1276 Microsc. Microanal. 27 (Suppl 1), 2021
d0i:10.1017/S1431927621004785 © Microscopy Society of America 2021

Machine Learning Based Precision Orientation and Strain Mapping from 4D
Diffraction Datasets

Renliang Yuan?, Jiong Zhang?, Lingfeng He® and Jian-Min Zuo*

YUniversity of Illinois at Urbana-Champaign, lllinois, United States, “Intel Corp, United States,
%ldaho National Laboratory, Idaho Falls, Idaho, United States, “University of Illinois at Urbana-
Champaign, Urbana, Illinois, United States

Four-dimensional diffraction datasets (4D-DDs) collected using the scanning electron
nanodiffraction (SEND) [1] or 4D scanning transmission electron microscopy (4D-STEM) [2]
techniques have gained increasing popularity in the electron microscopy community for their
versatility in both electron diffraction and imaging. The advantage of having a 4D-DD over the
traditional 2D imaging techniques comes from the rich information captured in diffraction patterns,
which can be related to the sample structure, electric and magnetic fields. Experimental acquisition
of large 4D-DDs has been significantly improved with the development of fast electron pixel array
detectors [3]. Now, the large data size also brings new challenges to the 4D-DD analysis. Faster and
better ways to extract information from 4D-DDs are both needed.

Machine learning (ML) has revolutionized scientific research, which once perceived as a niche
subject of computer science has been transformed as a potent technology as demonstrated by the
success of AlphaGo [4]. In computer vision, deep learning is used to solve difficult problems, such
as detection, classification, and segmentation [5]. In the field of electron microscopy, deep learning
has been applied to, or proposed for, crystallographic analysis of electron image and diffraction data
[6], single atom detection [7], automatic learning of microstructural features [8], etc.

Here, we describe the design, testing, and benchmarking of two types of ML based analysis of 4D-
DDs. The first is precision crystal orientation mapping using a trained artificial neural network
(ANN), where we determine small changes in crystal orientation within a crystalline grain (Figure
1). We design a simple ANN model to be trained on the simulated dynamical diffraction patterns for
electron nanodiffraction with non-overlapping diffraction disks. Using the trained ANN to recognize
the intensity distribution among diffraction disks, a high angular resolution of 0.01° or better is
achieved for orientation mapping, which we demonstrate on both single crystalline and
polycrystalline samples (GaSb thin sample with the bending contour contrast and irradiated UO,).
Figure 1 shows multiple small grains sharing low-angle grain boundaries less than 2° in UO, with
the grains clearly resolved.

The second type of ML based analysis uses a convolutional neural network (CNN) to measure
diffraction disk positions in diffraction patterns, which are then used to calculate lattice strain maps
(Figure 2). A diffraction pattern is first divided into sub-images containing individual diffraction
disks, and the trained CNN is then used to detect the peak position. The use of sub-images simplifies
the CNN structure and expedites both model training and processing of 4D-DDs. The precision and
computing efficiency are demonstrated in the measurement of the strain fields in a Si-based FInFET
device. The results are comparable with those calculated by the circular Hough transform method
[9] and have better precision (~0.04%) in some cases. The total processing speed, however, is
improved by a factor of 4 or more using the CNN method.
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The above results show that by training neural networks with accurate electron diffraction
simulation using dynamical diffraction theory, supervised ML based analysis of large 4D-DDs can
provide rich information about nanoscale crystalline materials with both high spatial resolution and
high precision.
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Figure 1. Training artificial neural networks for precision crystal orientation mapping. (a) The
design of an ANN for precision crystal orientation determination based on integrated diffraction
intensities. (b) Precision orientation mapping of grain subdivision in irradiated UO2.
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Figure 2. Training convolutional neural networks strain mapping. (a) The de3|gn of an CNN for
diffraction disk position determination. The input is a 121*121-pixel image containing a single
diffraction disk. (b) Strain mapping of a Si-based FinFET device calculated using CNNs for
diffraction disk detection.
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