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Abstract 

In situ reflective high-energy electron diffraction (RHEED) is widely used to monitor the surface crystalline state dur‑
ing thin-film growth by molecular beam epitaxy (MBE) and pulsed laser deposition. With the recent development of 
machine learning (ML), ML-assisted analysis of RHEED videos aids in interpreting the complete RHEED data of oxide 
thin films. The quantitative analysis of RHEED data allows us to characterize and categorize the growth modes step by 
step, and extract hidden knowledge of the epitaxial film growth process. In this study, we employed the ML-assisted 
RHEED analysis method to investigate the growth of 2D thin films of transition metal dichalcogenides (ReSe2) on 
graphene substrates by MBE. Principal component analysis (PCA) and K-means clustering were used to separate statis‑
tically important patterns and visualize the trend of pattern evolution without any notable loss of information. Using 
the modified PCA, we could monitor the diffraction intensity of solely the ReSe2 layers by filtering out the substrate 
contribution. These findings demonstrate that ML analysis can be successfully employed to examine and understand 
the film-growth dynamics of 2D materials. Further, the ML-based method can pave the way for the development of 
advanced real-time monitoring and autonomous material synthesis techniques.
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1  Introduction
Advanced thin-film synthesis methods, such as molecu-
lar beam epitaxy (MBE), pulsed laser deposition (PLD), 
and atomic layer deposition (ALD), have allowed the 
formation of atomically sharp interfaces and precise 
surface engineering in transition metal oxides, III–V 
semiconductors, and two-dimensional (2D) transition 
metal dichalcogenides (TMDCs) [1–4]. In  situ monitor-
ing techniques, such as reflection high-energy electron 
diffraction (RHEED), spectroscopic ellipsometry, and 
Auger electron spectroscopy, enable us to monitor the 
physical properties during the film growth in real time 
[5–7]. Such in  situ monitoring techniques have drasti-
cally improved our understanding of the growth dynam-
ics. Notably, in  situ RHEED, which involves the use of 
high-energy electrons along the grazing incident angle, 
is sensitive to the topmost surface. Its image data carry 
a wealth of physical information, such as surface crystal-
linity, surface morphology, growth rate, in-plane lattice 
spacing, strain effect, degree of disorder, and changes in 
surface reconstruction [8–11]. Although the advanced 
RHEED technique is widely used for the growth of thin 
films as well as nanostructures, such as nanodots and 

nanorods [12], only a small fraction of the RHEED data is 
used. This minute fraction contains static diffraction pat-
terns obtained at a specific time or intensity profile from 
several diffraction points during the thin-film growth.

With the development of artificial intelligence tech-
nology, one should consider adopting machine learn-
ing (ML) methods for analyzing the complete RHEED 
data to advance the existing thin-film growth methods 
and design fully autonomous material synthesis tech-
niques [13–16]. Deep learning models, such as convolu-
tional neural networks, classified the surface pattern and 
reconstruction of GaAs [17] and FexOy [18] with a high 
accuracy based on the RHEED data. The surface evolu-
tion and transitions in an entire RHEED data sequence 
were also examined for various oxide materials using 
unsupervised ML methods such as principal component 
analysis (PCA) and K-means clustering [19–21]. They are 
advantageous for distinguishing the film-growth dynam-
ics and investigating the time-dependent growth mecha-
nisms and transitions of surface crystalline phases. PCA 
is an orthogonal linear transformation that defines new 
orthonormal basis vectors called principal components. 
Each principal component corresponds to an extracted 
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pattern with a statistical significance (Fig.  1b). For the 
oxide film growth, PCA facilitates the identification of 
growth modes and reduction of data dimensionality [19, 
20]. K-means clustering is a vector quantization method 
in which the RHEED image sequence is partitioned 
into K clusters based on statistical similarity (Fig.  1c). 
This method allows the identification of stoichiometric 
changes, strain relaxation, surface reconstruction, and 
growth mode transitions [19, 21].

The ML-assisted RHEED analysis has been applied to 
analyze the film growth of many oxide materials [18–21], 
but not for 2D materials. Understanding the growth 
mechanisms of ultrathin 2D TMDCs is vital for investi-
gating the unique physical properties arising from their 
2D van der Waals layered structures. The film growth 
mechanism of 2D materials is significantly different from 
that of other oxides, whose interlayer bonding at the 

interfaces is strong. Typically, 2D materials can grow epi-
taxially even for a large lattice mismatch between the film 
and the substrate, because of their weak van der Waals 
bonding at the interfaces [1]. The growth mechanism of 
2D materials has been investigated using ex situ char-
acterizations, such as Raman spectroscopy, photoelec-
tron spectroscopy, scanning tunneling microscopy, and 
transmission electron microscopy [22–25]. These ex situ 
approaches provide limited information on the real-time 
film growth dynamics, and thus, it is imperative to adopt 
a suitable method for investigating the entire RHEED 
video of the film growth of 2D materials.

In this study, we demonstrate the ML-assisted RHEED 
analysis of TMDC thin-film growth based on unsu-
pervised ML approaches, including PCA and K-means 
clustering. Using these methods, we can isolate the 
RHEED patterns based on their statistical importance 

Fig. 1  Overview of ML-assisted growth analysis. a Schematic of the growth of 2D layered thin films by MBE and acquisition of in situ RHEED video, 
b, c Processes of PCA and K-means clustering
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and then separately monitor the film contributions. The 
ML-assisted RHEED analysis was primarily conducted 
on 1T’-ReSe2 thin films grown on graphene substrates 
by MBE. We developed a modified version of the PCA 
to detect the thickness oscillation of the 2D thin films 
by eliminating the strong substate contributions and by 
reconstructing the RHEED intensity profile of only the 
thin films. Furthermore, compression of the first thick-
ness oscillation suggested an abrupt change in the film 
growth rate during the initial growth period. These find-
ings reveal that implementing ML analysis is suitable 
for attaining a deeper understanding of the film-growth 
dynamics of 2D materials and for developing advanced 
real-time film monitoring techniques.

2 � Results
We prepared ReSe2 thin films, with varied thicknesses, 
on graphene substrates. Figure  2a shows the atomic 
structure of the distorted 1T (1T’) ReSe2. Figure  2b–d 
show the schematic models of the graphene substrate and 
ReSe2 thin films with 0.3 and 3 unit cells (UC), respec-
tively. We monitored the growth of ReSe2 with in  situ 
RHEED measurements and then compared the results 
with ex situ atomic force microscopy (AFM) data, as 

shown in Fig.  2e–j. Initially, the bilayer graphene sub-
strate was prepared with a sharp RHEED pattern (Fig. 2e) 
and a very flat surface with wide terraces (Fig. 2h). After 
4  min of film growth, additional streaks of the ReSe2 
lattice emerged in the RHEED pattern, indicated by 
red arrows in Fig.  2f. Further, small ReSe2 islands were 
nucleated in the topography (Fig.  2i). After 62  min of 
deposition, the RHEED pattern of graphene completely 
disappeared, leaving only the ReSe2 streaks, as shown in 
Fig. 2g. The vertically elongated ReSe2 streaks indicated a 
flat surface topography of the ReSe2 thin film [9]. The in-
plane lattice parameter of the ReSe2 layer was estimated 
by comparing the RHEED streaks of graphene and ReSe2. 
The calculated in-plane lattice parameter was 6.58  Å, 
which was consistent with the bulk value (6.60  Å(a1) 
and 6.71  Å(a2)) [26]. The corresponding ReSe2 thin 
film showed a flat surface with a roughness of 0.23  nm 
(Fig. 2j), and its thickness was expected to be about 3UC.

The 3UC-thick ReSe2 was characterized by Raman 
spectroscopy, as shown in Fig. 2k. ReSe2 exhibited diverse 
vibration modes in the range of 100–300  cm−1, because 
the inversion symmetry is broken in 1T’ ReSe2. The peak 
positions were consistent with those of the ReSe2 bulk 
and thick films, and the peak positions showed only a 

Fig. 2  Growth and characterization of ReSe2 thin films. a Crystal structures of 1 T’ ReSe2. b–d Schematic models of the graphene substrate and 
ReSe2 thin films with 0.3UC and 3UC. e–g RHEED images and h–j AFM images of the ReSe2 thin film for different growth times (0, 4, and 62 min). 
The black and red arrows in the RHEED images indicate the bilayer graphene substrate and ReSe2 diffraction streak, respectively. k Raman spectrum 
and l HAADF STEM image of the 3UC ReSe2 film. Scale bars in the AFM and STEM images are 500 nm and 3 nm, respectively
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slight thickness dependence [27, 28]. We also evalu-
ated the layer thickness by high-angle annular dark field 
(HAADF) scanning transmission electron microscopy 
(STEM) analysis, as shown in Fig. 2l. In this figure, three 
horizontal arrays of white dots are sandwiched with grey 
dots, as indicated by black arrows. Evidently, the top 
ReSe2 layer shows a weaker signal, probably due to an 
incomplete coverage of the topmost layer. Additionally, 
we examined the stoichiometry of ReSe2 by X-ray pho-
toemission spectroscopy (XPS). We calculated the inte-
grated peak areas of Re 4f and Se 3d and found that the 
Se/Re atomic ratio was approximately 2.01; this value was 
similar to the nominal stoichiometric ratio (see Addi-
tional file 1: Fig. S1). These results confirm the successful 
growth of ReSe2 thin films with controlled thicknesses, 
and indicate that the corresponding RHEED data can be 
analyzed by ML techniques.

First, we analyzed the RHEED video of the ReSe2 film 
by PCA. Figures 3a, b show the first six principal compo-
nents (PCs) and their corresponding score values, which 
are similar to the concepts of eigenvectors and eigenval-
ues, respectively. The six components add up to 98.95% 
of statistical variance in the dataset (see Additional file 1: 
Fig. S2), implying most of the dataset can be represented 
by a few components and scores. Especially, PC1 has the 
most variation (91.98%) in the RHEED video. The PC1 in 

Fig. 3a shows two major characteristics. First, the positive 
(red) area well matches the graphene pattern shown in 
Fig. 2e. On the contrary, the negative (blue) area matches 
with the (2,0) and (−  2,0) diffraction points of ReSe2. 
The score 1, or the change in PC1 over time, decreases 
gradually and undergoes a sign change from positive 
to negative near the third dashed line in Fig.  3(b). This 
result implies that in the initial RHEED video, a gradu-
ally decreasing trend of the graphene signal is primarily 
observed. This signal trend is strikingly different from 
that of the oxide thin film, in which the in-plane lattice 
parameters are mostly nearly matched [19–21].

The second component, PC2 dominates the ReSe2 
streaks and minor diffraction points on the graphene and 
SiC substrates. The negative value of PC2 represents the 
epitaxial 2D growth of the ReSe2 thin film, which is evi-
denced by the similar RHEED pattern of ReSe2 in Fig. 2g. 
The positive (red) region of PC2 includes the graphene 
diffraction streaks and several additional spots in the 
middle. Such spots are related to the buffer layer and SiC 
substrate beneath the graphene [29]. The initial decrease 
in score 2 (Fig.  3b) indicates that the substrate pattern 
disappears, and the ReSe2 pattern begins to emerge, cor-
responding to the first dashed line.

Conversely, PC3–6 contain the (2,0) and (− 2,0) diffrac-
tion signals of the 3UC ReSe2 layers. The corresponding 
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Fig. 3  PCA results; a Six PCs of the RHEED video for the 3UC-thick ReSe2 thin film and b the corresponding score plots. Component 1 (PC1) shows 
the diffraction signal of graphene, while component 2 (PC2) contains the signals of both the graphene and ReSe2 layers. Component 3–6 (PC3-6) 
show the signal of only the 2D growth of ReSe2 layer. c–e The intensity plots of the (c) original RHEED video and d, e modified RHEED video. Blue 
and orange lines denote the (0,0) and (2,0) diffraction streaks of the ReSe2 thin film (shown in the inset), respectively



Page 6 of 10Kim et al. Nano Convergence           (2023) 10:10 

score 3–6 exhibit an oscillating behavior (Fig. 3b). In the 
MBE growth, the oscillating behaviors of specular or dif-
fraction spots are used to estimate the film thickness and 
to analyze the growth modes [30]. In the layer-by-layer 
growth mode, the RHEED intensity is periodically modu-
lated by the interference between the adjacent layers or 
the degree of diffused scattering, depending on the sur-
face coverage [8]. The PCA results of other thicknesses 
(2UC, 4UC, and 5UC) also revealed that the oscillating 
character is observed when the PCs include the (2,0) 
and (− 2,0) diffraction signals (see Additional file 1: Fig. 
S3). Although the contribution of PC3–6 to the entire 
RHEED signal is < 2% (see Additional file 1 Fig. S2), they 
contain physical meaning about the film thickness and its 
growth mode.

PCA is a versatile technique that allows us not only 
to decompose complex RHEED image sequences but 
also to selectively recombine the PCs and scores. How-
ever, further reconstruction of the selected components 
to extract the buried signal of interest has not yet been 
demonstrated. In the RHEED data of 3UC ReSe2, we 
noticed that the strong signals of the graphene and sub-
strate overshadowed the weak film intensities at the ini-
tial growth duration. In Fig.  3c, the (0,0) peak intensity 
gradually declines and represents the graphene contribu-
tion, which is well correlated to score 1. To separate the 
weak ReSe2 signal from the original video, we obtained 
the modified RHEED data (mPCA) by consecutively 
subtracting graphene-related components (PC1 or PC2) 
from the raw RHEED video, as described schematically 
in Fig.  1b. Figures  3(d, e) show the intensity plot of the 
(0,0) (blue lines) and (2,0) (orange lines) streaks obtained 
from the mPCA video sets. In Fig. 3d, the subtraction of 
PC1 mainly changes the intensity plot within the initial 
period up to the third dashed line (23 min). This change 
indicates the signal transition from graphene to ReSe2, 
consistent with the sign change in score 1 (indicated with 
an arrow in Fig.  3b). In Fig.  3e, further subtractions of 
PC1 and PC2 result in stable oscillations for both blue 
and orange curves. Such oscillatory behaviors of the (0,0) 
and (2,0) streaks are likely linked to the layer-by-layer 
film growth, as mentioned before [8]. Interestingly, the 
orange curves show an additional period compared to the 
blue ones. Such discrepancy occurs in the initial duration 
when the strong graphene signal is overlapped with the 
ReSe2 signal. In this duration, the blue curves show a dip 
and slow recovery up to 23 min, while the orange curves 
show a peak-dip-peak shape. The consistent oscillating 
behaviors of the blue and orange curves in Fig. 3e provide 
accurate information about the film thickness such that 
the resulting film thickness of 3UC is consistent with the 
STEM data presented in Fig. 2c. Accordingly, we added 
the vertical dashed lines in Figs. 3b–e and 4a.

For comparison with the PCA results, we analyzed an 
identical RHEED dataset by K-means clustering. The 
K-means clustering method categorizes the sequence of 
the RHEED images into several clusters based on simi-
larity without the need for complex mathematical trans-
formations, and thus, determines the transition moments 
between distinct phases during the thin-film growth. It is 
worth noting that the relation between PCA and K-means 
algorithms is somewhat linked, as established well previ-
ously [19, 31, 32]. We employed a different number of 
clusters (K = 2–6). Figures  4a, b show the time-depend-
ent clustering for each K value and the corresponding 
centroids. As K is increased from 2 to 6, more divided 
sections appear for the initial growth time (i.e., < 35 min), 
implying that the major pattern change mostly occurs at 
the initial duration. The boundaries between the clus-
ters show good alignment with the vertical dashed lines 
for K = 5 and 6 (Fig.  4a). As shown in Fig.  4c, the cost 
function (i.e., the accumulated differences between the 
clusters and the original data) is used to determine the 
valid number of clusters, and the appropriate K is near 
the saturation point of the curve [21]. The cost function is 
saturated when K > 4. To investigate the evolution of the 
centroids in detail, we plotted the difference between the 
adjacent centroids (ΔCi(i+1)) as shown in Fig. 4d by sub-
tracting a former centroid (Ci) from a latter one (Ci+1) 
for K = 6. Here, the positive (red) and negative (blue) 
regions represent the emerging and disappearing charac-
teristics in the RHEED patterns, respectively. A distinct 
feature of ΔC12 is the emerging ReSe2 streak signal (indi-
cated with red arrows), which corresponds to the emerg-
ing ReSe2 signal in the PCA. The graphene signal (black 
arrows) shows a gradually disappearing trend up to ΔC45 
(23 min). This boundary corresponds to the third dashed 
line, at which the graphene signal nearly disappears as 
score 1 becomes negative in the PCA (Fig. 2b). After the 
graphene signal disappears, ΔC56 mostly shows the inten-
sity variations in the ReSe2 streaks, implying a homoepi-
taxial growth regime. Therefore, the results obtained by 
K-means clustering with K > 4 were consistent with those 
of the PCA.

3 � Discussion
The stable oscillations of RHEED diffraction streaks in 
Fig.  3e indicate that the ReSe2 film growth nearly fol-
lows the layer-by-layer growth mode. The two oscillation 
peaks are observed until the RHEED signal of graphene 
disappears, as shown by an orange arrow (~ 23  min) in 
Fig.  3e. This observation corresponds to the sign rever-
sal moment of score 1 (Fig. 3b). The two oscillation peaks 
imply that the small portion of bilayer ReSe2 domains are 
formed, before the graphene surface is completely cov-
ered, at the given growth condition. Such a phenomenon 
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was observed in our previous scanning tunneling micros-
copy-based study, in which we had observed the partial 
formation of bilayer ReSe2 islands when the graphene 
surface was incompletely buried [23]. These results of 
ReSe2 growth behavior suggest some deviation from the 
layer-by-layer growth mode to the Stranski–Krastanov 
growth mode,

Moreover, the first oscillation period of the (2,0) streak 
is approximately half of the following oscillation periods 
(black arrows in Fig. 3e). The shrinking of the first oscil-
lation indicates that either the growth rate in the first 
layer accelerated or that in the following layers deceler-
ated. Abrupt changes in the RHEED oscillation occur 
in the case of SrRuO3 growth on SrTiO3 (001) surfaces 
[33], and the first oscillation period is two times longer 
than the following periods. Koster et  al. concluded that 
RuOx re-evaporates, and the growth rate of the first 
SrRuO3 layer drops to nearly half of its initial value [34]. 
This decrease in the growth rate implies that the growth 
dynamics of the first layer are largely dependent on the 
surface energy of the substrates in the case of complex 
oxides and chalcogenides [33–36]. In our case, the film 
growth process can be divided into two situations: ReSe2 
layer on graphene surface (heteroepitaxy) and ReSe2 layer 
on ReSe2 surface (homoepitaxy). Assuming that the num-
ber of atoms that are deposited is kept same during the 
film growth, the different surface energies of graphene 

and ReSe2 are expected to lead to a faster growth of the 
first ReSe2 layer when it is grown on a graphene. The 
shortening of the first RHEED oscillations are consist-
ently observed when several ReSe2 films are repeated (see 
Additional file  1: Fig. S4). Since different substrate sur-
face states have also shown alteration of growth modes 
of TMDC thin films [35, 36], further analysis of the ini-
tial RHEED analysis for different substrates and thin film 
materials would be beneficial to investigate the correla-
tion between the surface energy and growth modes [37].

We applied comprehensive ML analyses, such as PCA 
and K-means clustering, to understand the growth mech-
anism of an ReSe2 thin film on graphene, which is a model 
van der Waals heteroepitaxial system. In case of the oxide 
film growth, the previous ML analyses of RHEED have 
reported the growth modes and the implication of PCs 
because the RHEED patterns maintain similar shapes and 
sizes from the substrates to the films. However, TMDC 
thin films have been successfully grown on substrates 
with largely mismatched lattices, such as graphene and 
sapphire, because of the weak van der Waals bonding at 
the interfaces [1]. The low-dimensionality characteristic 
of the TMDCs also gives rise to unique layer-dependent 
quantum phenomena. Thus, precise prediction of the 
film thickness is crucial for the initial growth. The domi-
nant substrate signal in the RHEED pattern hinders the 
analysis of the initial growth mechanism of a thin film. 

Fig. 4  K-means clustering analysis of the RHEED video of the 3UC ReSe2. a Clusters with number of clusters (K = 2–6) and b their corresponding 
centroids. c Cost function as a function of K. d Difference between the adjacent centroids for K = 6
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Our ML analysis focused on separating PCs correspond-
ing to the substrates and the films by utilizing PCA with 
statistical significance. This ML analysis is beneficial for 
analyzing the growth dynamics and layer thicknesses for 
ultrathin van der Waals thin films, and the correspond-
ing results are consistent with those of the K-means clus-
tering method. Our results suggest that the ML-assisted 
RHEED analysis could be developed into an automatic 
validation method for investigating ultrathin 2D materi-
als films, and it is complementary to other surface anal-
ysis tools [7, 38, 39]. Furthermore, this method can be 
applied to analyze the thin-film growth of other 2D mate-
rials, such as 2D chalcogenides, 2D MXenes, 2D oxides, 
and hexagonal boron nitrides [40–43].

4 � Conclusions
In summary, we conducted an ML-assisted in  situ 
RHEED analysis to understand the epitaxial growth of 
ReSe2 thin films, with different thicknesses, on graphene. 
Using PCA, we can separate the in  situ RHEED dataset 
into newly defined PCs and their scores based on their 
statistical significance. We observed the growth dynam-
ics of the ReSe2 thin film by subtracting the graphene 
substrate contribution. We confirmed that the time evo-
lution of the K-means clusters for K > 4 was consistent 
with the PCA result. Therefore, these results indicate 
the feasibility of applying ML techniques to analyze the 
epitaxial growth of 2D layered materials and suggest that 
such techniques can accelerate the development of auto-
mated film growth processes.

5 � Experimental section
5.1 � Film growth
ReSe2 thin films were grown on an epitaxial graphene 
bilayer, which was fabricated on a (0001) 6H-SiC sub-
strate, using a home-built MBE system in ultrahigh vac-
uum (base pressure: 1.0 × 10–9  torr). For the growth of 
the bilayer graphene on the SiC substrate, the substrate 
was outgassed at 650 ℃ for a few hours, and the sub-
strates were subsequently annealed at 1300 ℃ for 6 min, 
as verified by the RHEED image shown in Fig. 2f. High-
purity Re (99.8%) and Se (99.999%) were used for the 
ReSe2 thin-film growth. We synthesized the ReSe2 thin 
film by co-evaporating Re and Se using an electron-beam 
evaporator and a Knudsen cell, respectively, while moni-
toring the film surface by the in  situ RHEED, as shown 
in Fig. 1a. The substrate was maintained at 300 ℃ during 
the deposition [44].

5.2 � Characterization
The Raman spectroscopic measurements were per-
formed using a 532  nm excitation laser source with a 
fixed power (30 mW) and fixed acquisition time (60 s) at 

room temperature. Scattered light from the samples was 
analyzed using a single-grating monochromator with a 
focal length of 50 cm, and was detected by a liquid-nitro-
gen-cooled charge-coupled-device detector (LabRAM 
HR Evolution, HORIBA). AFM was performed to inves-
tigate the surface morphology under atmospheric condi-
tions after the deposition (XE-100, Park system), and the 
samples were scanned in the non-contact mode using 
an NSC18/Pt tip. The XPS measurements were carried 
out to examine the stoichiometry of the films (NEXSA, 
Thermo Fisher Scientific). For the STEM analysis, cross-
sectional specimens were fabricated using the focused 
ion beam technique (Helios Nanolab 450, ThermoFisher 
Scientific). The HAADF STEM images were obtained 
using a double Cs-corrected FEI Titan G2 60–300 micro-
scope with an accelerating voltage of 200 kV.

5.3 � ML method
All the ML analyses were carried out using python ver-
sion 3.8.12 (the code and model are publicly available 
[44]). For the PCA, first, we converted the RHEED video 
into a 2D array, namely X, which was an M × N matrix, 
where M and N represented the number of frames and 
pixels, respectively. We captured RHEED video at a rate 
of one frame/second so that each row of the matrix repre-
sented an RHEED image at a particular time as shown in 
Fig. 1b (blue-shaded boxes). For the PCA, the dataset was 
converted into a linearly superposed set with component 
weights and orthogonal basis consisting of eigenvectors. 
The basis matrix (red-shaded boxes) formed an N × N 
matrix, and the column vectors indicated the individual 
PCs. In this newly defined matrix (green-shaded boxes in 
the PC space), the components were determined by the 
production of X and the basis matrix. The row vectors 
represented the RHEED images arranged in a descend-
ing order of eigenvalues (‘Score’), whereas the column 
vectors represented the time-dependent behavior of each 
score. We proposed a reconstruction process, namely the 
mPCA, in which the frames of the PC space were merged 
while eliminating some of the selected PCs, i.e. “Original 
RHEED”—

∑
n

i=1
PCi , for eliminating the substrate contri-

butions. Then, we extracted the time dependences of the 
selected diffraction peak intensities, as shown in the left 
bottom of Fig. 1b.

Next, we carried out the K-means clustering analysis 
by using 20 PCs to reduce the dimension of the original 
dataset for faster computing. We split the RHEED image 
series into K clusters, in which each image was classified 
to the cluster with the nearest mean (“centroid”). First, 
we randomly selected the K images, as the initial selec-
tions of the centroids, from the whole dataset. Then, we 
allocated each RHEED image to the nearest centroid. The 
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old centroids were replaced by the mean images consti-
tuting the corresponding clusters. This replacement was 
iteratively repeated until the centroids stopped changing.
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