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Abstract

Aberration-Corrected Scanning Transmission Electron Microscopy (AC-STEM) offers sub-angstrom resolution and
has become the most microscopic and advanced tool in the field of materials science, yet its quantitative image
analysis has been constrained by high computational demands, uneven background illumination, and challenges in
resolving overlapping point spread functions. In this work, we introduce STEMax_PF, a novel software tool that
integrates and improves multiple advanced techniques - including an adaptive threshold-enhanced centroid
method, rapid normalized cross-correlation for detecting light atoms, and an improved weighted overdetermined
regression algorithm - to effectively address these issues. In the two-dimensional Gaussian fitting process,
STEMax_PF adopts a unique strategy by individually estimating the initial fitting parameters for each atomic
column using several approaches, ensuring accurate fitting for materials comprising any elements. The integration
of these methods dramatically reduces computational resource usage and enables extremely fast processing.
Furthermore, STEMax_PF is universally applicable to any crystal structure and STEM image format, paving the way
for reliable quantitative atomic analysis and its connection to phenomena such as ferroelectric polarization,
piezoelectric/dielectric responses, and electron-phonon interactions.
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INTRODUCTION

Aberration-corrected scanning transmission electron microscopy (AC-STEM), with its stable sub-dngstrom
spatial resolution, has emerged as an advanced and practical characterization tool suitable for a wide range
of materials"”. In recent years, the rapid development of computational technologies has driven the
increasing importance of specialized software and algorithms throughout the entire electron microscopy
characterization process. By applying advanced image processing algorithms, not only can image distortions
be effectively corrected, but the overall image quality can also be significantly enhanced. Building on this
foundation, extracting and converting high-resolution, pixel-level discrete data into atomic-level
information, followed by quantitative analysis for statistical calculations of the material systems of interest,
has become an effective strategy to maximize the value of electron microscopy images"”. Consequently, the
efficient and precise quantitative analysis of electron microscopy images has become a core focus for
materials scientists and electron microscopy researchers.

In the study of functional materials such as perovskite oxides, the critical physical properties are often
closely linked to the quantitative analysis of microscopic structures, including atomic displacements and
lattice distortions. Accurate identification and localization of atomic scattering peaks in atomic-level
imaging are essential prerequisites for understanding these microstructures. To address this, researchers
have developed various automatic and semi-automatic peak-finding methods that balance computational
efficiency and localization precision to different extents. In contemporary scanning transmission electron
microscopy (STEM) image analysis, existing packages such as Oxygen Picker and Atomap offer robust
functionality and high performance and are widely adopted by practitioners. Nevertheless, these tools
exhibit limitations in terms of accessibility and generalizability"”.

Among these, the centroid method is the most commonly used and relatively easy to implement'. This
method treats the grayscale distribution of atoms in an image as a “mass distribution” and calculates the
centroid position to determine the coordinates of atomic peaks. Its simplicity and rapid computation make
it suitable for preliminary analysis of a limited number of images or high-quality samples. However, the
centroid method is sensitive to noise and variations in background intensity, particularly at atomic
resolution, where even minor image fluctuations can introduce significant deviations. When high
measurement precision is required or when experimental data contain substantial noise, the centroid
method often falls short. In contrast, Gaussian fitting methods for locating atomic peaks can substantially
enhance accuracy. This approach fits the grayscale distribution around atomic peaks with Gaussian
functions and iteratively optimizes parameters such as peak position, width, and intensity*.. It effectively
reduces noise interference and more accurately approximates the actual scattering peak shapes, thereby
providing more reliable data for subsequent analyses like assessing local strain or fine structural distortions.
However, the superior accuracy of Gaussian fitting typically comes with higher computational costs,
necessitating powerful computing hardware to handle the fitting of large-scale image datasets individually.
Additionally, Gaussian fitting is highly dependent on the initial parameter settings; significant deviations in
initial guesses can lead to slow convergence or trapping in local minima, requiring experience or auxiliary
algorithms to select reasonable initial values. Even today, some researchers still rely on the traditional least
squares method for fitting due to its straightforward implementation and historical precedence. Beyond
these methods, other peak detection techniques based on traditional image processing, such as filtering and
edge detection, or those utilizing deep learning models like convolutional neural networks, are also gaining

attention®™

| Traditional image processing methods can suppress background noise and enhance peak
signals to some extent, while deep learning approaches offer greater adaptability in handling complex noisy
backgrounds or anisotropic peak shapes'*. However, artificial intelligence methods often require large

amounts of labeled data for training, have limited interpretability, and impose higher demands on hardware
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and software environments. Therefore, there is an urgent need to develop more efficient peak-finding
methods that can quickly obtain accurate initial values and fitting parameters while enhancing overall
analysis efficiency and precision.

Processing STEM images with uneven background illumination also presents significant challenges. Such
non-uniformity may arise from variations in sample thickness or complex factors like material interfaces.
Bradley et al. proposed the use of adaptive thresholding based on integral images as a feasible technique to
address this issue!"". However, this method is more effective for atoms with strong scattering atomic
columns and struggles to accurately identify light elements, such as oxygen atoms, which exhibit weaker
signals in high-angle annular dark-field (HAADF) images. Consequently, these light atoms still require
specialized processing methods"?.

In STEM imaging, due to aberrations and diffraction effects, a point source does not appear as an ideal
point but rather expands into a spot with a certain shape, typically resembling a Gaussian distribution.
When the distance between two spots is less than or approximately equal to the width of their point spread
functions (PSFs), the signals of these spots overlap, making it difficult to clearly resolve them". In such
cases, accurately locating atomic positions becomes exceedingly challenging, necessitating more precise
algorithms and image processing methods to address this issue.

In light of the aforementioned needs and challenges, we have developed a software tool named STEMax_PF.
This innovative tool integrates and improves multiple image processing methods to effectively address these
issues. Specifically, STEMax_PF combines the Enhanced Centroid Method for Atomic Row Localization -
which incorporates an adaptive thresholding approach to accurately segment each atomic column and
determine initial positions - with the Rapid Identification of weak scattering atomic columns via
Normalized Cross-Correlation, and the Enhanced Weighted Overdetermined Regression algorithm, which
automatically estimates the initial fitting parameters for each atomic column to ensure universal
applicability even in materials containing multiple elements. STEMax_PF is equipped with a user-friendly
graphical interface, enabling the accurate calibration of atomic positions with varying intensities while
outputting relevant information in TXT format. Furthermore, the software achieves exceptional
computational efficiency by requiring minimal computing resources and delivering rapid image processing.
In addition, it is universally applicable to a wide range of structures and compatible with various STEM
image formats, thereby providing robust support for quantitative analyses and practical applications.
Through this software, we aim to assist scientists in conducting in-depth structural analyses of various
materials. For instance, it enables systematic investigations of atomic-scale phenomena such as the
correlation between polarization distribution in ferroelectric materials and their macroscopic piezoelectric
response/dielectric energy storage characteristics, as well as the relationship between lattice distortion
patterns in thermoelectric materials and their coupled electron-phonon transport dynamics.

MATERIALS AND METHODS

Algorithm

Algorithms used in the script

In the software, the primary algorithms encompass the centroid method for position determination, the
normalized cross-correlation method for locating weak scattering atomic columns, and two-dimensional
(2D) Gaussian fitting for refining atomic positions. For each algorithm, we have provided a schematic
diagram illustrating its operation, as shown in Figure 1.
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Figure 1. Schematic representations of the three main algorithms. (A) Extraction of individual atomic clusters via an adaptivethreshold
method, followed by application of the centroid method to each cluster to obtain preliminary atomic positions; (B) Generation of an
average template and its use to locate matching positions within the raw image; (C) For each peak, extraction of Imax, full width at
halfmaximum (FWHM), background noise, and centroid coordinates to estimate all Gaussianfitting parameters, thereby yielding
highprecision atomic coordinates. HWHM: Half width at half maximum.

Enhanced centroid method for atomic row localization algorithm
In the conventional centroid method, for a set of n d-dimensional vectors x, = (x,,, X, ..., X,4), the centroid C

is defined as!':
1< 1< 1< 1
C=;in= szilszzxi%u-’zzxid (D
i=1 i=1 i=1 i=1

For the application to STEM images, the vectors are typically the three-dimensional coordinates of the
image pixels, denoted as"*

x; = (X1, i, 2i) (2)

where x; and y, represent the pixel positions and z, denotes the pixel contrast. In practical data processing, it
is common to use the x; and y, coordinates as the fitting components while employing the contrast z, as the
weight for each pixel.

Therefore, for each atomic column in the STEM image, the fitting region (denoted as Q) in the conventional
centroid method is defined by the following equation"*:

Zyne S (X Yi) Xi [ Xixiy)eQ ZiXi 2(xi,y)e ZiYi
= = , (3)
2 (xyee S (Xis yi) Dixiy)eQ i Di(xiryi)eQ Zi




Zhao et al. Microstructures 2025, 5, 20250100 | https://dx.doi.org/10.20517/microstructures.2025.29 Page 5 of 18

However, in image processing, different regions are typically governed by a combination of features such as
texture, color, brightness, and gradient. When these features exhibit significant heterogeneity in their
distributions, traditional centroid methods - which rely solely on the mean value of features to represent
class centers - may fail to adequately capture the intrinsic characteristics of each class". This limitation can
adversely affect clustering accuracy and robustness. In grayscale STEM images, such heterogeneity primarily
arises from variations in brightness across different regions. As a result, the problem transforms into the
following: conventional centroid approaches often struggle to define an optimal fitting region for each
atomic column - one that captures the main signal of the column without interference from neighboring
columns - particularly under conditions of non-uniform background thickness or image noise. To address
this, thresholding techniques are typically employed. The most basic thresholding method involves selecting
a fixed threshold and comparing each pixel value against it. However, in images with substantial brightness
variation between regions, fixed thresholds are often inadequate. In such cases, adaptive thresholding
becomes necessary to ensure accurate segmentation. Therefore, the present software introduces an
enhanced centroid method, developed on the basis of traditional centroid algorithms, specifically tailored to
improve atomic column localization in complex STEM imaging conditions.

The core of the algorithm is to establish an adaptive threshold matrix. The idea is to first identify a
neighborhood for each pixel (x,y,) in the image, then perform local statistical analysis on that
neighborhood, and finally compute the adaptive threshold A, at (x;, y,) based on a user-defined sensitivity
parameter k with values ranging between 0 and 1 (where 1 corresponds to the minimum threshold and o to
the maximum threshold)"". Next, the specific implementation methods are described in detail.

To further expedite the computational process, the entire image is first converted into its integral image II
(x,y) and its integral squared image IT* (x, y)"":

X y

I1(x,y) :Zzlij “4)
i_0/_0
x Yy

I (x,y) = ZZIUQ 5)
i0j0

In this context, I; denotes a grayscale image normalized within the range [0, 1]. Subsequently, the integral
image allows us to efficiently identify a 9 x 9 neighborhood for each pixel (x, y,). Owing to the advantages of
the integral image, it is sufficient for each neighborhood to locate only the coordinates of the upper-left
corner (x,, v,) and the lower-right corner (x,, y,)""'*

x;1 = max (x; —4,0),y;1 = max (y; — 4,0) (6)
Xig =min (x; +4,W —=1),y;2o =min (y; +4,H - 1) 7

Here, W and H represent the width and height of the image, respectively. Subsequently, the integral image is
utilized to compute the local statistical measures. Firstly, for each local neighborhood, the pixel sum S; and
the sum of squared pixel values S,; are calculated as follows""**;

Sij = (xi2,yi2) = 11 (xi1 = 1, yi2) = I (xj2, i1 = 1) + 11 (x;1 = 1,y;1 = 1) (8)

Soij = 11% (xi2, yio) = I1* (xi1 = 1, yi2) = I1? (xi2,yi1 — 1) + I11* (x;1 = 1,31 — 1) o)
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For each 9 x 9 window, which contains a total of 81 pixels, the local mean m,, the local variance G*;, and the

local standard deviation s, can be computed as follows'”'*!:

Sij
mij =20 (10)
S2.4
2 ij 2
o = ﬁ — Mmjj (1D
Sij = 0'2,‘j (12)

Finally, by combining the local statistical parameters with the user-selected threshold «, we derive the
following adaptive threshold formula™":

A,-jzm,-j [1+k(S,'j—1)] (13)

Once the adaptive threshold matrix A is obtained, regions where (I; - A; < 0) an be masked. This process
transforms each atomic column into an atomic cluster, which can be regarded as an “island”. Each “island”
serves as our summation region. By combining this approach with the traditional centroid method, we can
further derive an improved formula for the centroid method; specifically, Equation (14) is derived from
Equations (3) and (13):

o o ZiZjxilly—Ay) X%y Ty - Ay)
x = Ly =
i X (L — Aij) % %) (Iij = Aij)

(14)

The centroid coordinates obtained via this method can be considered as the initial positions of the atomic
columns, which are subsequently refined using further Gaussian fitting. Notably, its adaptivethresholding
scheme renders the method agnostic to material periodicity, enabling analyses that periodicitydependent
tools like OO Picker cannot perform. The schematic of these algorithms is shown in Figure 1A.

However, due to thresholding, very weak scattering atomic column sites, such as oxygen atoms, may be lost.
To recover these points, the software additionally incorporates a supplementary template matching module.

Rapid identification of weak scattering atomic columns via normalized cross-correlation

The Normalized Cross-Correlation (NCC) method is employed to locate the positions of weak scattering
atomic columns. Initially, an atomic row is selected as a template, which is then utilized to generate a
correlation map. This approach has proven to be highly effective in accurately determining the positions of
weak scattering atomic columns. After each iteration, the user is required to designate templates from three
distinct locations within the image. The correlated atomic positions are then aligned based on cross-
correlation calculations using the templates selected from these three different atomic positions by the
user™:

C(TiTy) = D Ti(xy) - Tj(x + Ax,y + Ay) (15)

where T, and T, are both pre-designated templates. 4x, 4y are displacement parameters determined by
. Subsequently, an average template

[19

maximizing the cross-correlation value to achieve optimal alignment
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is generated by performing a pixel-wise average of the three aligned templates. This step is crucial for
accurately locating atomic positions in high-resolution microscopic images of interfaces. It is noteworthy
that, in certain cases, there may be multiple standard templates for determining atomic positions. In such
scenarios, the process can be repeated multiple times to identify all relevant templates.

Once the templates are established, the cross-correlation map y (4, v) determined using the following
formula:

S [F063) = Fun | 110 =y =) = 1)

y(u,v) = { (16)

Zx,y [f(-xsy) _ju,vrzx,y[t(x—u,y—v) _i]2}

where frepresents the image, 7 is the mean of the template, and f,, denotes the mean of f (x, y) within the
template region.

The cross-correlation map effectively amplifies weak signals, making them more discernible. Subsequently,
the improved centroid method is utilized to accurately determine the position of each spot generated in the
correlation map®**. The schematic of these algorithms is shown in Figure 1B.

Enhanced 2D Gaussian fitting

In STEM images, the intensity of atoms approximates the intensity distribution of Airy disks. The central
intensity is indicative of the scattering strength of the electron beam at the atomic position. 2D Gaussian
functions provide the most computationally efficient representation of Airy disks and exhibit minimal
deviation from the actual Airy disk profiles in practical applications.

To achieve more precise determination of atomic positions, a 2D Gaussian fitting procedure is employed
prior to finalizing the output results. This fitting process enhances the accuracy of the atomic localization by
refining the initial positions obtained through centroid and cross-correlation methods. Traditional
approaches to 2D Gaussian fitting include least-squares Gaussian iterative fitting, nine-point regression, and
fast Fourier transform (FFT)-based methods. Among these, the least-squares Gaussian iterative fitting offers
the highest precision; however, it is associated with significant computational costs and extended processing
times due to its iterative nature. Conversely, methods such as nine-point regression and FFT-based fitting,
while faster, do not achieve the necessary level of accuracy required for precise atomic localization”).

To balance accuracy and computational efficiency, optimization techniques based on least-squares Gaussian
iterative fitting, such as iterative optimization, are typically employed. Nonetheless, these optimized
methods tend to exhibit reduced robustness in the presence of noise, which can compromise the reliability
of atomic position determination in noisy STEM images. Consequently, there is a continual need for the
development of more efficient and robust 2D Gaussian fitting algorithms that can maintain high precision
while mitigating the impact of noise.

Finally, the software adopts a method known as enhanced weighted overdetermined regression, which
maintains precision comparable to least-squares Gaussian iterative fitting even at lower signal-to-noise
ratios (SNRs), while achieving a speed increase of two orders of magnitude and demonstrating robustness
against noise. The method is formulated as follows™":
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V|| + ey (17)

2w 2-wy

(x-x0)® O —y0)2)

IxyzA-eXp[—(

where I, represents the pixel intensity, A is the peak amplitude, x and y denote the coordinates of an
individual pixel, x, and y, are the coordinates of the Gaussian center obtained initially via the centroid
method, w, and w, is the standard deviation or width of the Gaussian distribution, and &, corresponds to the

[24]

noise®*.

Nevertheless, this approach has inherent limitations. Its most significant drawback is the requirement for
relatively accurate initial coordinates and a set of parameters - such as peak intensity, the standard deviation
(or width) of the Gaussian distribution, and background noise - which is common to all 2D Gaussian fitting
algorithms. Typically, users must manually input and adjust these parameters to obtain sufficiently precise
values. In STEM images containing hundreds or thousands of 2D Gaussian distribution points with varying
characteristics, identifying parameter values that ensure convergence for all points is particularly
challenging, making the process time-consuming and demanding considerable patience and expertise. This
challenge has motivated subsequent improvements in the methods for preliminary fitting parameter
estimation. To streamline the process while ensuring optimal fitting for each atom, the software presets
these parameters automatically. Considering the influence of noise, the maximum intensity of the Gaussian
distribution is typically set slightly higher than the peak intensity. Therefore, A is set to 90% of the
maximum contrast I, within the fitting region. The standard deviation or width w,and w, is automatically
estimated using the full width at half maximum (FWHM) method, approximated by w ~ S5¥HM wwhere
FWHM is the distance between two symmetric points corresponding to half the peak height, determined via
interpolation. To estimate the noise ¢,, a background region statistics method is employed. For each point,
the software automatically searches for a region within two to four w units away from the initially estimated
centroid position. It identifies the area with the lowest average intensity, presumed to be an information-
free region, and calculates the standard deviation of the intensity within this region to estimate the
background noise. For the final fitting region, a width of w is selected. This approach ensures that, even in
STEM images with significant background noise fluctuations, the parameters can be individually adjusted
for each atom. Consequently, the overdetermined nature of the fitting process for all atoms results in more
precise coordinates, effectively replacing the initial estimates with highly accurate atomic positions. The
schematic of these algorithms is shown in Figure 1C.

Steps of analysis

The software is developed using the MATLAB (M) programming language and is organized into several
distinct modules, as illustrated in the flowchart of Figure 2. The user interface of the software is depicted in
Figure 3.

The workflow begins by launching the main program of STEMax_PF and utilizing the "Load Image” script
to import images. The software supports a variety of mainstream image formats, including JPEG, PNG,
BMP, and TIFF. Given that the primary application of this software targets STEM images, it additionally
supports the simultaneous reading of DM3 and DM4 file formats and outputs the actual size of each pixel in
the image'. Users have the option to select between HAADF images and annular bright field (ABF)
images, with support for both modalities, as shown in the enlarged figure in Figure 3A. Subsequently, by
selecting an appropriate threshold, the software separates each atomic cluster. This step is verified through
the “Preview” function, which employs the enhanced centroid method to determine and save the positions
of atoms.
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Figure 2. Workflow diagram of software usage. The software consists of three main components: the main program, the weak
scattering atomic columns find program, and the Tools program. The Main program is executed first, followed by the selective use of
the weak scattering atomic columns find program as needed, and finally, the tools program is employed.
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The “weak scattering atomic columns find” script is designed to identify atoms with very weak intensities
that could not be detected in the initial step. If no such atoms are present, this script can be skipped. During
this process, users are required to select three templates of identical size, with the template size determined
by the “radius” parameter. Based on the average of these three templates, the software identifies similar
regions within the image, thereby locating atoms with very weak intensities. The specific page is shown in
the Figure 3B. This approach necessitates that the templates contain information about different types of
atoms, allowing the software to determine the positions of extremely weakly intense atoms by leveraging the
positional relationships between different types of atoms.

Upon obtaining satisfactory atomic positions, the final processing is conducted using the “tools” script.
Users can select an appropriate “cut edge” option to truncate incomplete lattice regions at the edges of the
image, followed by Gaussian fitting. In comparison to other widely used software packages'*?,
STEMax_Peaks does not require the selection of initial parameters, as it can automatically estimate the
initial fitting values for each atom. This significantly reduces the complexity of the operation. It is important
to note that during the initial use, the software necessitates the configuration file to initiate a parallel pool
(parpool). This setup process takes approximately a few minutes but is justified by the substantial
performance gains achieved. MATLAB’s built-in Parallel Computing Toolbox enhances the speed of
Gaussian fitting by an order of magnitude. Finally, the “save” button allows users to save all atomic
information, including the X and Y coordinates and intensities of atoms, in a TXT file format within the
directory of the first image loaded.

When calibrating multiple types of atoms simultaneously, the software also provides a distinguishing
function. It will plot the contrast for all atoms, and subsequently allow the user to separate different atoms
based on the numerical input of “types of atoms”. The positions of each type of atom can then be viewed
using the “display” function below. The information of different types of atoms is also stored in separate
TXT files, facilitating detailed structural analysis. The specific page is shown in the Figure 3C.

Compared to commonly used open-source software such as Atomap, our software significantly reduces the
complexity of operation. All tasks can be executed through the interface depicted in Figure 3, with
immediate feedback provided at every stage. Users can quickly calibrate parameters using simple
mechanisms such as sliding controls and numerical input adjustments, thereby considerably lowering the
entry threshold and enhancing the user experience. This design enables researchers to dedicate more time to
data analysis and scientific investigation rather than to complex parameter tuning and algorithm selection.

Experimental section

The preparation of STEM samples followed standard protocols, encompassing wire cutting, mechanical
grinding, polishing, pitting grinding, and argon ion beam milling under liquid nitrogen cooling. Prior to
conducting STEM experiments, the samples underwent plasma cleaning for 30 min in an argon atmosphere
using an EC-52000IC plasma cleaner. This step was essential to eliminate surface contamination from
hydrocarbons. STEM investigations were performed using a JEM-ARM300F2 (Grand ARM) scanning
transmission electron microscope.

During the STEM experiments, the rapid scanning direction was aligned parallel to the horizontal axis of
the resulting images. To enhance the SNR of the HAADF and ABF images and to minimize image
distortion, a sequence of 10 frames was continuously captured with short dwell times. The frame sequences
were subsequently aligned using the Gatan image alignment plugin, “SmartAlign”, within the digital
micrograph software. This alignment process included diagnosing and correcting for sample drift between
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frames for both HAADF and ABF images, effectively removing drift-induced artifacts. Moreover, summing
multiple frames can effectively enhance the signal, thereby preserving the material’s unique properties.

Following alignment, the frames were overlaid to construct a composite image with improved SNR and
reduced distortions. The resulting STEM images were further processed for noise reduction using the Radial
Wiener Filter plugin available in Digital Micrograph. This denoising step ensured the clarity and accuracy of
the atomic-scale features observed in the final images.

By adhering to these meticulous preparation and imaging procedures, the software-averaged STEM images
achieved high precision and reliability, facilitating detailed analysis of complex material systems.

RESULTS AND DISCUSSION

Method accuracy and precision

To validate the accuracy of the software, specifically designed simulated images were generated for
verification purposes. The simulation diagram is presented in Figure 4A. In these simulated images, a 50 x
50 array of A-site atoms with high intensity and a perfect lattice structure was first created. Subsequently, B-
site atoms were simulated to represent the [100] crystallographic phase of the perovskite ABO, structure
within STEM images and were inserted between the A-site atoms. For the Bsite atoms, those in the upper
half of the image are shifted by one pixel toward the left-up direction (135°), while those in the lower half
are shifted by one pixel toward the right-down direction (315°). These positional shifts emulate different
orientations of ferroelectric domains. In the generated images, each pixel corresponds to an actual size of 1
pixel = 5.49 pm™. For the Bsite atoms, those in the upper half of the image are shifted by one pixel toward
the northwest (135°), while those in the lower half are shifted by one pixel toward the southeast (315°).

Since the variance of Poisson noise is equal to the mean of the signal, the brightness of the image was first
normalized. Subsequently, the brightness was adjusted so that its mean equals (SNR)***. Random noise was
then introduced using a Poisson distribution, thereby generating Poisson noise. Simulated images with
SNRs of 5, 15, and 50 were produced to validate the software’s performance; different SNRs exert varying
effects on the signal, as illustrated in Figure 4B. Poisson noise is the predominant noise source in STEM
imaging, thereby effectively simulating the noise present in actual STEM images"***. According to the study
by Bals et al., the precision in image measurements was defined as the standard deviation of the measured

displacement distances™.

The final atomic positions and their corresponding displacement images are illustrated in the accompanying
figure. To quantify the deviation between the obtained displacements and the theoretical displacements, the
Euclidean distance was employed. The advantage of using Euclidean distance lies in its ability to
comprehensively reflect both the directional and magnitude components of the deviation. This metric
allows for an effective comparison with the Gaussian-distributed displacements introduced by varying
SNRs, thereby accurately representing the final displacement errors.

The precision of the software was validated using specifically generated simulated images. Testing was
conducted on a computer without a graphics processing unit, equipped with an Intel® Core™ i5-8400 CPU
running at 2.80 GHz and 7.8 GB of RAM. By initiating eight parallel pools for computation, Gaussian fitting
for approximately 5,000 atoms was completed in approximately 36 s. Notably, this hardware configuration
is considered relatively outdated, indicating that the software is capable of processing nearly all STEM
images on almost any standard computer.
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Figure 4. Simulation of HAADF images with B-site/A-site intensity at 10% of A-site/B-site intensity of perovskite ABO;e.g.,
ferroelectric LaAlO; or NaNbO,, and SNR values of 50, 15, and 5 to validate precision. (A) Schematic of a simulated 50 x 50 image and
enlarged views of a single lattice for SNR values of 50, 15, and 5; (B) Average templates obtained using the Cross-Correlation method
for images with different SNRs; (C) Final point detection results for images with varying SNRs; (D) Schematic illustration of atomic
displacements measured by the software at the simulated interface for images with different SNRs, with the color bar indicating colors
corresponding to different displacement directions; (E) Scatter plots of the differences between measured displacements and
theoretical displacements for images with different SNRs, where the distance from the origin represents the Euclidean distance and the
standard deviation indicates precision. HAADF: High-angle annular dark-field; SNR: signal-to-noise ratio. SD: standard deviation.

Initially, as can be seen from Figure 4, the precision of the proposed method was compared across different
SNRs, with the intensity of B-site atoms set to 10% of that of A-site atoms, a condition that is relatively rare
in real-world scenarios. We deliberately made this choice in order to evaluate our software under the most
challenging conditions. It is important to emphasize that achieving a tenfold contrast difference between the
A-site and B-site atoms in HAADF images is extremely demanding in real materials. This strict requirement
can only be met in specific perovskite systems where the atomic number (Z) ratio between the A- and B-site
elements exceeds at least 3:1. Exemplary systems include NaNbO, (A-site: Na, Z = 11; B-site: Nb, Z = 41),
LaAlO, (A-site: La, Z = 57; B-site: Al, Z = 13), NdAIO, (A-site: Nd, Z = 60; B-site: Al, Z = 13), etc. Although
materials satisfying this condition are relatively rare, their scarcity makes them an ideal test bed for
validating our method under extreme contrast conditions. Moreover, the rigor of these conditions serves to



Zhao et al. Microstructures 2025, 5, 20250100 | https://dx.doi.org/10.20517/microstructures.2025.29 Page 13 of 18

underscore the broad applicability of our software. The final statistical results are presented below.

Figure 4A displays the simulated images, magnified lattice structures, and Figure 4B-D shows the
effectiveness of template matching when locating B-site atoms, zoomed-in views of point-finding results,
and zoomed-in views of polarization effects. The color bar on the right corresponds to polarization in
various directions. Figure 4E presents an error analysis, wherein the X and Y coordinates in the scatter plot
represent the deviations of the measured polarization from the theoretical polarization in the X and Y
directions, respectively. The distance from each point to the origin of the coordinate axes quantifies the
error, measured in picometers (pm).

The results revealed that for images with an SNR of 5, the standard deviation of all displacement Euclidean
distances was 0.827 pixels; for an SNR of 15, it was 0.423 pixels; and for an SNR of 50, it was 0.206 pixels.
Considering that the simulated image scale is 1 pixel = 5.49 pm, the corresponding precisions of the method
are 4.5418 pm, 2.3267 pm, and 1.1326 pm for SNRs of 5, 15, and 50, respectively. These findings
demonstrate that the software consistently achieves precision at the single-picometer level across varying
SNRs. This high level of precision, even at lower SNRs, underscores the software's robustness and its
suitability for detailed analysis of STEM images under diverse experimental conditions.

Furthermore, we observed a pronounced preferred direction in the bias at an SNR of 15, and slight
orientation biases were also present at SNR values of 5 and 50. We think that under the same SNR, the noise
associated with strong atoms at position A is significantly higher than that for the weaker atoms at position
B. In cases of very weak peaks, if a B atom tends to approach an A atom from a specific direction -
particularly when it is closer to one side, as illustrated in our displacement scenario - the noise contributions
from the A atoms in the four surrounding directions can induce a slight asymmetry in the background
fitting. This effect only becomes evident when the B peak is extremely weak. When the SNR is low, the
elevated noise levels obscure these subtle asymmetries; conversely, at very high SNRs, the noise is too
minimal to generate any significant asymmetry. Consequently, this directional bias is most apparent at an
SNR of 15, whereas it is less pronounced at SNR values of 5 or 50.

Subsequently, the proposed method was compared with commonly employed traditional calibration
techniques, utilizing both commercial software and the software developed by Mitchell®”, including the
centroid method and 2D Gaussian fitting. Experimental findings revealed that for B-site atoms with
extremely weak intensities - for instance, when B-site atom intensity is set to 10% of that of A-site atoms -
traditional methods fail to accurately determine atomic positions. Therefore, to facilitate comparison under
different SNRs and methods, the intensity of the B-site atoms was increased to 50% of that of the A-site
atoms. Figure 5A shows the magnified atomic lattice. Figure 5B presents the detailed experimental results
regarding precision. In the scatter plot, the X and Y coordinates denote deviations between the measured
displacement and the theoretical polarization in each respective direction, while each point’s distance from
the coordinate origin quantifies the error in pm. The results indicate that at an SNR of 5, the centroid
method attains a precision of 4.3217 pm, the 2D Gaussian method achieves 2.2355 pm, and the proposed
software yields 2.3782 pm. At an SNR of 15, the centroid method offers a precision of 2.6851 pm, the 2D
Gaussian method 1.2589 pm, and the proposed software 1.2846 pm. At an SNR of 50, the centroid method
attains a precision of 1.9797 pm, the 2D Gaussian method 1.1076 pm, and the proposed software 1.1897 pm.
Figure 5C employs a radar chart to illustrate the precision, processing speed, and robustness of the three
methods. Different colors represent different methods. Precision is quantified by taking the reciprocal of the
average precision measured under various SNR conditions (in units of pm™). Robustness is represented by
the reciprocal of the standard deviation of the precision under the same conditions (also in units of pm™).
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Figure 5. Simulation of HAADF images with B-site intensity at 50% of A-site intensity. (A) Enlarged views of a single lattice for SNR
values of 50, 15, and 5; (B) Comparison of measurement precision among the proposed software, the centroid method, and the 2D
Gaussian fitting method under SNR values of 50, 15, and 5, illustrated by scatter plots of the differences between the observed and
theoretical displacements; (C) Radar map comparing the three methods in terms of speed, precision, and robustness. HAADF: High-
angle annular dark-field; SNR: signal-to-noise ratio; 2D two-dimensional.

Speed is conveyed by the reciprocal of the processing time (in units of s*). As shown in the figure, the
proposed software achieves roughly half the processing speed of the centroid method, yet both methods are
two orders of magnitude faster than the 2D Gaussian method. At the same time, the precision and noise
robustness of the proposed software are close to those of the 2D Gaussian method, clearly demonstrating its
advantages.

Additionally, it was found that the centroid method exhibited clustering at fixed symmetrical positions,
likely due to the influence of noise introduced by the fixed pattern on the centroid calculations.
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The simulated images used in this study do not account for scanning noise, as most low-frequency scan
distortions can be effectively corrected using the “SmartAlign” procedure applied in the experimental
section. In cases where such correction is not performed, the accuracy of this software may be reduced due
to inherent limitations of the Gaussian fitting algorithm.

We plan to extend our software in future updates by incorporating a module for generating distortion-
corrected images, in order to further enhance the accuracy and universality of our analysis.

These results demonstrate that the proposed software significantly outperforms the centroid method in
terms of precision and maintains only a minor difference in precision compared to the 2D Gaussian
method. Furthermore, at higher SNR levels, the precision gap between the proposed method and the 2D
Gaussian method even decreased, potentially because the software individually estimates fitting parameters
for each atom, thereby reducing the impact of varying peak intensities among different atoms. When
compared to the precision achieved for simulated images of weak scattering B-site atoms, it was observed
that although there is a reduction in precision under extremely weak signal conditions (where the peak
intensity of the Gaussian distribution is very low), the method still maintains precision at the picometer
level.

Potential applications
In addition to the ABO, perovskite structure image peak detection discussed in previous studies, this
software can also be utilized to locate atomic positions in specialized structures.

For certain specialized materials, the presence of difficult-to-identify atoms is common. These atoms may
exhibit extremely weak signals or occupy closely adjacent positions, resulting in numerous atoms within a
single image that are challenging to detect directly. In such cases, the “‘Weak Scattering Atomic Columns
Find’ script of the software can be employed to assist in the calibration process.

In this study, we selected a structure known as anti-fluorite, a highly complex cubic phase. Its structural
diagram is illustrated in Figure 6A. For this structure, Figure 6B presents a STEM image acquired along the
[110] crystallographic zone axis, it is evident that within each column of atoms situated between two strong
scattering atomic columns, there are four atoms with relatively weaker intensities. However, due to the
proximity of two of these weaker atoms to the strong scattering atomic columns and the limitations
imposed by atomic distance and signal intensity, conventional calibration methods struggle to accurately
determine the positions of all four atoms while maintaining precision, as illustrated in Figure 6C"”. This
often results in missing peaks and superfluous peaks. In contrast, the proposed software overcomes this
challenge by establishing two independent templates, as shown in Figure 6D, enabling the accurate
calibration of all four weak scattering atomic columns. The final calibration results presented in Figure 6E
demonstrate that the software successfully identifies the positions of all four weak scattering atomic
columns without introducing any extraneous or erroneous atoms. This capability highlights the software’s
effectiveness in calibrating atoms within materials that present significant calibration difficulties.

CONCLUSION

This study introduces a novel software tool designed for the oriented analysis of STEM images. By
implementing an enhanced centroid method, template matching, and an improved Gaussian fitting
approach, the software effectively determines the precise positions and contrasts of various atoms within
STEM images. Validation using simulated HAADF images with different SNRs revealed that the software
consistently achieves picometer-level precision across a range of SNRs, while also demonstrating
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Figure 6. Illustration of the software’s template-based point detection performance for atoms with extremely weak signals. (A)
Structure of anti-fluorite; (B) STEM image of the material and its structural schematic; (C) Point detection results obtained using
Tempas, displaying missing peaks and superfluous peaks; (D) Effectiveness of template selection within the software; (E) Final point
detection outcomes. STEM: Scanning transmission electron microscopy.

exceptionally rapid processing speeds. In practical applications, this software can be employed to calibrate
the atomic positions in various materials, thereby enabling comprehensive microstructural analysis.
Moreover, by utilizing the acquired atomic position and intensity data in conjunction with quantitative
measures such as polarization, strain mapping, and octahedral tilting, the software facilitates a precise
elucidation of the complex relationships between microstructural features and macroscopic performance*.
Furthermore, by extracting critical indicators - such as variations in local lattice parameters, point defect
densities, distributions of bond lengths and bond angles, as well as the characteristics of grain boundaries
and phase interfaces - the approach offers valuable insights that can support the design of novel functional

materials, process optimization, and multidimensional performance studies.
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