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ABSTRACT
We developed a persistent-homology-based strategy that converts transmission electron microscopy images of defective graphene into quan-
titative, multiscale descriptors spanning local carbon-atom polygons and their global connectivity. Zero-dimensional persistence diagrams
for grayscale images extracted carbon-ring interiors as local structures, allowing identification of defect structures. Roundness as a measure
of the distortion of carbon rings and polygon number were quantitatively calculated. It was found that electron irradiation increased both
the fraction of non-hexagonal polygons and distortion of carbon-atom polygons in graphene. One-dimensional persistence diagrams for
polygon-center point clouds after downsampling the center of non-hexagonal polygons yielded large rings that reliably enclosed connected
defect clusters ranging from simple defects to complex clusters. These rings also enclosed non-crystalline regions composed of hexagons,
which were difficult to capture considering only polygon number. The large rings enable automated counting of the number of each type
of polygon within each defect cluster. The number of polygons within defect clusters thereby quantified the connectivity of carbon-atom
polygons and revealed that electron-beam irradiation induced the growth of defect clusters in an interconnected manner.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0305461

I. INTRODUCTION
A fundamental understanding of disordered structure–

property relationships is essential for studies on glassy and
amorphous materials.1,2 Although complete determination of
the three-dimensional (3D) atomic arrangements in amorphous
materials is still challenging,3 as for two-dimensional (2D) mate-
rials, transmission electron microscopy (TEM) enables direct
visualization of 2D atomic arrangement.4 Among 2D materials,
graphene has been extensively studied because of its exceptional
properties, including high carrier mobility5,6 and high thermal
conductivity.7,8 Ideally, graphene is a perfect 2D crystal of tes-
sellation by six-membered carbon rings; however, lattice defects
are ubiquitous. Lattice defects alter the electronic transport and
magnetic properties of materials.9–11 Consequently, for defect char-
acterization, atomic-scale observation has often been performed
using high-resolution transmission electron microscopy (HR-TEM)

and scanning transmission electron microscopy.12,13 In particular,
HR-TEM has been widely used to probe dynamic behaviors of
defects because it provides not only high spatial but also high
temporal resolution.14

Disordered graphene including lattice defects can be realized
by electron-beam irradiation using an electron microscope. In the
2000s, individual point defects were first identified in irradiated
graphene and related materials using microscopy.15–17 These prim-
itive defects were manually labeled by the size and arrangement
of the carbon-atom rings (polygons) involved, e.g., 55–77, 5–9,
and 5–8–5. Subsequently, Eder et al.18 produced amorphous 2D
carbon through high-dose electron-beam irradiation and then devel-
oped an automated pipeline that extracted atomic positions from
HR-TEM images and derived ring-size distributions. Graphene is
often characterized by intricately interconnected non-hexagonal
rings (mostly ≤nine-membered) extending over large lateral regions,
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unlike the other well-known 2D materials, such as hexagonal boron
nitride, which has large prism-shaped pores,19 and transition-metal
dichalcogenides with ≥ten-membered rings that assemble into even
larger rings.20,21 Quantitative characterization of nearly amorphous
2D carbon has been largely confined to ring-size distributions,
although disorder metrics and detection methods of isolated meso-
scopic defect clusters have been reported for crystals with low defect
density.22,23 In addition to the numerical distribution of ring sizes,
the spatial distribution of the carbon rings is another degree of free-
dom that needs to be quantified. For studies on property measure-
ment and predictive modeling in disordered structures, multiscale
descriptors are required, including the nanometer-scale connectivity
between the carbon-ring polygons. For example, Lahiri and col-
leagues showed that an extended line defect composed of alternating
five- and eight-membered rings exhibited enhanced local carrier
density and metallic properties.24

Persistent homology (PH) is a multiscale analysis method that
is widely used in materials science.25–28 PH represents the shape of
data through k-dimensional holes (N = 0: connected components; N
= 1: loops/tunnels). In PH, the scales at which k-dimensional holes
appear and disappear under continuous expansion are tracked by
a filtration process leading to the PH’s multiscale nature.29 Vari-
ous filtration processes allow PH to be used with different datasets,
including point clouds, binary images, and grayscale images.30–33 In
the era of rapidly advancing machine learning, PH is an unsuper-
vised learning approach that requires no labeled data and operates
effectively on small datasets. Moreover, it is characterized by mini-
mal hyperparameters and low computational cost, distinguishing it
from convolutional neural network (CNN)-based encoder–decoder
semantic segmentation architectures and from point-based deep
neural network architectures for 3D point clouds. Most studies using
PH have been applied to atomic arrangements, i.e., point clouds,
obtained by molecular dynamics (MD) simulations to find the hid-
den medium-range order, which is represented by the minimum
unit such as the shortest-path ring defined by Si–O,34,35 C–C,36,37

and Si–Si38 bonds. When the minimum unit includes different ele-
ments, higher-order holes generated by the assembled units can
be automatically revealed by selecting a target element.39 However,
this strategy is unsuitable for single-component materials and mul-
tiple components with low elemental contrast. Consequently, the
connectivity of minimum units has remained largely unexplored.

In this study, we aimed to automate the extraction of multiscale
structural information from 2D disordered graphene, including the
local structure of carbon-atom polygons (mostly ≤nine-membered
rings) as the minimum unit, and the global network information on
larger scales than the primitive polygons. The developed PH strat-
egy is used to extract and quantitatively evaluate local defects in
graphene. The global network analysis allows us to extract long-
range information beyond the scale of the minimum structural units
by using the developed pipeline based on point cloud analysis.

II. EXPERIMENTAL PROCEDURE
AND ANALYTICAL METHOD

A graphene specimen was prepared by transferring commer-
cial graphene (Trivial Transfer Graphene, ACS Materials, USA)
onto a molybdenum-supported carbon film (Quantifoil, Quan-
tifoil Micro Tools GmbH, Germany). The sample was heated in a

microscope column to clean the graphene surface, followed by
observation with an aberration-corrected transmission electron
microscope (JEM-ARM200F, JEOL, Japan). Details of the cleaning
process and observation conditions are provided in supplementary
material S1.

The as-prepared graphene sample was irradiated using a 200-
keV electron beam to introduce lattice defects. Initial irradiation was
conducted for 20 s at an electron dose rate of 1.5 × 105 e− nm−2 s−1.
To avoid irradiation damage during observation, the accelerating
voltage was decreased to 80 keV and HR-TEM images were acquired
for 2 s. The accelerating voltage was raised again to 200 keV to con-
duct irradiation. Defect evolution was recorded after the voltage was
lowered to 80 keV.

The first step of PH is recording the scales at which k-
dimensional holes appear (birth) and disappear (death) along fil-
tration. A persistence diagram (PD) is a 2D histogram of the birth
and death pairs (b–d pairs). The procedures for PD calculation
and inverse analysis of PDs were conducted using the data analysis
software “HomCloud.”40 The obtained data were processed by dif-
ferent filtration schemes. For grayscale images, superlevel filtration41

was used, where the evolution of topological features is defined
by pixel intensity thresholds as shown in supplementary material
S2. The signed Euclidean distance transform was applied to bina-
rized images. For point clouds, alpha-filtration was used.42 PDs are
denoted as g-PDs for grayscale images, b-PDs for binarized images,
and p-PDs for point clouds. In PDs, a lifetime, defined as the dif-
ference between birth and death times, plays an essential role, and
therefore, the details are provided in supplementary material S2.
Figure 1 presents an overview of the PH strategy for local struc-
ture extraction and global network analysis, the details of which are
described in Secs. III B–III D, respectively.

III. RESULTS AND DISCUSSION
A. HR-TEM images of defective graphene after
electron-beam irradiation

Figures 2(a)–2(c) show the time evolution of the graphene lat-
tice under 200-keV electron-beam irradiation at t0 (0 s), t1 (20 s),
and t2 (40 s), respectively. Figure 2(a) shows the hexagonal lattice of
the as-prepared single-layer graphene specimen before irradiation
at 200 keV. After electron irradiation, pores and defects including
non-hexagonal polygons were observed, as illustrated in Figs. 2(b)
and 2(c). Moreover, as presented in the enlarged view in Fig. 2(d),
many defective regions did not consist of typical isolated defects,
i.e., 55–77, 5–9, 5–8–5, 555–777, and 5555–6–7777,15 but aggre-
gated non-hexagonal polygons that formed complex clusters (fur-
ther details are provided later). Although the corresponding FFT
patterns exhibited sharp sixfold spots before irradiation [inset of
Fig. 2(a)], they broadened markedly after electron-beam irradiation
[insets of Figs. 2(b) and 2(c)]. The similar FFT patterns after irradia-
tion make it difficult to evaluate structural differences from the FFT
patterns even though they reflect the evolution of defect structures.
Therefore, we analyzed these HR-TEM images using g-PD, which
extracts hole information derived from local intensity contrasts.

B. Extraction of interior regions and maximum-
intensity pixels of carbon-atom polygons

Figure 1 presents the PH-based strategy used to extract local
structures in defective graphene from an HR-TEM image. In this
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FIG. 1. Overview of the PH strategy for local structure extraction and global network analysis. (a) Gaussian-filtered HR-TEM image and intensity profile across three
hexagons (inset). The filtering details are provided in supplementary material S3. (b) Construction of a 0D g-PD (right) by superlevel filtration (left) of the filtered image in
(a). (c) Birth point distribution (red points) obtained by inverse analysis of the 0D g-PD in (b) for b–d pairs with lifetime >5. (d) Voronoi diagram calculated from birth point
distribution in (c). (e) Area distribution of the extracted 0D holes. In the filtered images (inset), the red regions indicate 0D holes and the red and blue points represent
birth and death points, respectively. (f) Overlay of the extracted 0D holes on the filtered image, including both isolated holes and holes separated from linked holes through
the watershed algorithm. (g) Binarized images of the 0D holes extracted from (e) and their zero-dimensional b-PD. The scale bars in (a), (c), and (e) indicate 1 nm. (h)
One-dimensional (1D) p-PD of the downsampled point cloud in (c). (i) Large ring obtained by the inverse analysis of the 1D p-PD in (h).

FIG. 2. HR-TEM images and corre-
sponding fast Fourier transform (FFT)
patterns (inset) of single-layer graphene
after electron-beam irradiation at
200 keV for (a) 0 s, (b) 20 s, and (c) 40 s.
The regions indicated by red squares
without any pores were selected for FFT
patterns and further analysis. The scale
bars represent 2 nm. (d) TEM images of
various typical defect clusters obtained
from different regions in (a)–(c). The
defect clusters have different patch
sizes (L, indicated by red lines) and
numbers of non-hexagonal polygons (n,
with atomic models). The green regions
consist of hexagons that do not form a
crystalline domain; they are defective
regions.

study, we treat a single polygon (carbon ring) and its surrounding
region as one unit, as illustrated in Fig. 1(a). It should be noted
that here we applied g-PD to grayscale experimental TEM images to
analyze material structures, whereas PH applications usually employ
p-PD and b-PD. The intensity profile across the carbon-atom poly-
gon hole, i.e., vacuum region (inset), has its maximum close to the

polygon center. Accordingly, as shown on the left of Fig. 1(b), the
vacuum region is treated as a domain, namely, a zero-dimensional
(0D) hole, under the 0D superlevel filtration. The corresponding g-
PD for the defective graphene in Fig. 1(a) is shown on the right of
Fig. 1(b). The b–d pairs with short lifetimes correspond to holes
with low contrast, which mostly arise from noise.43 The average
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lifetime of large vacuum regions without a graphene layer was 2.44,
mainly originating from background noise, and is extremely small
compared with the intensity range of 0–255. Here, b–d pairs with
lifetimes exceeding 5, sufficiently larger than the background life-
time in the vacuum region, were considered as significant holes
corresponding to interior regions of carbon-atom polygons. The
inverse analysis results for the b–d pairs with lifetimes >5 are shown
in Fig. 1(c). The birth points marked by red circles indicate the pixel
of maximum intensity for each hole and closely coincide with the
center of the carbon-atom polygons. As shown in Fig. 1(d), using
the obtained birth points, we calculated carbon-atom positions via a
Voronoi diagram (supplementary material S4). The validity of the
atomic model was confirmed by comparing corresponding simu-
lated and experimental HR-TEM images (supplementary material
S4). Figure 1(e) shows the area distribution of the extracted holes,
which contained distinct peaks. The first peak was attributable to one
carbon-atom polygon, and the second and subsequent peaks were
ascribed to linked carbon-atom polygons (insets). Then, we applied
watershed segmentation to the linked holes formed by connecting
carbon-atom polygons and extracted the one isolated domain con-
taining the birth point (see supplementary material S5). Finally, we
extracted one isolated hole per birth point and mapped all holes,
including those separated from linked clusters, onto the raw TEM
image, as shown in Fig. 1(f). Thus, we extracted regions enclosed
by a single carbon-atom polygon using the g-PD. Although similar
extraction has been often attempted via binary segmentation (e.g.,
adaptive thresholding), our PH-based approach is less susceptible
to point-like noise but can still separate local high-intensity regions
(see supplementary material S6). Subsequently, as shown in Fig. 1(g),
the 0D holes in Fig. 1(f) were binarized and then their b-PDs were
calculated. We calculated the roundness (R), which quantifies the
deviation of a hole from a perfect circle (supplementary material S7;
cf. Fig. 3), from the b-PD. The point cloud of the obtained birth
points was used to calculate the polygon number N (Fig. 3) and
analyze the global network (Fig. 4).

C. Local analysis of roundness and polygon number
To analyze the carbon-atom polygons following the process in

Fig. 1, we selected regions free of adsorbates and pores [indicated
by red squares in Figs. 2(a)–2(c)] in the HR-TEM images. Fig-
ures 3(a)–3(c) show enlarged HR-TEM images of defective graphene
after electron irradiation at t0, t1, and t2, respectively, with color
maps of R.

The colored areas represent the extracted 0D holes shown in
Fig. 1(f), i.e., the interiors of the polygons. R is defined as R =
A/(πbave

2) (see supplementary material S7), where bave is the aver-
age birth in the b-PD. R is one for a circle and increases as hole
distortion increases. The blue regions (large R) correspond to more
distorted holes than red regions (small R). In Figs. 3(d) and 3(e),
the N-polygon holes in the same defective graphene are color-coded
by N. Here, N was measured from the birth point distribution
[Fig. 1(c)] without threshold tuning, which is different from apply-
ing a radius threshold to count nearest neighbors (supplementary
material S8). As illustrated in Fig. 3(g) for the magnified views
indicated by the red squares in Figs. 3(e) and 3(f), typical defects
(e.g., 5–7 and 5–8–5) were readily identified using the calculated N.

Thus, PH-assisted analysis can automate the detection of defects and
quantitative evaluation of their type and shape.

In addition to the visualization of the graphene defects in
Figs. 3(a)–3(f), assessing electron-irradiation effects requires a quan-
titative analysis of defect shape. Figures 3(h) and 3(i) show the
distributions of R and N, respectively, at t0, t1, and t2. For t0, t1,
and t2, the R distributions range from 1 to more than 7 and show
a peak at ∼1.6. Note that these R values are much higher than 1.1
for an ideal regular hexagon. This is because the holes with a spur-
like protrusion and residually linked holes markedly increase R, as
discussed in supplementary material S9. In addition, experimen-
tal HR-TEM images are influenced by not only intrinsic structural
changes in graphene but also extrinsic observation parameters (e.g.,
aberrations and focus shift) (see supplementary material S9). There-
fore, the observation and further analysis were conducted under the
same conditions and with the same algorithm across t0–t2, to mini-
mize external effects. With increasing irradiation time, the fraction
of counts to the right of the peak increased; e.g., the proportion
with R > 2 was 34% at t0, 48% at t1, and 63% at t2. The N distri-
butions demonstrate that electron irradiation increased the number
of defects: the non-hexagonal fraction rose from 0% at t0 to 9.5% at
t1 to 16.4% at t2 [Fig. 3(i)]. That is, electron irradiation induced the
structural change from hexagon to non-hexagon, leading to polygon
distortion.

The use of both R and N values enables selective analysis
of holes arising from hexagons vs defects. The average R value
and its standard deviation for each N-polygon are summarized
in supplementary material S10. The average R value for hexagons
at t0 (defect-free) was 3.49, whereas the R values only from non-
hexagonal polygons after irradiation were 4.49 at t1 and 4.98 at
t2. This increase in R suggests that electron irradiation introduces
defects with more distorted polygons than hexagons in the graphene
specimen. Furthermore, the standard deviation increased with N,
indicating that heptagons are more susceptible to geometric distor-
tion than pentagons. Thus, we can simultaneously investigate the
spatial and numerical distributions of geometric features of inter-
est by exploiting the quantitative nature of PH together with inverse
analysis.

So far, we have analyzed the local features of graphene defects;
that is, the 0D holes formed by nearest-neighbor carbon atoms.
However, emergent properties depend on the connectivity of various
polygons.44–46 As illustrated in Fig. 2(d), for various typical defect
clusters, cluster-enclosing patch sizes range from 0.8 to 3.4 nm,
and the number of non-hexagonal polygons per patch reaches 67.
When the cluster sizes are widely connected and lack characteris-
tic scale, conventional patch-based CNN (e.g., U-Net and SegNet)
are ill-suited for their analysis.47,48 Even multiscale designs (e.g.,
DeepLabv3+ and FPN) typically require substantial architectural
tuning and sizable annotated datasets.49,50 By contrast, PH is inher-
ently multiscale and does not require labeled data. This lightweight
unsupervised strategy is well suited to cases such as this study,
where no characteristic object size exists and the amount of experi-
mental data is limited. Moreover, such clusters sometimes contain
both isolated hexagons and aggregates of hexagons that do not
form crystalline domains [green regions in Fig. 2(d)]. This, in turn,
implies that the N value alone is insufficient to identify defec-
tive regions because hexagonal areas within the clusters could still
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FIG. 3. Analysis of the 0D holes in single-layer graphene extracted by the process outlined in Fig. 2. Roundness maps overlaid on HR-TEM images acquired at (a) t0, (b)
t1, and (c) t2. The color bar shows the R value for the extracted 0D hole. N-polygon maps overlaid on HR-TEM images acquired at (d) t0, (e) t1, and (f) t2. The scale bars
represent 1.5 nm. The holes of the five-, six-, seven-, and eight-membered polygons are red, green, orange, and blue, respectively. (g) Typical defects found in the red
rectangles in (e) and (f). Left: magnified images with color mapping. Middle: corresponding atomic structures. Right: filtered TEM images. Frequency distributions of (h)
roundness and (i) N. Top: t0, middle: t1, and bottom: t2.

contain defects. Accordingly, we analyzed the structure on global
scales—i.e., length scales exceeding the minimum unit defined by
the shortest-path C–C ring—to quantify the spatial distribution of
these units.

D. Global analysis of defect clusters
Figure 4(a) shows the birth point distribution (hereafter

denoted as point cloud) corresponding to the centers of carbon-
atom polygons obtained in Fig. 1(c), and Fig. 4(b) shows its one-
dimensional (1D) p-PD. In Fig. 4(d), we visualize only centers

from hexagons by removing the point cloud associated with non-
hexagonal polygons from Fig. 4(a). After this removal (hereafter
called “downsampling”), we calculated the 1D p-PD of the down-
sampled point cloud. These operations—downsampling and calcu-
lation of 1D p-PD—correspond to the step illustrated in Fig. 1(h)
in the overview of PH-based strategy. The b–d pairs in Fig. 4(e) are
more dispersed than those in Fig. 4(b). Such b–d pairs with longer
lifetimes are known to indicate larger rings in p-PD.51 We conducted
inverse analysis of the five b–d pairs with the longest lifetimes for
both p-PDs [Figs. 4(b) and 4(e)] and visualize corresponding rings
by color in Figs. 4(a) and 4(d). To obtain stable rings robust to
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FIG. 4. (a) Birth point distribution (point cloud) and (b) its 1D p-PD of all polygon positions in the defective graphene specimen at t1. The five purple regions in (a) were
obtained from the colored rectangles with a long lifetime in the p-PD [(b), inset] by inverse analysis. (c) Frequency distribution of the number of vertices for 100 rings with
a long lifetime in (b). (d) Point cloud and (e) corresponding 1D p-PD of only hexagonal polygon positions obtained by removing the non-hexagonal polygon positions from
(a). (f) Frequency distribution of the number of vertices of 100 rings with long lifetimes in (e). Ring structures (red lines) surrounding defective regions with non-hexagonal
polygons obtained at (g) t1 and (h) t2. The light blue points correspond to hexagon centers, and the other colored points represent non-hexagonal polygons (red: pentagons,
orange: heptagons, and deep blue: octagons) that were removed during computations.

minute perturbations in point positions, we used stable-volume cal-
culation in the inverse analysis.52 Stable-volume calculation requires
a noise bandwidth parameter (ε). Here, ε was fixed at 0.02 for all b–d
pairs to reveal ring-size differences via downsampling. Inverse map-
ping of the rings revealed that the p-PD in Fig. 4(e) contained more
large-ring features than that in Fig. 4(b). Furthermore, Figs. 4(c)

and 4(f) display the calculated ring-size (vertex-count) distributions
for the 100 longest-lifetime b–d pairs for the p-PDs in Figs. 4(b) and
4(e), respectively. The p-PD in Fig. 4(e) contains more large-ring fea-
tures than that in Fig. 4(b). Thus, downsampling of the point cloud
is an effective strategy to extract long-range geometric informa-
tion from the p-PD. Here, although we removed the points derived
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from non-hexagonal polygons to focus on defect connectivity, the
point cloud from pentagons and octagons should be removed when
focusing on line defects composed of pentagons and octagons.

Figures 4(g) and 4(h) present inverse analysis results of the b–d
pairs in the p-PDs only from hexagons at t1 and t2. As described in
supplementary material S11, the b–d pairs used for this inverse anal-
ysis were the death and lifetime that each exceeded the respective
maxima recorded for pairs with a vertex of count of 3 (N = 3) in the
p-PD at t0. Here, ε was automatically determined for each b–d pair
as described in supplementary material S11. As a result, we obtained
the large rings that are outlined by red lines in Figs. 4(g) and 4(h).
This extraction of large rings is the final step depicted in Fig. 1(i) in
the PH-based strategy. The light blue points correspond to hexagon
centers used in the analysis, whereas the other points represent non-
hexagonal polygons that were removed during computations but are
overlaid in Figs. 4(g) and 4(h) for clarity. The red-outlined rings
enclose a wide variety of connected defects, ranging from typical
defects (5–7 and 5–8–5) to complex clusters including more than
twenty non-hexagonal polygons. Note that some defect points at
the image periphery are not enclosed by a ring, primarily because
they percolate to the edge of the imaged area. It was possible to
recover rings enclosing those points by expanding the image area
(see supplementary material S12). The red-outlined rings achieve an
appropriate balance of ring granularity—neither excessively com-
plex nor overly simple—to accurately represent the defect-cluster
shape, as illustrated by the regions indicated by black arrows in
Figs. 4(g) and 4(h) (see supplementary material S13 for details). For
example, the ring indicated by an arrow in Fig. 4(g) might otherwise
fragment into several small rings, yet it accurately traces the shape of
the nearly closed hole (see supplementary material S10). In addition,
the large ring indicated by an arrow in Fig. 4(h) is not overly com-
plex even though it contains many hexagonal polygons. As a result,
the large ring allows hexagons to be considered defective regions.
This is important because such hexagonal points within the ring do
not form a crystalline domain and should, therefore, be classified as
defective.

In a quantitative analysis of global connectivity, the average
number of defects inside each ring should be an appropriate indica-
tor of defect connectivity. Here, a larger number of defects represent
higher defect connection. In Figs. 4(g) and 4(h), the average number
of defects inside each ring was 4.6 at t0 and 6.5 at t1. Thus, we could
quantitatively evaluate the defect clusters, which clearly revealed
that the defects generated via electron-beam irradiation grow in
an interconnected manner. Our method can extract global struc-
tural information at scales beyond the shortest-path rings of carbon
atoms. In our graphene sample, downsampling of polygon centers
was straightforward because each minimum unit consists of con-
vex polygons no larger than an octagon, while, when the minimum
unit is extremely large, complex, or non-convex, defining a robust
unit center would be problematic, making downsampling difficult.
When the minimum unit is simple and roughly convex, PD analy-
sis with downsampling tailored to the minimum unit is, in principle,
applicable in three dimensions, so it could be suitable for automated
long-range structural analysis. Furthermore, it might also be possi-
ble to design structures exhibiting long-range features by including a
machine-learning loss function for point-cloud optimization. There-
fore, this analytical framework is expected to be useful for Monte

Carlo-based approaches for the generation and modeling of atomic
structures in amorphous materials.53–55

IV. CONCLUSION
A PH-based framework for extracting both local and global

structural information for defective graphene from experimental
HR-TEM images was developed. Local descriptors obtained from
g-PD and b-PD, i.e., R and N values, indicated that electron irra-
diation increased both the fraction of non-hexagonal polygons and
distortion of carbon-atom polygons. In the global analysis beyond
the scale of minimal carbon-atom polygons, we obtained large rings
that reliably enclosed defect clusters, covering cases from isolated
defects to large complex aggregates. The key procedures to obtain
the rings were downsampling of point clouds from non-hexagonal
polygons and optimization of ε. The number of polygons per ring
increased with irradiation time, demonstrating that defect clusters
grew in an interconnected manner. In conclusion, PH provides both
local descriptors of minimum units and a global descriptor of their
connectivity. The developed methodology is expected to be useful
for designing structures with long-range features.

SUPPLEMENTARY MATERIAL

Additional information is provided in the supplementary
material: (S1) cleaning process of graphene sample and observation
condition of HR-TEM images, (S2) superlevel filtration on grayscale
images and representative examples of g-PDs, (S3) comparison
between raw and Gaussian filtered HR-TEM images, (S4) computa-
tion of atomic carbon positions using birth points and comparison
between experimental and simulated TEM images from the com-
puted atomic model, (S5) separation of linked holes via the water-
shed method, (S6) comparison in extraction of zero-dimensional
holes via the present PH pipeline with a representative binarization
method, (S7) roundness calculation and correspondence between
example shapes and their roundness values, (S8) N calculation in
polygon number N using a Voronoi diagram constructed from the
birth point distribution, (S9) representative holes obtained by using
g-PD’s inverse analysis and their R values, (S10) average R value and
its standard deviation, (S11) determination of b–d pairs used for
inverse analysis and optimization of noise bandwidth parameter ε
for calculating stable volume, (S12) edge effect on the inverse anal-
ysis results, and (S13) effect of optimization of noise bandwidth
parameter ε on inverse analysis results.
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