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Direct observation of graphene defect transitions is of great importance in studies of the chemical
kinetics of topological defects in two-dimensional materials [1]. Although individual defects in graphene
can now be routinely observed using transmission electron microscopy, the time resolution of these
observations are typically around one second for atomic resolution TEM [2] and slower for STEM [3].
However, structural changes in graphene happen over much shorter time periods and these cannot be
followed under the typical time regimes for HR(S)TEM. Slow data acquisition and traditional defect
analysis methods are also restrictive in terms of the amount of defect transition processes that can be
surveyed, whereas kinetic studies of defect reactions require large numbers of observations of individual
reactions in order to obtain meaningful statistics.

In this work, we demonstrate direct observation of graphene defect reactions at 1ms time resolution
(1000 fps) using a direct electron detector. Since the amount of data grows proportionally with increases
in acquisition speed, manual analysis is practically unfeasible for the large datasets generated.
Automated data analysis workflow based on a deep neural network (DNN) has been developed to
identify specific defect transition processes. Using data mining of 1.8 million frames of fast HRTEM
images collected in a single experimental session, more than 90000 divacancy defects (V2(585), V,(555-
777), or V»(5555-6-7777)) were recognised and classified using a DNN-based data processing routine.

The neural network was trained on image simulations and its validity and generality are ensured by
using realistic graphene atomic models containing randomly generated defects that have been relaxed
using molecular dynamics simulation as well as by the inclusion of various sources of noise and other
imaging parameters corresponding to the experimental conditions. Individual frames in fast HRTEM
time series are often limited by electron dose and hence have very low signal-to-noise ratio (SNR).
However, the machine learning approach has proven to be capable of handling the image analysis even
under low-dose conditions.

The potential applications of this method are not restricted by the specific types of defects described
here and can therefore be extended to a much wider range of chemical kinetics studies in two-
dimensional materials.

P N

@ CrossMark
https://doi.org/10.1017/51431927622007097 Published online by Cambridge University Press


http://crossmark.crossref.org/dialog?doi=https://doi.org/10.1017/S1431927622007097&domain=pdf
https://doi.org/10.1017/S1431927622007097

Microsc. Microanal. 28 (Suppl 1), 2022

a
L ] L ........O.... L ] L]
L L] ....0.0.0...0 L] L
° E 0%0%0%,%:,%:°% ® .
L - ....:........ L ] L ]
Initial Model Modification + ° B 0%e%e%e%%e% B o
L ] 12 ............l L ] L
° ° 0%¢%0%0%: %% ° °
L ] 2 ............. L ] L ]
Pnstlne Graphene g Vacancy Adatom
b
Molecular Dynamics Relaxation
= ST
Realistic Graphene =
HRTEM Image Simulation with Defects
Cc

Neural Network Training

o

Fast HRTEM Imaging

Neural Network Inference

Figure 1. lllustration of the data procéssing strategy of DNN-based graphene defect analysi.
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Figure 2. An example of graphene defect transition analysis o

ver a continuous period of 12ms, showing

the rotation of a VV»(5555-6-7777) via a V»(555-777) intermediate state.
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