (iii) The final processed frame
showing the location of the atomic species or where the site was removed. Image
FOV in (a) 3.0 x 3.0 nm and (b-d) 1.6 x 1.6 nm.

rescaled HAADF STEM image, decoded image and dosage maps associated
with the frames, the dose per pixel, and therefore per atom site, can be
accurately tracked and associated with defect formation and hole nucleation
through all intermediate steps. As a result of this more rapid acquisition and
a greater dispersal of the e beam irradiation across the frame, it was sta-
tistically found that higher dosage was required to induce disordering, defect
and nanopore generation at the faster scan rates, enabling the defect for-
mation process to be more closely examined. For example, the dosage
needed at 10 fps (21 runs) vs 33 fps (3 runs) respectlvelzr for atomic dis-
ordering (1.9 2.6 % 10° e*/A2 vs 4.6+3.9x10° e*/A ), defect forma-
tion (1.7+1.5X% 106e*/A Vs 7 0+5.0%10° e*/A ), and nanopore
generation (5.5+4.8% 10° e‘/A vs 1.5+0.018 x 107 e‘/A ) al
increased. The required dosage required to form the different defect
structures as a function of the frame rate is demonstrated in the plot seen in
Figure S1. This type of analysis it is also worth mentioning the larger amount
of error as defect and nanopore generation was very dependent on indivi-
dual experiments as factors that are still being controlled such as drift
correction, as the drift experienced can be seen by the leaning nature of the
tracked atomic columns in Fig. 5, to guarantee the relation between dosage
and defect generation in future studies.

Discussion

In summary, this study demonstrates the successful enhancement of
temporal resolution in STEM imaging without direct modifications to
the electron microscope optics. By employing custom scan control with

image processing techniques and implementing the ELIT workflow to
develop a DCNN, a significant increase in the speed of determination of
atomic position and elemental species information at high speeds in
STEM imaging was achieved. This approach facilitated a more com-
prehensive investigation of the kinetics involved in the defect formation
process in 2D materials. The application of DCNN-enabled decoding of
low-quality, high-temporal-resolution data provided valuable insights
into the atomic disordering and reordering process. Specifically, the
experiments focused on the MoS, materials system, utilizing a beam
control system capable of data acquisition at scanning rates of up to 100
fps, resulting in small datasets with resolutions as low as 64x64 pixels.
Through image processing, atomic resolution was attained, and the ELIT
workflow successfully decoded the data into Mo, S2, and S1 classes,
enabling accurate tracking of these elements throughout the milling
process. While demonstrated here in 2D TMD materials, such an
experimental workflow can be employed in a variety of materials with
only the construction of DCNNs dependent on an initial labeled image.
This workflow enables the extraction of more useful information from
small datasets without compromising temporal or spatial resolution.
The integration of machine learning and beam control techniques in this
manner holds the potential for the development of different electron
beam control atomic manipulation methods along with a deeper
understanding of early defect creation, nanopore formation and growth,
and atomic edge state formation in 2D materials. While the scan rates
were limited to 100 fps due to the engineering limits of the detectors and
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Fig. 5 | Full frame tracking of atomic disordering at different temporal resolu-
tion. a, b Atom tracking of full frames (i-iv) of different scans taken at 10 and 50 fps
respectively going from pristine lattice (i) to the disordering and formation of defects

frame of the atom sites, viewed from both the top (v) and side (vi) view to visualize
atomic motion in the xy plane as well as in time. Image FOV in both (a) and (b) (i-iv)
is 1.6x1.6 nm.

scan coils utilized, through improvements of these systems such as
event-based detectors®” or the use of improved scan coils®® or pump-
probe systems®”’ much greater temporal resolution can be achieved.
However, experiments taken here relied on the standard annular
detectors and scan coils, only altering beam pathways. These findings
have implications for advancing atomic fabrication processes and fos-
tering autonomous atomic-level control for the purpose of tailoring
localized functional properties at the atomic scale.

Methods

Sample preparation

Chemical vapor deposition was used to synthesize the MoS, monolayers ata
growth temperature of 750 °C using a hinged tube furnace (Lindberg/Blue)
equipped with a 2 in. diameter quartz tube. SiO, (300 nm)/Si was used as a
growth substrate. These substrates were first cleaned with isopropanol and
then spin-coated with perylene-3,4,9,10- tetracarboxylic acid tetra-
potassium salt before being dried and placed face-down above an alumina
crucible containing MoOs; powder (~5 mg) (99.9%, Sigma-Aldrich). This
crucible was then inserted into the center of the quartz tube. Another cru-
cible was filled with S powder (~0.7 g) (99.998%, Sigma-Aldrich) and
inserted at a region located 20 cm upstream from the other crucible in the
quartz tube. When the center of the tube reaches 750 °C center of the tube,
the temperature at the S powder crucible was around 180 °C. The tube was
then evacuated to ~5 mTorr. At this point a 70 sccm (standard cubic
centimeters per minute) flow of Ar at atmospheric pressure was established.
The furnace was heated to 750 °C with a ramping rate of 30 °C/min and held
at this temperature for 4 — 6 min. The furnace is allowed to naturally cool
down to room temperature.

MoS, monolayers were then transferred from the SiO,/Si substrate
onto gold mesh holey carbon Quantifoil TEM grids using a wet transfer
process for STEM imaging. PMMA (Poly(methyl methacrylate)) was spun
coated onto the SiO,/Si substrate with monolayer MoS, crystals on the
surface at 500 rpm for 15 s followed by 3000 rpm for 50 s. The PMMA-
coated sample was then placed into a 1 M KOH solution to remove the SiO,
substrate. This leaves the PMMA film with the MoS, monolayer on the
solution surface. The KOH residue was then rinsed from the sample film
with DI water. A TEM grid was then placed into a funnel filled with DI
water. Using a glass slide the washed PMMA/MoS, film was then trans-
ferred to float on the DI water. As the water drains the film is then placed
onto the TEM grid. The samples are then baked to dry at 80 °C before being
placed into acetone to soak for 12 hours to remove remaining PMMA before
a final rinse in IPA, leaving a clean monolayer surface. Prior to STEM
experiments, the specimens were baked at 160 °C in vacuum overnight to
reduce surface contamination.

STEM imaging

An aberration corrected Nion UltraSTEM100 electron microscope was used
for all the STEM imaging experiments and operated at 60 kV, with a probe
current of ~34 pA, and convergence semi-angle of 30 mrad. The custom-
built scanning feedback control system described in this study was based on
a National Instruments DAQ (PXIe-6124) and field-programmable gate
array (FPGA) system (PXIe-7856R) in a PXIe-1073 chassis that was inter-
faced with the beam control system of the Nion UltraSTEM100. Input
coordinates for spiral STEM scans were generated using customizable
MatLab code then input into LabView to control STEM scan coils for
positioning the focused STEM probe along well-defined spiral scan
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pathways. The custom scan control system has a maximum IO rate of 1 M
Samples/s.

Data availability

Sample example experimental and simulated datasets along with the model
used are available through the Python notebook located at https://github.
com/mgboebinger/FaSTEM/.

Code availability

The functions used to simulate structures from DL predictions can be found
at https://github.com/pycroscopy/atomai. The details of training DL net-
works used in this work are available through the python notebooks located
at https://github.com/aghosh92/ELIT. The refinement procedure and
temporal tracking can be found in https://github.com/mgboebinger/
FaSTEM/. Additional refinement done through the use of the stemtool
package found at https://github.com/stemtool/stemtool and simulated
STEM images formed using the abTEM Python API found at https://github.
com/abTEM/abTEM.
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