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Abstract: The recent advances in super-resolution fluores-

cence microscopy, including single-molecule localization

microscopy (SMLM), has enabled the study of previously

inaccessible details, such as the organization of proteins

within cellular compartments and even nanostructures in

nonbiological nanomaterials, such as the polymers and

semiconductors. With such developments, the need for the

development of various computational nanostructure anal-

ysis methods for SMLM images is also increasing; however,

this has been limited to protein cluster analysis. In this

study, we developed an edge structure analysis method for

pointillistic SMLM images based on the line edge rough-

ness and power spectral density analyses. By investigating

the effect of point properties in SMLM images, such as the

size, density, and localization precision on the roughness

measurement, we successfully demonstrated this analysis

method for experimental SMLM images of actual samples,

including the semiconductor line patterns, cytoskeletal ele-

ments, and cell membranes. This systematic investigation of

the effect of each localization rendering parameter on edge
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roughness measurement provides a range for the optimal

rendering parameters that preserve the relevant nanoscale

structure of interest. These new methods are expected to

expand our understanding of the targets by providing valu-

able insights into edge nanoscale structures that have not

been previously obtained quantitatively.

Keywords: single-molecule localization microscopy; semi-

conductor; cell membrane roughness; edge roughness anal-

ysis; line edge roughness; power spectral density

1 Introduction

The developments in super-resolution fluorescence

microscopy (SRM) have allowed researchers to visualize

cellular structures andmolecular interactions at resolutions

exceeding the diffraction limits of conventional light

microscopy [1]–[4]. This has enabled the study of previously

inaccessible details, such as the organization of proteins

within cellular compartments, spatial arrangement of

molecules on cellular surfaces, and dynamics of cellular

processes [5]. Recently, this technique has been successfully

used for imaging nonbiological nanomaterials, including

polymers and semiconductors [6]–[9].

SRM can be broadly classified into two categories:

the first group focuses on engineering the illumination

patterns, and the second group relies on single-molecule

localization methods, known as single-molecule localiza-

tion microscopy (SMLM), which include stochastic opti-

cal reconstruction microscopy (STORM) [3] and photoac-

tivated localization microscopy (PALM) [4]. Among them,

the SMLM techniques achieve precise localization of indi-

vidual fluorescent emitters by temporally separating their

activation based on stochastic “on–off” fluorescence photo-

switching, thereby preventing overlapping each other [10].

In the SMLM, the final super-resolution image is recon-

structed from individually localized points with high pre-

cision, obtained through the detection and localization of

single fluorescent molecules. The resulting high-resolution

image exhibits a pointillistic nature owing to the collection
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of the precise localization of molecules, which is different

from the conventional fluorescence or electronmicroscopic

images [11]. Therefore, the structural analysis approach to

the SMLM data must be different from the conventional

structural analysis methods used for intensity grid-valued

pixel-based images obtained from conventionalmicroscopy.

This necessitates the development of a new method to ana-

lyze the structural properties of the SMLM images [12]. For

instance, various computational cluster analysis methods

have been developed recently for SMLM images to identify

protein clusters on a molecular scale and understand the

protein-to-protein interactions [13]–[19]. Although the mod-

ern computational cluster analysis methods for pointillism

data provide ultrastructural information regarding targets

in terms of protein clustering or organization, most of them

are limited to the spatial statistics of the size, quantity, and

distribution of clusters.

Meanwhile, edge structural analysis still remains chal-

lenging for SMLM images thus far despite the significance

of edge information in various areas, including biology

and nanomaterials. For example, the line-edge roughness

(LER) analysis, which refers to the variation or irregu-

larity in the edge profile of patterned lines and features,

is of paramount importance in semiconductor metrology

because of its direct impact on device performance and

yield [20]. In addition, cell membrane roughness analysis

plays a critical role in understanding the cellular physiology,

disease processes, cell–substrate interactions, biophysical

properties, and applications in nanotechnology and drug

delivery because it is considered an indicator of a cell’s

health state [21]. Because of the importance of edge struc-

tural information, several image analysis methods for edge

roughness have been developed; however, they are only

for general intensity grid-valued pixel-based images, such

as electron microscopy images, conventional fluorescence

microscopy images, and atomic force microscopy (AFM)

images [22]–[25]. Because these conventional edge rough-

ness analysis methods for intensity grid-valued pixel-based

images cannot be applied to pointillistic SMLM images, it

necessitates a distinct analysis method for edge roughness

from SMLM image data.

The edge structure analysis method for pointillistic

SMLM images can be approached using either the local-

ization coordinates or localization-rendered images [12]. As

the localization coordinate–based structure analysis, the

conventional cluster analysis method can be applied for

edge detection, such as SR-Tesseler [14], molecular density

distribution, and edge trace functions (that is, boundary

and smooth). However, these options are sensitive to the

background localization signal as well as to the local local-

ization density, making accurate edge detection difficult,

particularly in low-localization-density regions (Figure S1).

Owing to such limitations in edge detection, quantitative

analysis of nanoscale edge roughness, such as LER, from

SMLM images has been challengingwith conventional local-

ization coordinate–based structure analyses. Additionally,

structure analysis based on localization coordinates tends

to be time-consuming when it comes to analyzing regions

with high localization density, primarily due to the exten-

sive volume of coordinate information involved. Despite

the increasing run-time of the coordinate-based method

for the high localization number dataset, it is important to

employ highly dense localization data to obtain reasonable

structural analysis results. This is explained by the concept

of Nyquist sampling, which states that at least twice the

frequency must be sampled to accurately measure a certain

frequency [26]–[28]. Such Nyquist criteria are more signif-

icant in edge structural analyses than in general cluster

analyses. For the nanoscale edge roughness analysis, the

edge should be identified at the nanoscale using localiza-

tion with a significantly higher density than usual. If the

localization density is not sufficiently high, there are many

empty areas, resulting in incorrect edge identification. In

contrast, in a localization-rendered image-based method,

there is less empty area in the reconstructed image because

of the rendered localization based on the photo-switching

properties of a single molecule, such as the photon number,

on-time length, and point spread function (PSF). Therefore,

a localization-rendered image-basedmethod for edge struc-

ture analysis can be often preferred to the localization coor-

dinate–based structure analysis, particularly for datasets

with limited localization density in pointillistic image

data.

Therefore, we developed a new approach for nanoscale

quantitative edge structure analysis using localization-

rendered SMLM images in terms of the LER and power

spectral density (PSD). We first developed an edge identi-

fication method for the SMLM image data and calculated

the line-edge roughness using the identified edge structure.

Then,wedemonstrate thismethod for simulated SMLMdata

to investigate the effect of point properties, such as size, den-

sity, and localization precision on roughness measurement,

providing the optimal rendering parameters that preserves

the relevant nanoscale structure of interest. Using this cor-

relation based on simulation data as calibration, we could

successfully measure the roughness of true structures from

experimental SMLM images of actual samples, including

the semiconductor line patterns and cell membranes. We
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could further demonstrate this analysis method for detect-

ing defects on a semiconductor wafer, as well as distinguish-

ing the differences in cell membrane roughness depending

on their locations with respect to the moving direction of

cells. The proposed novel methods are expected to expand

our understanding of a target by providing valuable insights

into edge nanoscale structures that have not been previ-

ously obtained quantitatively.

2 Results and discussion

2.1 Effect of localization property
in pointillism super-resolution images
on roughness measurement

In a localization-rendered image-based method, edge iden-

tification is significantly affected by the properties of the

localization image, including the localization precision, den-

sity, size, and background level. To understand these effects

on edge roughness measurement, we simulated theoretical

STORM images of line patterns based on various properties

of the localization image.

First, the edge roughness can be sensitively changed

by the localization precision because the distribution of

single-molecule localization generated from the localiza-

tion uncertainty could result in additional roughness in

the STORM image compared to the true sample roughness.

Therefore, the additional roughness effect from localization

uncertainty should be considered when estimating the true

sample feature roughness from the STORM image. The local-

ization precision of a single molecule is generally measured

fromahistogramof the standard deviation (𝜎) from the cen-

troid positions, in which the FWHM of its Gaussian fitting is

measured as the spatial resolution (FWHM = 2
√
2 ln 2𝜎 ≈

2.355𝜎), as previously reported [29]. Therefore, we gener-

ated simulated theoretical STORM images of line patterns

with various localization precision values from 2.1 nm to

21.2 nm. For each simulated STORM image, the edges of

the line patterns were detected by fitting the boundaries

of the line edges using the Canny algorithm, followed by

the calculation of the LER, which represents the deviation

of the line edge from a straight line (Figure S2A). The LER

was calculated as three times the standard deviation of

the edge as previously reported [25]. As expected, the LER

valuesmeasured from the simulated STORM images showed

adependency on the resolution of the STORM images, that is,

the FWHM of the single-molecule distribution (Figure 1A).

With the change of the localization precision of the

single-molecule distribution from 2.1 to 21.2 nm, which is

the measured localization uncertainty, the detected edge of

the line patterns in the simulated STORM images using the

Canny algorithm is far apart from the true edge, yielding

increasing LER values from 3 to 42 nm for the zero rough-

ness of the true sample line (Figure 1A). This implies that a

localization precision of ∼8 nm in general STORM images

could result in an additional roughness of ∼15 nm on an

average.

Next, we investigated the effect of localization density

on edge roughness measurements by generating simulated

theoretical STORM images of line patterns with various

localization densities. As stated earlier, a low localization

density in pointillistic STORM images can be problematic in

defining the correct edge structure owing to the empty area,

resulting in a higher roughness value measurement than

the true value. In the simulated STORM images of the line

patterns with various localization densities, we observed

such an error in identifying the edge boundary when the

localization density was low (Figure 1B). Therefore, as the

localization density decreases, the identified edge boundary

diverges from the ideal central line, thereby increasing the

LERvalues.However,we found that themeasuredLERvalue

approaches the constant value when the localization den-

sity is higher than 4.0 × 103/μm2, suggesting the localization

density of 4.0 × 103/μm2 could be enough to measure the

LER accurately in the nanoscale.

As the next rendering parameter, we investigated

the effect of the localization size on the edge roughness

measurement by generating simulated theoretical STORM

images of line patterns with various localization sizes. The

localization size in the STORM images is usually selected

to show a reasonable structure at a given image magnifi-

cation. Although larger localization is expected to fill the

empty area, the identified edge boundary from large local-

izations can be separated from the real edge boundary.

We observed such effects from the LER measurement and

identified the edge boundary from the simulated theoret-

ical STORM images of line patterns with various localiza-

tion sizes (Figure 1C). Significantly small-sized localization

results in a high LER value owing to the larger empty area

between the localizations, whereas a localization that is

significantly large causes a low LER value owing to the

smoothness effect but loses the real roughness information.

Additionally, a large localization size can result in the iden-

tified edge boundary being far from the real edge boundary.

Because a localization size larger than 5 nm in diameter

does not significantly affect the LER value and a localization

size smaller than 5 nm in diameter does not cause a signif-

icant error in the identification of the edge boundary from

the true structure, the localization size of 5 nm appears to

be appropriate for the nanoscale roughness analysis.
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Figure 1: Effect of localization property in SMLM images on roughness measurement. (A–D) Simulated STORM images of a line pattern

(width = 450 nm, length = 1 μm, LER = 0 nm for true structure) with (A) different localization precision, (B) localization density, (C) localization size,

and (D) background level (true edge, identified edge, and fitted central line for each edge are shown in red, green, and blue, respectively;

their calculated LER, correlation length [CL], and distance between the identified edge and true edge are shown on the right to examine the effect of

localization precisions, localization density, and background level, on the LER, edge identification error, and correlation length). (E) Simulated STORM

images of a line pattern with different theoretical LER values (0–20 nm) using experimental image parameters (localization precision = 10.6 nm,

localization density = 4.0 × 103/μm2, localization size = 5 nm in diameter, background localization level = 0 μm−2) (true edge, identified edge and

fitted central line for each edge are shown in red, green, and blue, respectively; their measured LER values and correlation lengths are shown

on the bottom to compare with the true values for each edge structure).

Finally, we explored the effect of background level

on the edge roughness measurement by generating sim-

ulated theoretical STORM images of line patterns at

various background localization levels. The background

localization level can vary depending on the fluorophore

labeling method from nonspecific binding, threshold for

single-molecule localization analysis, and autofluorescence

and contamination of samples. If the background localiza-

tion level, in terms of the background localization density,

is significantly high, it can disturb accurate edge boundary
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identification. This effect of a high background localization

level on the LER measurement can be observed in our

simulation data. As shown in Figure 1D, higher background

localization could result in incorrect edge boundary iden-

tification, generating a higher roughness value. However,

we found that the background localization density lower

than 90/μm2 does not affect the roughness measurement

significantly, whereas the background localization density

higher than 90/μm2 results in additional roughness linearly

(Figure 1D). Therefore, if the background localization den-

sity is known, we can estimate the additional roughness due

to this background level; hence, the real roughness value

can be calculated after calibration.

Collectively, the additional LER values from the local-

ization property, including the localization precision, local-

ization density, localization size, and background level in

the STORM images, were systematically investigated. The

true edge roughness can be estimated by considering this

effect based on the calibration curve.

Although the LER is the most commonly used param-

eter to represent edge roughness features by providing

roughness height information, there are other useful rough-

ness features that have recently been used to improve

the understanding of roughness effects, such as the power

spectral density (PSD). Therefore, we analyzed the PSD of

the edge boundary for pointillistic STORM images. They

can be measured from the identified edge boundary using

the Canny algorithm, in the same manner as in the LER

measurement.

First, we performed a PSD analysis, which has recently

been used to understand line roughness in the semiconduc-

tor industry on the simulated STORM images to character-

ize roughness as a function of frequency [30]. The PSD is

defined as the variance of the edge or linewidth per unit

frequency, and this frequency dependence of roughness

is known to contain significantly more information than

that in the LER alone [24]. For example, the correlation

length obtained from a PSD profile can provide roughness

information independent of white noise by determining the

transition decay from lower to higher spatial frequencies,

thereby reducing thenoise bias from theLERmeasurements

[24]. Increasing the correlation length implies a smoother

(i.e., a less rough) edge appearance [24]. Based on the gen-

erated PSD curve for each STORM image, the correlation

length can be measured from the curve fit, as previously

described (Figure S2A) [24]. We performed the PSD analysis

on the various simulated STORM images to investigate the

effects of localization properties, such as the localization

precision, localization density, localization size, and back-

ground level on the measured correlation length (Figure

1A–D). When generating the PSD curve, we attempted to

analyze the STORM images with a small grid size and large

domain size to minimize the statistical bias, as previously

reported [23]. In general, we observed that the correla-

tion length varied depending on the localization properties,

inversely correlated to the LER value. For example, the cor-

relation length tends to decrease, whereas the LER value

increases as the localization uncertainty increases, implying

a rougher edge appearance (Figure 1A). In a similar way, the

correlation length was observed to increase, whereas the

LER value decreases as the localization density increases,

implying a smoother edge appearance (Figure 1B). Also, the

correlation length tends to increase as the localization size

increases as shown in Figure 1C, implying a smoother edge

appearance. Such decreased roughness from the STORM

images rendered with a larger localization size is consis-

tent with the decreased LER value, probably owing to the

smoothness with the loss of the real roughness information.

Because such a change in correlation length is correlated

with the localization properties, including localization pre-

cision, density, and size, the correlation length for the true

structure can be estimated once the localization properties

used for the images are known. Meanwhile, we found that

the measured correlation length from a PSD curve was rela-

tively independent of the background level, in contrast to

the LER analysis (Figure 1D). This feature was similar to

the noise-independent correlation length measured from

the SEM images. Therefore, we found that the measured

correlation length from the STORM images was unbiased by

the background level in the STORM images unless it is too

significantly high, which is an advantage of the PSD analysis

over the LER analysis for the STORM images.

2.2 LER and PSD analysis for various types
of line patterns

Using the simulated STORM images of a line pattern with

zero roughness, we investigated the effect of the localiza-

tion property of the SMLM images on the roughness mea-

surement. Based on this result, we further applied our LER

and PSD analysis methods to line patterns with various

roughness values to generate a calibration curve for the

relationship between the true and measured roughness.

We first generated simulated STORM images of a line pat-

tern with different LER values (0–42 nm) using our experi-

mental image parameters (localization precision = 10.6 nm,

localization density = 4.0 × 103/μm2, localization diame-

ter = 5 nm, and background localization level = 0/μm2). For

each simulated STORM image, the edge boundary was iden-

tified, and the LER and PSD analyses were performed. As

shown in Figure 1E, our roughness measurements could
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distinguish between the different nanoscale roughness val-

ues by generating an increased LER and decreased cor-

relation length for the increased roughness of the true

structures. Interestingly, the measured LER and correlation

length changed linearly with the true roughness, allow-

ing the true roughness to be estimated from our measure-

ments. For example, if the LER and correlation length are

measured as 25 and 30 nm, respectively, from the STORM

images with known image parameters (localization preci-

sion, localization density, localization size, and background

level), the true LER and correlation length are estimated as

4 and 34 nm, respectively, based on our calibration data.

Therefore, we demonstrate that our roughness measure-

ment from the STORM images can distinguish between the

different nanoscale roughness values; the true roughness

can be estimated from our analysis. Next, we investigated

whether the LER and correlation length changed sensi-

tively for the line patterns with various types of defects,

such as the nanoparticles, bridges, or breaks. To test this

hypothesis, we generated simulated STORM images of line

patterns (roughness = 0 nm) with various types of defects

and measured the LER and correlation length, as shown

in Figure S3. Notably, our roughness analysis showed a dis-

tinct LER and correlation length for the line patterns with

defects, whichwere different from those of the line patterns

without defects. For example, the LER measured from the

line patterns with defects (LER = 110 nm) exhibited a larger

value than those without defects (LER = 21 nm), whereas

the correlation lengthmeasured from the line patterns with

defects (CL = 10 nm) exhibited a shorter value than those

without defects (CL = 27 nm). Therefore, the existence of

defects can be identified from the LER measurements and

PSD analysis, demonstrating the capability of ourmethod to

inspect defects in semiconductors.

2.3 Edge roughness analysis
for experimental STORM images
of nanopatterns in semiconductor wafer

Using our new methods for the analysis of edge rough-

ness in terms of the LER and correlation length, we first

attempted to analyze the edge roughness of line patterns in

the semiconductor wafers. STORM images of silicon and sil-

ica line patterns were obtained using a recently developed

super-resolution fluorescence imagingmethod for nanopat-

terns in semiconductor materials [7], [8]. Briefly, the wafer

was coated with positively charged poly-L-lysine (PLL) and

then labeled with negatively charged BSA conjugated with

AF647 dye for silica-specific labeling. For Si-specific labeling,

the wafer was first coated with negatively charged Nafion

and then labeled with positively charged bovine serum

albumin (BSA) conjugated with AF647 dye. Using these

silica- or silicon-specific dye-labeledwafers based on charge

interactions, we obtained the STORM images of the silica or

silicon nanopatterns.

Using these super-resolution images of the nanopat-

terns, we performed roughness measurements, including

the LER and correlation length. It is important to measure

the line roughness in semiconductor metrology because

it is known to be a major contributor to the lithography

error budget, resulting in current leakage and voltage fluc-

tuations [31]–[33]. To estimate the roughness value for the

true structure from the measurement with experimental

STORM images, we first measured the FWHM of the Gaus-

sian fitting to a histogram of the deviations from the cen-

troid positions as the spatial resolution. Although we used

a high-refractive-index imaging buffer to minimize spher-

ical aberration, the measured FWHM was ∼25 nm, which
is larger than the reported values for the sample on the

cover glass, probably because this sample was at a distance

from the coverslip [11]. By assuming the Gaussian distribu-

tion, the localization precision is obtained as 10.6 nm from

FWHM of ∼25 nm. To generate the STORM images, we used

a localization size of 5 nm in diameter and pixel size of

3 nm. The localization density in silica- and silicon-specific

STORM imageswas 4.0 × 103/μm2 and 3.0 × 103/μm2, respec-

tively. The background localization density in silica- and

silicon-specific STORM images wasmeasured as 40/μm2 and

60/μm2, respectively. Using these image parameters and the

calibration data of the effects of the localization properties

on each roughness value, we calibrated the LER and correla-

tion length for the true structure from eachmeasured value

(Figure 2A).

To confirm that our roughnessmeasurements provided

accurate values, we also measured the roughness values

from the SEM images of the same types of wafers. The SEM

imagingwas performed at a slow scan rate (0.026 frame/s) to

minimize the noise compared to the sample roughness. We

also prepared SEM images with a small grid size and large

domain size to minimize the statistical bias, as previously

reported [23].We found that ourmeasurement results of the

LER and correlation length from the STORM images were

consistent with those measured from the high-resolution

SEM images, implying the reliability of the roughness anal-

ysis from the STORM images (Figure 2B). As previously

reported, we also noted that the measured roughness val-

ues from the SEM images obtained at a fast scan rate and

with a large pixel size (i.e., lowmagnification) showed large

measurement errors owing to the image noise and absence

of nanoscale structure information; thus, they were not
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Figure 2: Roughness measurement from experimental STORM images of semiconductor nanopattern arrays. (A) Super-resolution STORM images of

different sized nano-patterned arrays (pitch: 800 nm, 950 nm, 1050 nm, 1100 nm from left to right) specifically silica-(top) or silicon-(bottom) labeled

with Alexa Fluor 647, red: identified edge (measured and calibrated LER and correlation length are shown together). (B) Comparison of the LER and

correlation length values obtained from simulated and experimental STORM images and SEM images of different sized nano-patterned arrays on

silicon wafers. For experimental STORM images, the calibrated LER and correlation length based on the used localization parameters are presented.

The simulated STORM images were generated for the line structure with the calibrated LER value (3 nm) that was obtained from the experimental

STORM image (empty shapes: calibrated LER and correlation length for a line pattern with defects, including nanoparticle, bridge, and break). (n = 15,

mean ± SD) (C) Representative super-resolution STORM images (left) and overlay of STORM and identified edge images (right) of nano-patterned

arrays with various defects, including nanoparticle, bridge, and break, specifically silica-labeled with Alexa Fluor 647. Scale bar: 1 μm.

consistent with the measurements from the STORM images

(Figure S4). The accurate LER values could be obtained from

the SEM images at a slower scan rate than 0.026 frame/s and

with a pixel size smaller than 8 nm (Figure S4), implying

that the SEM imaging time longer than 14.5 min is necessary

to obtain accurate nanoscale LER value for the 1100 μm2

area of the wafer sample. In contrast, the STORM images of

the same area of the wafer sample can be obtained within

6.6 min, and the nanoscale LER values can be obtained from

these images with an accuracy as high as that obtained from

the SEM images acquired over a significantly longer time

(∼14.5 min). Therefore, our analysismethod allows for accu-
rate nanoscale LER and correlation length measurements

from the STORM images obtained within a considerably

shorter acquisition time than the SEM images.

Furthermore, we found that our roughness measure-

ments exhibited distinct values for defects in the semicon-

ductor wafers, demonstrating its potential as a nanoscale

defect-inspection tool. As shown in Figure 2B and C and

(Figure S5), the line patterns containing defects exhibited a

larger LER and shorter correlation length, which is consis-

tent with the simulated data. In particular, the line patterns

containing bridges, foreign nanoparticles, or gaps/breaks

showed a larger LER and shorter correlation length,

suggesting the existence of defects. Therefore, we could

demonstrate the feasibility of STORM-based nanoscale
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roughness metrology for nanopatterns in semiconductor

wafers.

2.4 Edge roughness analysis for STORM
images of cellular structures

Next, we applied our roughness analysis to STORM images

of various cellular structures, including microtubule fil-

aments and cell membranes. In particular, the measure-

ment of cell membrane edge roughness is considered

significant because it can provide insights into the struc-

ture and function of cell membranes as well as the status

of the cell, such as cancer development or exposure to

pollutants [34]. For STORM images of the cell, we used the

following rendering parameters, each of which is within its

optimal range obtained from the simulation data: localiza-

tion density = 8 × 103/μm2; localization size = 5 nm; back-

ground level = 50/μm2; localization precision = 8.5 nm. We

first tested whether our edge roughness analysis could

detect changes in the microtubule filaments during the

Figure 3: Roughness measurement from STORM images of cellular structures. (A) (Top) Super-resolution STORM images of microtubules during

depolymerization process. (Middle) Magnified images of the blue dashed boxes in each top image. (Bottom) Diffraction-limited fluorescence images of

the same area (LER and correlation length measured and calibrated from microtubule filaments in STORM images during depolymerization process

are shown on the right). (B) Super-resolution STORM images (middle) and their magnified images (bottom) of the blue dashed boxes of cellular

membrane stained by Nile red dye. Diffraction-limited fluorescence images of the same area are shown on the top for a comparison. (LER and

correlation length measured and calibrated from cell edge boundary for different locations (front, side, and rear) are shown on the right.)

Scale bar: 5 μm in top images of (A) and 500 nm in middle and bottom images of (A) and (B) (n = 20, mean ± SD).
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depolymerization process. To depolymerize the micro-

tubules, we treated the COS-7 cells with nocodazole and per-

formed STORM imaging at different treatment time points.

As shown in Figure 3A, our roughness measurements suc-

cessfully detected nanoscale changes in the microtubule

filament edge roughness, which were not clearly noticeable

in the diffraction-limited images.

Next, we tested our method for measuring cell-edge

roughness to understand its heterogeneity depending on its

location, such as the front, side, and rear parts of a moving

cell. To visualize nanoscale cell membrane roughness, we

stained the COS-7 cells with a membrane dye, Nile red, and

performed STORM imaging. As shown in Figure 3B, the cell

membrane roughness was clearly observed in the STORM

images. Because the overall cell membrane shape is not

linear, we fitted the cell membrane edge to an eighth-degree

polynomial to remove the general low-frequency cell shape

and then calculated the deviation from this fitted polyno-

mial curve, as previously reported [35]. For a better fit to

the cell shape, the cell edge with a short distance (∼1–2 μm)
was fitted with a polynomial curve, which showed a reason-

able cell shape. To investigate the heterogeneity of cell edge

roughness in a moving cell, we divided the entire cell into

three parts (front, side, and rear) with respect to themoving

direction andmeasured the LER and correlation length. The

part in the direction of the cell motionwas designated as the

front part of the cell, whereas the part opposite the direction

of the cell motion was designated as the rear part of the

cell. The side part of the cell is the part that is perpendic-

ular to the direction of the cell’s motion. Interestingly, the

LER and correlation length (CL) increased from the rear

(LER = 12 nm, CL = 409 nm) to the front (LER = 109 nm,

CL = 37 nm) of the cell. This can be explained by the differ-

ences in the frictional force and interaction with the envi-

ronment. For example, the front part of the cell experiences

the most frictional force and is, therefore, most likely to

interact with its environment by forming filopodia at the

edge, resulting in a large roughness. In contrast, the rear

part of the cell experiences the least frictional force and

is most likely to be trailing behind the cell, resulting in a

small roughness, whereas the side part of the cell could

experience less frictional force than the front part, but still

experiences some friction, showing a medium roughness.

Such an increase in the front roughness was also observed

in a previous study [36]. We also found that the result of our

roughnessmeasurementwas consistent with the previously

reported value [37] as well as with the measurements from

SEM and AFM images (Figure S6). Although the AFM was

previously used for analyzing the cell roughness, a slow

scan rate is required to measure nanoscale roughness in a

similar way to the SEM imaging. Also, this often necessitates

splitting a single cell into multiple parts for imaging due

to the small imaging area for nanoscale imaging, limiting

high-throughput analysis. In addition, there is a possibility

of dragging the cell membrane during tip scanning, which

could damage the cell membrane structure. In contrast, our

method can measure highly accurate nanoscale roughness

from a one-time STORM imaging of a whole cell if the cell

size is within a field of view (33 × 33 μm), allowing high-
throughput analysis without damaging the cell structure.

Therefore, we demonstrate the feasibility of STORM imag-

ing and roughness analysis as an alternative method for

nanoscale cell-edge roughness measurements.

3 Conclusions

Here, we report new methods for nanoscale edge struc-

ture analysis method for the SMLM images, in terms of

the LER and PSD, which have been absent. From the sim-

ulated SMLM data, we first investigated the effect of point

properties, such as the localization precision, density, size,

and background level on the roughness measurement, and

then used this effect to estimate the roughness of the real

structure. Using these correlations based on simulation

data as calibration, we successfully demonstrated rough-

ness measurements from the experimental SMLM images

of actual samples, including the semiconductor line pat-

terns, cytoskeletal structures, and cell membrane surfaces.

We also demonstrated that our methods can be used for

detecting defects on a semiconductor wafer, as well as dis-

tinguishing the nanoscale differences in cell membrane

roughness.

Although our method demonstrated the imaging and

analysis of two-dimensional edge roughness in this study,

we expect that it can be extended to images and analyses

in three dimensions. While the accuracy of roughness mea-

surements in the axial direction could be lower than that in

the lateral direction due to the relatively lower resolution

in the axial direction by at least a factor of two, three-

dimensional nanoscale roughness analysis would enhance

structural understanding.

We note that the method reported here is complemen-

tary to, but not a replacement for, previously developed

coordinate-based methods. However, our novel approach

for nanoscale edge roughness analysis from the SMLM

images is anticipated to open the door for further charac-

terization of various edge structures from STORM images,

which have not been previously analyzed, and provide new

valuable information about a target.
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4 Methods

4.1 Simulated STORM image generation

4.1.1 Semiconductor nanopattern image generation: To simulate

the theoretical STORM images with various localization parameters for

a given structure, the simulated STORM images were generated using

MATLAB (MathWorks, Inc. R2021a). Initially, we defined the key render-

ing parameters for the simulated STORM images to describe the local-

ization distributions of true line structures. The length and width of

the true line structure were set to 1 μmand 450 nm, respectively. When

multiple line structures were generated, the pitch between the line

patterns was fixed at 900 nm. These values were selected to compare

the simulated STORM images with the experimental STORM images

of the tested real semiconductor line structures. To investigate the

effect of the localization parameters on the roughness measurement

from the STORM images, we tested various localization precisions,

densities, sizes, and background localization densities. For example, we

tested a localization density in the range 0.5 × 103–31.0 × 103/μm2 to

create theoretically simulated STORM images, which were consistent

with the observed localization density from the experimental STORM

image data of semiconductor wafers. The localization density can vary

depending on the number of photo-switching cycles of the fluorophore,

whichwas set to 16 in this study because the number of switching cycles

is known to be ∼16 for a mercaptoethylamine (MEA)-based imaging

buffer [10]. When creating the simulated STORM images from the fluo-

rophore distribution, increments in the x- and y-axes were determined

based on the localization density. As a localization precision parameter,

we used the full width at half maximum (FWHM) of the distribution

of single molecule localization, which reflects the resolution charac-

teristics of the microscope and determines the distribution of single

molecule localization [38]. We tested this FWHM in the range 5–50 nm

to create theoretically simulated STORM images, which were also con-

sistent with the observed values from the experimental STORM images.

For the localization size, we used the same sizes of localizations by

applying the uniformGaussian peaks and the diameter of a localization

rendered in the image was based on a size in this study. We tested

localization sizes in the range 4–38 nm, which is a reasonable value

in the experimental STORM images. To resolve each localization size in

this range, we used a pixel size of 3 nm to visualize the nanostructure.

We determined that a larger pixel size resulted in significant roughness

measurement errors, as expected (Figure S7). As the last localization

parameter, we adjusted the background localization density from 0

to 1.0 × 103/μm2 as randomly scattered background signal across the

entire area. This background localization density range was chosen

based on the observations from the experimental STORM images. The

resulting simulated STORM image, based on the given localization

parameters, was visualized as a scatterplot image with dimensions of

300 × 300 pixels and a scale bar.

4.1.2 Semiconductor nanopattern defect image generation: To

generate simulated STORM images for semiconductor line patterns

with various defects, we introduced and visualized various types of

localized defects, such as nanoparticles, bridges, and breaks on the

repetitive line structure in a manner similar to the line pattern gen-

eration described earlier. In this test, we fixed the rendering parameter

values as the measured value from the experimental STORM images

of semiconductor line patterns, which were localization precision of

10.6 nm, localization density of 4.0 × 103/μm2, localization size of 5 nm,

and background level of 0/μm2. The locations of these defects were

randomly determined within a repeated line pattern such that they

could appear either on the left or right side of the line pattern. The

size and morphology of the defects can also be fine-tuned numerically

by varying the code parameters. Finally, the resulting wafer image was

saved at a resolution of 300 × 300 pixels for an area of 3 μm × 1 μm to

preserve the complex details and localization of the defect.

4.2 Edge boundary identification from STORM and SEM

images

To identify the edge boundaries in the STORM images, we utilized a

custom-written MATLAB code (MathWorks, Inc. R2021a). In this code,

a selected STORM image was first converted to grayscale using a simple

rgb2gray conversion in MATLAB. The transformed grayscale image

was then subjected to a series of image preprocessing operations,

including erosion and morphological reconstruction, for reasonable

edge identification (detailed information can be found in Supplemen-

tary Material). These steps ensure the removal of significant empty

parts between the localizations in the STORM semiconductor image,

thereby allowing for reasonable edge identification. Upon verifying the

absence of such empty parts, a well-known method for edge detection,

the Canny algorithm, was employed. By adjusting various parame-

ters, such as the threshold and direction, the Canny algorithm could

effectively identify the edge boundaries in the STORM semiconductor

image. For example, the Canny method employs dual thresholds on the

gradient: a high threshold for low edge sensitivity and a low threshold

for high edge sensitivity [39]. Pixelswith a gradient higher than the high

threshold are considered edges, while those with a gradient below the

low threshold are rejected. In our analysis, we adopted 0.1 and 0.6 as

the low and high thresholds, respectively. For the direction parameter,

we used the vertical orientation.

In the edge identification analysis from the AFM and SEM images,

the line detection process ismore straightforward because theAFMand

SEM images are inherently grayscale and do not have gaps between

the data points. The Canny algorithm was applied directly to the orig-

inal AFM and SEM image to facilitate prompt line detection and edge

boundary identification.

The resulting edges identified from the STORM and SEM images

were superimposed on the original image to check whether our analy-

sis detected the edges reasonably. The resulting high-resolution images

were saved for further analysis.

4.3 Line-edge roughness (LER) and power spectral

density (PSD) analysis

For the LER analysis, high-resolution 2D projections of 3D STORM

images of the wafer with 2048 × 2048 pixels and SEM images with

1280 × 960 pixels were analyzed using the custom-written MATLAB

codes (MathWorks, Inc.). We first selected the edge boundary of length

1 μm for the semiconductor line pattern and 1 μm for the cell mem-

brane boundary. The line length can be freely adjusted using the

drawrectangle function and visualized as a new image. We found that

the analyzed length does not affect the roughnessmeasurement as long

as the edge has a reasonable line structure (Figure S8). To investigate

the dependence of the cell membrane roughness on its location, the cell

membrane boundary was divided into three parts with respect to the

direction of cell movement: front, side, and rear. The LER is defined

as the deviation of the edge from the best-fit central line and can be
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calculated as three times the standard deviation of the edge. Thus, the

edge of the selected line in the array was first detected using the Canny

algorithm. Among commonly used edge detection algorithms imple-

mented in MATLAB, such as Canny, Sobel, and Laplacian of Gaussian

(LoG), the Canny edge detection algorithmwas selected as it enables the

most accurate edge detection. Sobel results in disconnected edge detec-

tion owing to the absence of a noise reduction step, and LoG demon-

strates smoother edge detection with the loss of nanoscale roughness

information for our preprocessed STORM images (Figure S9). Next, the

central line was then obtained using a linear fit for the detected edge of

the semiconductor line pattern or polyfit with an eighth-order function

for the detected edge of the cell membrane boundary. The test of the

polynomial fitting with various degrees for cell membrane showed

that the eighth-degree polynomial fitting exhibits the best fitting com-

pared to the lower-degree polynomial fitting for our STORM images

of cell membranes to remove the general low-frequency cell shape

(Figure S10). To identify the central line from the detected edge, the

detected edge was aligned vertically for the following fitting. Next, to

calculate the standard deviation of the detected edge from the fitted

central line, the optimal spacing∆x with N grid points was selected as

a grid size as follows:

L = NΔx (1)

where L is the length of the detected edge.

For example, we used the spacing of 3 nm for the 1 μm length

analysis. With this optimal spacing value, the edge displacement d(x)

was calculated at position x. Then, the standard deviation (𝜎) of the

detected edge from the fitted central line was calculated for LER analy-

sis. As reported previously [25], the LER was calculated to be thrice the

standard deviation (𝜎) of the edge.

LER = 3𝜎 (2)

This calculation was also used for the PSD analysis. The edge

displacement d(x) was calculated at position x, which was used to

obtain the PSD curve after the Fourier transformation as follows [24]:

PSD
(
f
)
= L × |FFT (d(x))|2 (3)

where L is the length of the detected edge and f represents the spatial

frequency. To generate the PSD curve, the optimal spacing ∆x with N
grid points was chosen as a grid size.

The PSD curve for each selected edge as a function of frequency

was obtained using Fourier transform and averaged to minimize the

statistical noise. Next, we attempted to determine the correlation length

from the experimentally obtained PSD curves by fitting them with the

theoretical PSD curve. The theoretical PSD curve was obtained using

the following equation, as previously reported [24]:

PSDbiased

(
f
)
= PSDunbiased

(
f
)
+ 𝜎

2
noise × L (4)

where PSDbiased is the PSD measured directly from the STORM image,

PSDunbiased is the unbiased PSD measured from the true roughness of

the line, 𝜎noise is the random error in the detected edge position due

to noise in the STORM image, and ∆L is the grid size along the length
of the line. Briefly, the noise from the edge detection was combined

with the inherent roughness of the patterns on the wafer, resulting in a

positive bias in the measured roughness. The theoretical unbiased PSD

(PSDunbiased) generated from the true roughness in one dimension was

proposed by Palasantzas (1993) as follows [40]:

PSDunbiased

(
f
)
= 2𝜎2

𝜉

√
𝜋Γ

(
H + 1

2

)

Γ(H)
∕
[
1+

(
2𝜋 f 𝜉

)2]H+
1
2

(5)

where, 𝜎2
noise is a random error detected in the linewidth owing to the

noise in the images and edge detection, 𝜎 is the standard deviation of

line-edge, 𝜉 is the correlation length, Γ is the gamma function, andH is

the Hurst exponent. The typical Hurst exponent is 0.5, corresponding

to an exponential autocorrelation function; thus, we fixed the Hurst

exponent at 0.5, which also showed the best fit with our data [23].

Briefly, Parseval’s theorem states that the integral across the PSD equals

the variance𝜎2 [24]. An increase in𝜎 increases the offset of the PSD. The

correlation length dictates the shift from frequency-independent white

noise at low spatial frequencies to decay with 1/f characteristics at high

frequencies. A greater correlation length results in a less rough edge

appearance, evenwith a constant 𝜎. The Hurst exponent influences the

slope of decay at higher spatial frequencies. Once the PSD curve was

obtained from the selected line in the experimental data, the PSD data

were averaged and fitted to the theoretical PSD equations ([4] and [5])

using the lsqnonlin function in MATLAB. Because all the parameters

except the correlation length are known, the optimized correlation

length can be determined from the fitting.

Research funding: This work was supported by Samsung

Electronics Co., Ltd. (202100000650002) and National R&D

program (2021R1C1C1006700) through theNational Research

Foundation of Korea (NRF) funded by Ministry of Science

and ICT, Republic of Korea.

Author contributions:Doory Kim (Conceptualization: Lead;

Funding acquisition: Lead; Investigation: Lead; Project

administration: Lead; Resources: Lead; Software: Lead;

Supervision: Lead; Writing – original draft: Lead; Writing

– review& editing: Lead). Uidon Jeong (Data curation: Lead;

Formal analysis: Lead; Investigation: Equal; Validation:

Lead; Visualization: Lead; Writing – review & editing:

Equal). Ga-eun Go (Formal analysis: Supporting; Validation:

Supporting; Visualization: Supporting; Writing – review &

editing: Supporting). Dokyung Jeong; Dongmin Lee;

Min Jeong Kim; Minjae Kang; Namyoon Kim; Jaehwang

Jung; Wookrae Kim; Myungjun Lee (Writing – review &

editing: Supporting).

Conflict of interest: The authors declare the following com-

peting financial interests: D. Kim, U. Jeong, D. Jeong, N. Kim,

J. Jung, W. Kim, and M. Lee have applied for a patent on the

technology, assigned to Hanyang University and Samsung

Electronics (KR 10-2023-0091682, US18/528206).

Data availability: The datasets used and/or analyzed during

the current study available from the corresponding author

on reasonable request.

References

[1] S. W. Hell and J. Wichmann, “Breaking the diffraction resolution

limit by stimulated emission: stimulated-emission-depletion

fluorescence microscopy,” Opt. Lett., vol. 19, no. 11, pp. 780−782,
1994..

[2] M. G. Gustafsson, D. A. Agard, and J. W. Sedat, “Sevenfold

improvement of axial resolution in 3D wide-field microscopy using



206 — U. Jeong et al.: Edge roughness analysis for single-molecule localization microscopy images

two objective-lenses,” in Three-dimensional microscopy: image

acquisition and processing II, vol. 2412, San Jose, CA, USA, SPIE, 1995,

pp. 147−156.
[3] M. J. Rust, M. Bates, and X. Zhuang, “Sub-diffraction-limit imaging

by stochastic optical reconstruction microscopy (STORM),” Nat.

Methods, vol. 3, no. 10, pp. 793−796, 2006..
[4] E. Betzig, et al., “Imaging intracellular fluorescent proteins at

nanometer resolution,” Science, vol. 313, no. 5793, pp. 1642−1645,
2006..

[5] J. Lippincott-Schwartz and S. Manley, “Putting super-resolution

fluorescence microscopy to work,” Nat. Methods, vol. 6, no. 1,

pp. 21−23, 2009..
[6] Y. Park, et al., “Polarity nano-mapping of polymer film using

spectrally resolved super-resolution imaging,” ACS Appl. Mater.

Interfaces, vol. 14, no. 40, pp. 46032−46042, 2022..
[7] D. T. Nguyen, et al., “Super-resolution fluorescence imaging for

semiconductor nanoscale metrology and inspection,” Nano Lett.,

vol. 22, no. 24, pp. 10080−10087, 2022..
[8] U. Jeong, et al., “Development of highly dense material-specific

fluorophore labeling method on silicon-based semiconductor

materials for three-dimensional multicolor super-resolution

fluorescence imaging,” Chem. Mater., vol. 35, no. 14,

pp. 5572−5581, 2023..
[9] D. Wöll and C. Flors, “Super-resolution fluorescence imaging for

materials science,” Small Methods, vol. 1, no. 10, p. 1700191,

2017..

[10] J. Chung, U. Jeong, D. Jeong, S. Go, and D. Kim, “Development of a

new approach for low-laser-power super-resolution fluorescence

imaging,” Anal. Chem., vol. 94, no. 2, pp. 618−627, 2022..
[11] D. Kim, T. J. Deerinck, Y. M. Sigal, H. P. Babcock, M. H. Ellisman, and

X. Zhuang, “Correlative stochastic optical reconstruction

microscopy and electron microscopy,” PloS One, vol. 10, no. 4,

p. e0124581, 2015..

[12] Y. Hyun and D. Kim, “Recent development of computational cluster

analysis methods for single-molecule localization microscopy

images,” Comput. Struct. Biotechnol. J., vol. 21, pp. 879−888,
2023..

[13] P. Sengupta, T. Jovanovic-Talisman, D. Skoko, M. Renz, S. L. Veatch,

and J. Lippincott-Schwartz, “Probing protein heterogeneity in the

plasma membrane using PALM and pair correlation analysis,” Nat.

Methods, vol. 8, no. 11, pp. 969−975, 2011..
[14] F. Levet, et al., “SR-Tesseler: a method to segment and quantify

localization-based super-resolution microscopy data,” Nat.

Methods, vol. 12, no. 11, pp. 1065−1071, 2015..
[15] J. M. Hartley, et al., “Super-resolution imaging and quantitative

analysis of membrane protein/lipid raft clustering mediated by

cell-surface self-assembly of hybrid nanoconjugates,”

ChemBioChem, vol. 16, no. 12, pp. 1725−1729, 2015..
[16] L. Andronov, Y. Lutz, J.-L. Vonesch, and B. P. Klaholz, “SharpViSu:

integrated analysis and segmentation of super-resolution

microscopy data,” Bioinformatics, vol. 32, no. 14, pp. 2239−2241,
2016..

[17] C. Y. Chan, A. M. Pedley, D. Kim, C. Xia, X. Zhuang, and S. J.

Benkovic, “Microtubule-directed transport of purine metabolons

drives their cytosolic transit to mitochondria,” Proc. Natl. Acad. Sci.

U.S.A., vol. 115, no. 51, pp. 13009−13014, 2018..
[18] D. J. Williamson, et al., “Machine learning for cluster analysis of

localization microscopy data,” Nat. Commun., vol. 11, no. 1, p. 1493,

2020..

[19] M. Marenda, E. Lazarova, S. van de Linde, N. Gilbert,

and D. Michieletto, “Parameter-free molecular super-structures

quantification in single-molecule localization microscopy,” J. Cell

Biol., vol. 220, no. 5, p. e202010003, 2021..

[20] B. D. Bunday, M. Bishop, J. S. Villarrubia, and A. E. Vladar, “CD-SEM

measurement line-edge roughness test patterns for 193-nm

lithography,” in Metrology, inspection, and process control for

microlithography XVII, vol. 5038, Santa Clara, CA, USA, SPIE, 2003,

pp. 674−688.
[21] P. D. Antonio, M. Lasalvia, G. Perna, and V. Capozzi,

“Scale-independent roughness value of cell membranes studied

by means of AFM technique,” Biochim. Biophys. Acta − Biomembr.,

vol. 1818, no. 12, pp. 3141−3148, 2012..
[22] N. G. Orji, T. V. Vorburger, J. Fu, R. G. Dixson, C. V. Nguyen,

and J. Raja, “Line edge roughness metrology using atomic

force microscopes,” Meas. Sci. Technol., vol. 16, no. 11, p. 2147,

2005..

[23] C. A. Mack, “Generating random rough edges, surfaces, and

volumes,” Appl. Opt., vol. 52, no. 7, pp. 1472−1480, 2013..
[24] T. Siefke, et al., “Line-edge roughness as a challenge for

high-performance wire grid polarizers in the far ultraviolet

and beyond,” Opt. Express, vol. 26, no. 15, pp. 19534−19547,
2018..

[25] C. A. Mack and G. F. Lorusso, “Determining the ultimate resolution

of scanning electron microscope-based unbiased roughness

measurements. I. Simulating noise,” J. Vac. Sci. Technol. B:

Nanotechnol. Microelectron., vol. 37, no. 6, p. 062903,

2019..

[26] H. Shroff, C. G. Galbraith, J. A. Galbraith, and E. Betzig, “Live-cell

photoactivated localization microscopy of nanoscale

adhesion dynamics,” Nat. Methods, vol. 5, no. 5, pp. 417−423,
2008..

[27] H. Nyquist, “Certain topics in telegraph transmission theory,”

Trans. Am. Inst. Electr. Eng, vol. 47, no. 2, p. 617, 1928..

[28] C. E. Shannon, “Communication in the presence of noise,” Proc.

IRE, vol. 37, no. 1, pp. 10−21, 1949..
[29] X. Zhuang, “Nano-imaging with STORM,” Nat. Photonics, vol. 3,

no. 7, pp. 365−367, 2009..
[30] C. Cutler, et al., “Utilizing roughness power spectral density

variables to guide resist formulation and understand impact of

frequency analysis through process,” J. Photopolym. Sci. Technol.,

vol. 31, no. 6, pp. 679−687, 2018..
[31] C. H. Diaz, H.-J. Tao, Y.-C. Ku, A. Yen, and K. Young, “An

experimentally validated analytical model for gate line-edge

roughness (LER) effects on technology scaling,” IEEE Electron Device

Lett., vol. 22, no. 6, pp. 287−289, 2001..
[32] K. Patterson, et al., “Experimental determination of the impact of

polysilicon LER on sub-100-nm transistor performance,” in

Metrology, inspection, and process control for microlithography XV ,

vol. 4344, Santa Clara, CA, USA, SPIE, 2001, pp. 809−814.
[33] A. Asenov, S. Kaya, and A. R. Brown, “Intrinsic parameter

fluctuations in decananometer MOSFETs introduced by gate line

edge roughness,” IEEE Trans. Electron Devices, vol. 50, no. 5,

pp. 1254−1260, 2003..
[34] M. Klähn and M. Zacharias, “Transformations in plasma

membranes of cancerous cells and resulting consequences

for cation insertion studied with molecular dynamics,” Phys.

Chem. Chem. Phys., vol. 15, no. 34, pp. 14427−14441,
2013..



U. Jeong et al.: Edge roughness analysis for single-molecule localization microscopy images — 207

[35] A. Gesper, S. Wennmalm, P. Hagemann, S.-G. Eriksson, P. Happel,

and I. Parmryd, “Variations in plasma membrane topography can

explain heterogenous diffusion coefficients obtained by

fluorescence correlation spectroscopy,” Front. Cell Dev. Biol., vol. 8,

p. 767, 2020..

[36] G. Rapin, et al., “Roughness and dynamics of proliferating cell

fronts as a probe of cell−cell interactions,” Sci. Rep., vol. 11, no. 1,
p. 8869, 2021..

[37] C.-H. Chang, H.-H. Lee, and C.-H. Lee, “Substrate properties

modulate cell membrane roughness by way of actin filaments,”

Sci. Rep., vol. 7, no. 1, p. 9068, 2017..

[38] G. T. Dempsey, J. C. Vaughan, K. H. Chen, M. Bates, and X. Zhuang,

“Evaluation of fluorophores for optimal performance in

localization-based super-resolution imaging,” Nat. Methods, vol. 8,

no. 12, pp. 1027−1036, 2011..
[39] J. Canny, “A computational approach to edge detection,” IEEE

Trans. Pattern Anal. Mach. Intell., vol. PAMI-8, no. 6, pp. 679−698,
1986..

[40] G. Palasantzas, “Roughness spectrum and surface width of

self-affine fractal surfaces via the K-correlation model,” Phys. Rev.

B, vol. 48, no. 19, p. 14472, 1993..

Supplementary Material: This article contains supplementary material

(https://doi.org/10.1515/nanoph-2023-0709).

https://doi.org/10.1515/nanoph-2023-0709

	1 Introduction
	2 Results and discussion
	2.1  Effect of localization property in pointillism super-resolution images on roughness measurement
	2.2  LER and PSD analysis for various types of line patterns
	2.3  Edge roughness analysis for experimental STORM images of nanopatterns in semiconductor wafer
	2.4 Edge roughness analysis for STORM images of cellular structures

	3 Conclusions
	4 Methods
	4.1 Simulated STORM image generation
	4.1.1  Semiconductor nanopattern image generation
	4.1.2  Semiconductor nanopattern defect image generation

	4.2 Edge boundary identification from STORM and SEM images
	4.3 Line-edge roughness (LER) and power spectral density (PSD) analysis



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Euroscale Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 35
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1000
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.10000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /DEU <>
    /ENU ()
    /ENN ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (ISO Coated v2 \(ECI\))
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName <FEFF005B0048006F006800650020004100750066006C00F600730075006E0067005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 8.503940
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


