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Abstract

Super-resolution fluorescence microscopy allows the investigation of cellular structures at
nanoscale resolution using light. Current developments in super-resolution microscopy have
focused on reliable quantification of the underlying biological data. In this review, we first
describe the basic principles of super-resolution microscopy techniques such as stimulated
emission depletion (STED) microscopy and single-molecule localization microscopy (SMLM),
and then give a broad overview of methodological developments to quantify super-resolution data,
particularly those geared toward SMLM data. We cover commonly used techniques such as spatial
point pattern analysis, colocalization, and protein copy number quantification but also describe
more advanced techniques such as structural modeling, single-particle tracking, and biosensing.
Finally, we provide an outlook on exciting new research directions to which quantitative super-
resolution microscopy might be applied.
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INTRODUCTION

Fluorescence microscopy is a powerful tool that offers several advantages over other

1duosnuey Joyiny

microscopy methods including electron microscopy. Light is noninvasive, and fluorescence
tagging of the biological entity of interest provides high contrast and molecular specificity.
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While light microscopy began as a descriptive and qualitative tool, it has evolved into

a highly quantitative method in biological studies. For example, fluorescence correlation
spectroscopy (FCS) allows measurements of concentrations of molecules inside living cells
(42), fluorescence resonance energy transfer (FRET) enables quantification of molecular
interactions or conformational changes within individual molecules (1), and single-step
photobleaching has been used extensively to determine the subunit stoichiometry of sparsely
expressed small protein complexes (39, 40). However, until the 2000s, a major limitation

of fluorescence light microscopy was its low spatial resolution (approximately 250 nm in
x-y and approximately 500 nm in 2) due to diffraction, meaning that light microscopy could
only be applied to bulk quantification of many molecules residing within this diffraction-
limited volume or to sparsely expressed or labeled molecules that did not overlap within

the diffraction-limited volume. Thus, the development of far-field super-resolution light
microscopy, which overcame this limitation, revolutionized the study of subcellular biology.

The super-resolution revolution began with the development of stimulated emission
depletion (STED) microscopy (87, 88), followed by stochastic optical reconstruction
microscopy (STORM) (140); (fluorescence) photoactivated localization microscopy (f/
PALM) (15, 64); and, later, DNA-point accumulation in nanoscale topography (PAINT)

(82, 152), an evolution of the original PAINT method by Sharonov & Hochstrasser (159).
The latter three methods are now collectively referred to as single-molecule localization
microscopy (SMLM) (92). The early days of super-resolution microscopy focused largely on
proof-of-concept demonstrations and technological advances such as extending the methods
to 3D and multicolor imaging (12, 73, 149). As the techniques have matured, they have
become important discovery tools in cell biology and as such have needed to become more
quantitative. Recent years have seen an explosion of analysis algorithms to improve both the
preprocessing and postprocessing of super-resolution data, which enabled in situ structural
biology with light microscopy, measurement of molecular clustering, and determination of
protein copy number within molecular clusters, among other advances. In this review, we
focus on the advances in quantitative super-resolution light microscopy, with a particular
emphasis on quantitative SMLM.

OVERVIEW OF SUPER-RESOLUTION METHODS

Single-Molecule Localization Microscopy

STORM, f/PALM, and DNA-PAINT belong to a subclass of super-resolution microscopy
methods that are collectively referred to as SMLM (see Figure 13, i) as they all share

the same concept for improving spatial resolution. The working principle behind these
methods has been extensively reviewed (92, 146); thus, we provide only a brief description
and instead focus on quantitative aspects of SMLM. In SMLM, the biological entity of
interest is labeled with probes that can cycle between onand off states or that can change
their spectral properties (e.g., switch from green to red) (Figure 1a, iii). In STORM and
f/IPALM, the on/off switching or the photoconversion is achieved by fluorophores whose
photophysical properties can be tuned with light illumination and often with the use of
chemical buffers. In DNA-PAINT, the on/off switching is achieved via the binding and
unbinding of fluorophore-labeled single-stranded oligonucleotides (imager oligos) to and
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from their target oligonucleotides (docking oligos). In all cases, the on/off switching or the
photoconversion allows control over the proportion of fluorophores that are in the on state
at any given time. Sparsely activating, immobilizing, or photoconverting a small proportion
of fluorophores at a time ensures that their images do not overlap within a diffraction-
limited volume (Figure 1a, ii). The position of each fluorophore can then be determined
with high precision (tens of nanometers) by fitting its image to a mathematical function
(often a Gaussian). Through iterative cycles of fluorophore activation and localization, it
is possible to reconstruct a pointillistic, high-resolution image of the underlying structure
reaching a spatial resolution that is one order of magnitude better than the diffraction limit.
The pointillistic nature of the SMLM images, as well as the often-stochastic nature of

the photoswitching behavior, poses special challenges for image quantification, which are
further discussed below.

Stimulated Emission Depletion

The working principle of STED (see Figure 1b, i) has also been reviewed extensively (144,
177). In brief, molecules within a diffraction-limited volume are excited using the excitation
beam. A donut-shaped depletion (or STED) beam forces the molecules where the STED
beam intensity is high back to the ground state through stimulated emission such that the
the effect of shrinking the excitation volume to only those molecules that are at the center
of the depletion beam, where the STED laser intensity is zero. Stimulated depletion is only
one mechanism for switching off molecules in the donut area. Photoswitchable molecules
can also be used in a related method known as reversible saturable optical fluorescence
transitions (RESOLFT) (61, 67).

More recently, STED has been combined with the concept of localization in a new

method called minimal photon fluxes (MINFLUX) (11, 59) and the related methodology
MINSTED (183). In MINFLUX, a donut-shaped probing excitation beam is used to

localize photoswitchable molecules by iteratively scanning the beam around the molecule

to improve the precision of localization to 1-3 nm. Related methods such as SIMFLUX
(28), repetitive optical selective exposure (57, 58), and modulated localization (80)

combine structured illumination with the concept of fluorophore localization to achieve
high-precision localization in a larger field of view than MINFLUX and MINSTED, thereby
improving throughput (18).

Methods like STED and RESOLFT require minimal preprocessing (often, images are only
deconvolved to improve resolution further). However, the typical image postprocessing tools
that have been developed for intensity-based images can be applied to these images, since
they are intrinsically intensity based rather than point cloud based. We highlight some
advanced quantitative extensions of these methods, such as STED-FCS and single-particle
tracking (SPT) with MINFLUX, but our focus centers largely on quantification of SMLM
images.
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SINGLE-MOLECULE LOCALIZATION MICROSCOPY IMAGE ANALYSIS

Preprocessing of Single-Molecule Localization Microscopy Data

To obtain robust quantitative super-resolution data, a variety of criteria must be considered,
including optimized sample preparation, use of appropriate (imaging) buffers, and correct
microscope settings (e.g., dichroic mirrors, laser power and wavelength). Assuming that

all imaging precautions have been taken (see 173), a crucial part of quantitative SMLM

is unbiased localization of the fluorophores, which includes steps like background removal
(structured or unstructured background) (70, 74, 109, 113), photobleaching correction (75,
128, 135, 176), drift correction (10, 27, 55, 112, 186), and 2D and 3D emitter detection and
localization (9, 117, 125, 127, 163). Many of the works on these topics contain open-source
algorithms that can be used within platforms such as ImageJ/FIJI, MATLAB, or Python.
Moreover, to make the quantitative analysis of the super-resolution data from different
microscope modalities accessible, several efforts have been made to create a platform that
combines these different steps of the analysis pipeline (33, 102, 107, 115, 134).

An important consideration in the development of quantitative algorithms is that they should
be properly evaluated and compared to other methods. In some cases, it is possible to
quantify fundamental limits to the performance of the algorithm, such as the Cramer-Rao
lower bound for the 3D localization precision (56, 121). However, in most cases, this
quantification requires data for which the ground truth is known. Ground truth information
may be experimentally obtained [e.g., by using well-defined DNA-origami structures (81,
150)], but the gold standard is using simulated images. Super-resolution images can be
readily simulated and tailored to the applications at hand [e.g., point spread function (PSF)
engineering, camera type, structured background], and a wide range of open-source tools is
available to do this (48, 119, 142, 172, 175). With the rise of open-source tools and software,
a reproducible and more quantitative evaluation of the different methods is also needed. A
first effort to compare different metrics (e.g., accuracy, precision, speed, emitter density) was
performed by Sage et al. (142) and later updated to include more state-of-the-art techniques
(143). These efforts have allowed direct comparison of different methods to make it easier
to choose which algorithm to use for specific applications (leaderboards are continuously
updated and can be consulted at https://srm.epfl.ch/Challenge).

In recent years, methods that investigate the reliability and confidence of the imaging data
have been developed as well (30, 106, 110, 114). These methods of quantification can be
used throughout the imaging process to assess the quality of the data to maximize accuracy
and resolution and to benefit the downstream analysis. For example, in the case of the

Haar wavelet kernel analysis (HAWK) (106), the super-resolved image is compared to a
HAWK-processed reconstruction reference image to map and quantify structural differences
between them. This procedure allows for estimating image quality, reliability, and artifact
detection without the need to use intensity information, which is a common drawback of
other methods.
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Statistical Analysis of Single-Molecule Localization Microscopy Data

In quantitative super-resolution microscopy, a significant portion of the conclusions are
related to the resolution, quality, and spatial or structural details revealed in the image.
Statistical approaches are therefore important to quantify these properties (Figure 2). For
example, the image resolution is dependent on probe properties (e.g., detected photons),
imaging properties (e.g., pixel size), and sample properties (e.g., labeling density) (35).
Some of these considerations can theoretically be described based on statistical theorems,
such as the Nyquist-Shannon sampling theorem for labeling density (45, 120, 158) or

the analytical expression for localization precision (165), but in practice, other factors
(e.g., probe size) also limit resolution. Therefore, to more accurately quantify the spatial
resolution in experimental images, several analysis methods have been developed, such as
Fourier ring correlation (89, 118) and parameter-free estimation of image resolution (38).
As an example, the parameter-free method (38) calculates the correlation of a single image
in the frequency domain with respect to a frequency mask of decreasing size. This method
takes into account that high-frequency information is related to noise, and low-frequency
information is related to structural information. This means that, at first, there will be a
steady increase in correlation when the noise is removed; after reaching a maximum, the
correlation will decrease again as structural information is removed. Therefore, the image
resolution is determined by determining the point where correlation is maximal.

Several postprocessing algorithms also make use of statistical analysis. Pair-correlation
functions, for example, have been used to quantify true spatial organization by addressing
imaging artifacts such as overcounting due to multiple blinking (see the section titled
Protein Copy Number Quantification in Single-Molecule Localization Microscopy) (155,
174), to quantify colocalization (see the section titled Colocalization) (103, 153, 166), to
perform drift correction (27, 112), and to align images (65, 66, 153). In the image alignment
application, pair-correlations are used as a way of performing model-free particle averaging
to increase the signal-to-noise ratio and, thus, the effective image resolution (see the section
titled Structural Biology and Structural Modeling). Other statistical methods also play an
important role in the spatial point analysis of data clusters. A well-known example is the
Ripley’s K function and its derivatives (86, 136), which have been used in both 2D and 3D
imaging applications obtained with different microscopy modalities (3, 54, 91, 102, 130,
131). These functions use second-moment properties to describe the relationship between
the clusters present in a sample by comparing the number of found points within a given
distance to what would be expected if there was complete spatial randomness. Deviations
from complete spatial randomness then indicate scales of clustering and/or dispersion.

Clustering and Segmentation of Single-Molecule Localization Microscopy Data

Statistical analyses such as Ripley’s K function, discussed above, are useful for extracting
information on the average distribution of points in the SMLM images. However, they

do not provide information on individual clusters and structures or their heterogeneity.
Clustering and segmentation methods (Figure 2) group SMLM localizations into discrete
objects (clusters) that represent collections of molecules or structures of interest. Thus,
these methods allow extraction of properties of individual objects and characterization of
heterogeneity in the SMLM data.
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Density-based methods.—Density-based spatial clustering of applications with noise
(DBSCAN) can segment clusters of arbitrary shape and only requires a small number of
user-defined parameters, which makes it a popular method for clustering SMLM data. The
algorithm groups points with many nearby neighbors as clusters and marks any points

that have neighbors too far away as noise. Many studies have used DBSCAN to segment
SMLM data in diverse biological settings (91, 102, 126). However, one disadvantage of this
method is that parameter selection is subjective, as it requires two input parameters, &, the
neighborhood radius, and MinPts, the minimum number of localizations within e required to
be considered a cluster. It is also relatively slow in comparison to more recent density-based
algorithms (111), especially as data sets get larger.

Voronoi tessellation—based methods.—\Voronoi tessellation is a mathematical concept
that has been adopted for use in SMLM. This method clusters point cloud data by dividing
the space around each SMLM localization into polygonal regions (Moronoi cells) defined

by Euclidean distances to their nearest neighbors (4, 19, 94). Each Voronoi cell is centered
around one localization and is constructed by edges (lines in this 2D application) that

are equidistant to the two nearest sites (i.e., localizations). The cell areas or other cell
parameters are then used as thresholds for segmenting the localizations into clusters.

For example, regions of the Voronoi diagram with smaller cell areas translate to regions

with higher molecular density. Thus, high-density regions can be segmented by placing a
threshold on the Voronoi cell area and selecting cells that are smaller than the threshold.
Cells that fulfill this criterion and are also neighbors of one another can get grouped together
to form a clustered object (94). Thresholds can be set manually or automatically based

on comparison between Voronoi cell attributes and a reference distribution (e.g., complete
spatial randomness or uniform distribution) (4, 94). Voronoi tessellation has been adapted
for the clustering of 3D SMLM data (4) and has been useful for scalable clustering (e.g.,
from individual nanoclusters up to larger, more complex cellular structures) in several
biological applications (60, 62, 122, 130).

Bayesian clustering methods.—Bayesian methods seek to control for uncertainties

in molecule localization, background signal, and user bias by employing algorithms that
propose many potential clustering schematics based on the data being analyzed and scoring
those schematics according to a Bayesian generative model (53). In the approach of Griffié
et al. (53), every localization in a region of interest (ROI) is assumed to be a molecule whose
coordinates come with errors because of the localization process, and the center of each
potential cluster and the radii of the clusters are assumed to be distributed uniformly over
the ROI. Localizations are then assigned either as background or as part of the cluster. This
cluster configuration is then compared to the Bayesian generative model (which assumes
Gaussian clusters and a completely spatially random background) and given a posterior
probability. Thousands of potential configurations are investigated in this way, and the
best-scoring configuration is then the output of the algorithm. Bayesian methods have also
been adapted for clustering of 3D SMLM data, in addition to that of 2D data (54).

While the reduction of user input may be helpful for reducing bias, assumptions about what
a localization truly represents can become problematic. Localizations that are assumed to
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have come from separate molecules (rather than one molecule that has blinked multiple
times) by an algorithm could output a proposal with artificially large or wholly false clusters.
In fact, for all of the clustering algorithms described above, careful attention to the reduction
of blinking artifacts is important.

Protein Copy Number Quantification in Single-Molecule Localization Microscopy

SMLM is particularly useful for studying the characteristics of protein distribution (24,
181) and has been used to identify protein nanodomains, nanoscale areas of a cell wherein
certain proteins cluster together (Figure 2). Prominent examples include lipid rafts (162)
and receptor clustering (31, 76, 97, 145, 154). In the time since these nanodomains

were described, questions have arisen about the true number of proteins making up such
clusters, as artifacts intrinsic to the SMLM labeling and the data acquisition process

make interpretation of clustered SMLM data less straightforward (5, 13, 37). In SMLM
imaging modalities like STORM and PALM, undercounting of localizations can come from
incomplete labeling, fluorophore failure to photoactivate, and premature photobleaching,
leading to artificially sparse reconstruction of structures. In contrast, overcounting from
repeated captures of the same fluorophore across many frames makes for artificially dense
reconstructions. Both scenarios are problematic for later clustering and segmentation steps in
the data analysis process and for biological interpretation of the reconstructed image.

Initial methods to address these issues focused on the problem of multiple fluorophore
blinks. These methods included simple time thresholds in which localizations that appeared
within a time shorter than the threshold were combined together (5, 6, 29). In addition,
kinetic models of fluorophore photophysics have been developed to account for fluorophore
blinking (137). However, these methods either are too simplistic and fail in high-density
labeling scenarios (time threshold) or do not fully capture the complexity of fluorophore
photophysics (kinetic models). More recently, several advanced methods have been
developed to account for blinking. These include pairwise distance distribution correction,
which uses pairwise distance distributions of molecules separated temporally by several
frames longer than the lifetime of a fluorophore to determine a true pairwise distance
distribution (17). In addition to these computational methods, an experimental method for
addressing the stochastic nature of fluorophore photophysics in STORM or PALM is the use
of quantitative DNA-PAINT, also known as qPAINT (81). In gPAINT, bright and dark times
of fluorophores are tied to well-defined kinetic constants of DNA binding and the influx rate
of imager strands, rather than the stochasticity of dye photophysics. Thus, well-characterized
blinking translates to protein counting when the frequency of blinks in a certain time period
from a single protein labeled with a single docking strand is determined. If the frequency
for one protein is four blinks within a given time period, then a cluster of four proteins will
blink with four times the frequency (given that the rate of influx of imaging strands remains
constant).

While these approaches can account for artifacts related to fluorophore blinking, they

do not account for other artifacts coming from failed localizations or unknown labeling
stoichiometry. In the sections below, we describe techniques that account for these additional
artifacts to properly determine protein clustering and protein copy number.
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Titration methods.—Titration methods utilize careful modulation of labeling density by,
for example, titrating the concentration of the fluorescent antibody (13, 41, 60). Generally,
the number of SMLM localizations associated with a single secondary antibody is found by
diluting the antibody concentration in a stain until fluorescent signals of single fluorophore-
bound secondary antibodies can be detected. The same titration process is performed with

a primary antibody to determine the saturation of epitopes on the targeted protein. The data
from the primary and secondary titration experiments is then used to estimate the number

of secondary antibodies that bind to each primary. Taken together, this information allows
for estimations of protein copy number in experimental conditions by comparing the density
profile of localizations in an experimental cluster to the profile of a known single protein.

Other calibration tools.—Alternative methods for deducing protein copy humber include
those that utilize a fluorescently labeled calibration tool with a known copy number against
which experimental clusters can be compared. Some recent examples include DNA origami,
bacterial homo-oligomers, and nuclear pore complex (NPC) proteins (25, 44, 170). For
example, DNA origami structures can be designed with extreme precision in dimension
(several nanometers) and can be made to support regularly spaced handles that can be
conjugated with multiple copies of a fluorescently labeled protein of interest (71, 139). Since
the copy number of proteins attached to the origami is already known, it can be used as

a calibration standard, allowing it to account for the photophysical and labeling variables
mentioned above. The copy number of the protein of interest in the experimental sample

can then be determined by comparing the SMLM localization distributions of the sample to
calibration distributions calculated for the DNA origami standard (25).

One major drawback of both the DNA origami approach and the bacterial homo-oligomer
is that the copy number of the proteins within the calibration standard is typically low (1-6
proteins), and extrapolating the calibration to larger protein complexes gives large errors
in copy number estimation (25). To overcome this problem, well-characterized subunits
of the NPC offer another option for protein counting in clustered SMLM data (170).
Nup96, for instance, forms ring structures of 16 subunits on both the cytoplasmic and
nucleoplasmic faces of the NPC for a total copy number of 32 (178). However, the NPC
offers a fixed stoichiometry for quantification, and it is not clear how well the calibration
will perform when the protein copy number of interest is much smaller or larger than the
Nup96 stoichiometry (77). Thus, there is still a need for flexible, easy-to-use calibration
standards whose copy number can easily be tuned over a large range.

Colocalization

Multicolor imaging has been a powerful tool for revealing the spatial relationships among
different molecular species and for understanding their interdependence. Methods that can
quantify the spatial relationship and colocalization in standard microscopy images have
been around for a long time and typically fall into two categories: pixel-based methods

and object-based methods. The former includes the Pearson’s correlation, Manders overlap,
and Spearman correlation coefficients. Object-based methods typically rely on segmentation
of individual objects or structures and measurement of their overlap percentage or nearest-
neighbor distances. Both types of analysis have been adapted and applied to super-resolution
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microscopy. In the simplest scenario, super-resolution images can be rendered as pixel-based
images, and the typical correlation coefficients can be computed on the pixel-based data
(164). However, this approach has the drawback of arbitrary choice of pixel size and
potential pixelation artifacts. Pair-correlation and other statistical analysis (see the section
titled Statistical Analysis of Single-Molecule Localization Microscopy Data) can also be
directly applied to point localizations to quantify the (average) spatial relationship between
different molecular species in SMLM data (101, 138, 153, 155, 166, 187). Colocalization
analysis can also be applied in conjunction with clustering and segmentation algorithms (4,
95, 126). For example, Voronoi tessellation has been extended to quantify the overlap of
segmented clusters in multicolor SMLM images in 2D (4) and 3D (95). Coloc-Tesseler
computes the normalized pair-density from the overlapping Voronoi diagrams of two
molecular species to quantify their spatial colocalization in a density- and parameter-free
manner. In another approach, clusters segmented by DBSCAN or Voronoi in one channel are
assigned as reference clusters, and the clusters of the second channel are compared to these.
A cluster is then considered to be colocalized with a reference cluster if the proportion of its
localizations that fall within this reference cluster is higher than a predetermined threshold
(60).

ADVANCED QUANTITATIVE METHODS

In the sections below, we describe more advanced quantitative tools for super-resolution
microscopy. This list is by no means exhaustive, but it offers details on the most commonly
used methodologies.

Structural Biology and Structural Modeling

While super-resolution light microscopy has great potential for determining the structure of
multiprotein complexes in situ (98, 161), several limitations make it challenging to directly
achieve the structural-level resolution that is typical in cryo-electron microscopy (EM)

and cryo-electron tomography (ET). First, the spatial resolution of super-resolution light
microscopy remains at the nanometer scale, in contrast to the Angstrém-scale resolution
provided by cryo-EM and cryo-ET. In addition, while fluorescence tagging provides high
contrast and molecular specificity, it only allows visualization of a few proteins at a

time. This makes visualization of all subunits within large molecular complexes difficult.
Additionally, in super-resolution light microscopy, the subunit of interest is rarely directly
visualized. Instead, a label that can be separated from the subunit by tens of nanometers

is visualized (92). Still, concepts that are typically used in single-particle cryo-EM have
been adapted for super-resolution microscopy in select examples to determine the subunit
arrangement of multiprotein complexes (116, 141, 160, 169). In this case, a subunit within
a specific molecular structure is labeled and visualized with super-resolution microscopy.
Many such images are segmented, aligned, and averaged together to determine the position
of the subunit with nanometer precision. For a symmetric structure, like the NPC, this
procedure can be repeated individually for multiple subunits to determine their relative
position within the NPC complex in 2D (100, 169) as well as in 3D (141). For structures
that are not symmetric, a reference subunit can be imaged together with the subunit of
interest in multicolor to enable image alignment and averaging based on the reference
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image (116). This approach was used to produce a pseudotemporal order of molecular
events that take place during clathrin-mediated endocytosis (116). Moreover, when applied
to purified proteins, 2D images of single-protein subunits of mixed orientation can be used
to reconstruct a 3D volumetric image using established EM analysis routines (160).

All of these approaches require robust data analysis workflows for segmenting, classifying,
aligning, and averaging structures of interest. Segmentation is typically achieved through
methods like DBSCAN or Voronoi. For alignment and averaging, different approaches have
been developed (98). In one class of methods, a high-resolution, pixel-based representation
of the point cloud data is reconstructed by binning the localizations into intensity-based
pixels. Image cross-correlation can then be used to align and average the images (141,

169). However, approaches that rely on reconstructed images can be prone to reconstruction
artifacts, and thus, direct analysis of the point cloud data may be preferable. Methods that
work on the point cloud data include template-based methods that use a priori knowledge
of the structure of interest (21, 100), as well as template-free methods that generate a data-
driven template by maximizing a merit function from the 2D or 3D localizations (65, 66,
153). Finally, after averaging, simple geometric expressions are used to model the biological
structures (e.g., circles, Gaussian profiles, lines) to get access to subunit information.

Single-Particle Tracking

In SPT (Figure 2), molecules are tracked in time to quantify dynamic behavior in 2D and
3D in living cells (72, 104, 129). SPT in its most standard version requires sparse labeling
of the protein of interest such that the molecules do not overlap in a diffraction-limited
volume. However, SPT can be combined with PALM (104, 147) to increase the density of
molecules that are imaged and tracked. SPT has also more recently been combined with
MINFLUX microscopy (11, 148) to improve localization precision and temporal resolution.
The analysis of SPT data shares many commonalities with SMLM analysis, including probe
detection and localization, but with the addition of linking the localized points from one
frame to the next to create trajectories. Many software packages are publicly available,
including multiple-target tracing (MTT) (156), u-track (79), TrackMate (43, 171), and
Single-Molecule Analysis by Unsupervised Gibbs sampling (SMAUG) (84), to help with
the analysis of different types of SPT experiments.

The first step in SPT analysis is the probe localization. This is a more complicated process
than the localization of typical SMLM data, as the probe PSFs can be deformed due to
movement (i.e., motion blur effect) (36) and as high temporal resolution is needed to
accurately follow the dynamics (121); both of these factors lower the localization precision.
The use of MINFLUX makes this step more robust, as it provides very high localization
precision without the need for high photon counts (approximately 1 nm precision), which
allows for faster dynamics to be investigated (100-fold enhancement) (11). Additionally,
methodological advances have also been made to robustly identify single particles in noisy
situations (109).

The second step of SPT analysis is linking the detected probes in subsequent frames to
form trajectories in time. Even though the concept is simple, many problems arise in
this step, such as crossing trajectories or gaps due to blinking (for more information,
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see 105), but these issues can be minimized using experimental optimization methods

such as implementing strategies for reduced blinking (34), sparse labeling, or simultaneous
multicolor SPT (23). Other efforts have been made on the computational side with the use of
deep learning algorithms (43, 51) or Bayesian statistics (26, 129).

The final step is to interpret the linked trajectories and use them for quantification with one
of the many tools available. The extracted information can be classified according to two
main approaches. The first class, Lagrangian methods, focuses on quantifying individual
molecule dynamics. In this class, aspects such as diffusive motion (e.g., mean square
displacement, apparent diffusion coefficient) or transient state Kinetics are characterized (51,
72, 104). The second class of approaches is made up of the Eulerian methods, which focus
on characterizing distinct regions in the sample by looking at the dynamics of the molecules
passing through (14, 108, 156). Both types of methods have their pros and cons, but
generally speaking, Lagrangian methods are computationally expensive in most applications
due to the fact that they track all individual particles (although this is a drawback in most
SPT calculations and does not affect tracking performance). However, due to this tracking,
Lagrangian methods give access to information on every individual particle. In contrast, the
Eulerian methods are faster, as they calculate ensemble statistics, with the drawback that
subtle differences between individual particles will not be noticed. SPT has been applied

in a diverse set of biological contexts, including dynamics of membrane receptors (104,
108, 156), actin dynamics (2, 50, 189), intracellular transport dynamics (127, 129, 191), and
transcription factor mobility in the nucleus (78, 93, 167, 188).

Stimulated Emission Depletion-Fluorescence Correlation Spectroscopy

Biosensing

FCS is a quantitative spectroscopic method for measuring molecular interactions,
determining molecular concentrations, and observing the dynamic movement of molecules
in living cells. This method relies on analyzing temporal fluctuations in the fluorescent
intensity of small quantities of labeled molecules as they pass through a spot of focused
light (focal volume) (85). Early use of FCS was limited by diffraction to focal volumes of
approximately 250 x 250 x 500 nm3, and averaging over these large volumes of molecules
made it very challenging to visualize heterogeneities caused by molecular interactions that
take place at length scales smaller than the diffraction limit.

As STED intrinsically uses a confocal geometry, it is highly compatible with FCS
measurements. STED-FCS shrinks the focal volume to subdiffraction dimensions, allowing
the observation of molecular dynamics that happen at small length scales, thus extending the
spatiotemporal resolution of light microscopy. Since its introduction, STED-FCS has been
applied to studies of lipid and protein diffusion in the plasma membranes of eukaryotic cells
and adapted for scanning detection of multiple areas for the observation of heterogeneity in
membrane architecture (69, 151, 157).

Determining the biochemical activity of cellular constituents is a core goal of cell biology,
and this field was revolutionized by genetically encoded sensors, which typically consist
of two different domains: the sensing domain, which is responsible for the sensing of
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presence or absence of activity, analyte, or interaction, and the reporting domain, which
produces the measurable signal. The two main classes of these sensors are FRET-based
sensors (two fluorophores) and biosensors that use the change in fluorescence intensity as a
read-out (single fluorophore). The FRET-based sensors can provide absolute quantification
of the activity but have several drawbacks related to their large construct size and their
limited multiplexing capabilities. Single-fluorophore biosensors, in contrast, are fast and
small and can be used in multiplexed experiments, but as their emission depends on the
local concentration of the probe, absolute numbers remain difficult to obtain (with some
exceptions; see 16), and response saturation cannot be detected. Nevertheless, biological
activity has been quantified and monitored in real time with different microscopy modalities
including super-resolution optical fluctuation imaging. Examples of applications include
calcium sensing (22, 46), pH sensing (96, 133), and voltage sensing (49, 83). Greenwald et
al. (52) provide a more complete overview.

Deep Learning

Recently, the use of deep learning in super-resolution microscopy has experienced an
immense increase in popularity. The main applications are emitter or object detection (117,
132), object classification (63, 99), tracking (7, 51), segmentation (68, 168), preprocessing
(90, 113, 185), and augmented microscopy (123, 180). In their simplest form, super-
resolution raw images can be described as a convolution of the PSF with a point-like emitter
with the addition of background and noise. Given that convolutional neural networks use
convolutions as sliding filters of the input features, their usefulness in this application is
evident. As a result, deep learning methods remain robust in situations of low signal-to-noise
ratio, at higher emitter densities, and with incomplete labeling (20, 47, 124, 132) and will
typically outperform classical image processing techniques when they are evaluated in terms
of robustness, precision, accuracy, and fidelity. Regardless of their indispensable role and
future potential in quantitative super-resolution microscopy, there are several drawbacks to
be considered, including their need for powerful resources, their high entry threshold for
users, a large degree of parameter tuning during training, and their limited interpretability.
Fortunately, the community has recognized these limitations and is actively seeking to
resolve them with, for example, the initiation of the ZeroCostDL4Muic platform (179), an
open-source resource with tutorials, Jupyter notebook availabilities, and many different
example data sets.

Classification

Classification (Figure 2) is important when discriminating multiple types of known objects
from one another (8, 32) or when detecting new groups present in a data set (60, 141).
Classification can be performed in two different ways. The first is by use of an unsupervised
procedure [e.g., hierarchical cluster analysis (HCA), topological data analysis], which
requires no user input and is data driven but is usually less precise in its quantification.

The second type of classification algorithm is made up of supervised procedures (e.g., deep
learning—based methods, support vector machine) where a ground truth must be provided to
the algorithm during the training step so that the classification model can learn the features
that set the different classes apart. In both cases, the classification is done using different
variables that describe the structures adequately. These descriptors can be extracted from
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the data or reconstructed images and can differ greatly from application to application.

For example, Gyparaki et al. (60) used an iterative HCA on eight features that describe
super-resolved Tau protein aggregates (e.g., number of localizations, aggregate area, aspect
ratio) to find 22 different classes that may represent different stages in Tau aggregation.
Other studies (32, 141) have used classification in combination with structural modeling to
extract relevant biological or structural parameters.

CONCLUSION AND FUTURE PERSPECTIVES

Since the introduction of super-resolution microscopy techniques to biological
investigations, the field has grown and innovated in many exciting ways. The emphasis

of early studies was primarily on the development of new techniques for visualization.

Now that these techniques are well-established, attention can and has already been directed
toward quantifying the information acquired through them to gain new insights into the
underlying biology. An important aspect of quantitative super-resolution imaging is robust
preprocessing of the images (e.g., background removal, localization), and many efforts have
been made to develop quantitative tools that maximize precision, accuracy, fidelity, etc.,
efforts that subsequently have positive effects on the postprocessing quantification. What
many of the quantification methods have in common is that extensive knowledge of the
(physical) basis of the data or images (i.e., a priori knowledge) serves as a basis to maximize
the information that can be quantified. However, each method has its own advantages and
drawbacks, as discussed throughout this work. Ultimately, the method of choice is highly
dependent on the biological application and the biological questions being addressed.

As inspiring and encouraging as the topics reviewed are for applications in cell biology and
beyond, challenges remain. Many of the methods covered were developed by independent
research groups that use different programming environments, resulting in analysis pipelines
that are not necessarily streamlined and inevitable technological compatibility issues. To
address this problem, the creation of an open-source tool that combines these powerful
algorithms to standardize and generalize these platforms should be the subject of a greater
community effort. Moreover, it would be appropriate to include an active feedback system in
this pipeline that tells users at each step of the analysis how reliable and robust a procedure
is and how it influences the quality of the data and results. This will lower the threshold

for nonexpert users to use super-resolution microscopy in their research (as it is complicated
to navigate the vast range of available methods) and will further improve reliability and
reproducibility of results by removing user dependencies.

Exciting opportunities have also arisen with the recent developments in multiplexed
microscopy, as well as MINSTED and MINFLUX, as these techniques allow for imaging

a large number of molecular species or achieving much higher localization precisions than
what is typically achieved with SMLM [1-2 nm, or even in the Angstrém range (184)].
These higher-resolution techniques hold great promise for probing spatiotemporal dynamics
of molecules that were previously inaccessible. Moreover, this unprecedented precision will
further incentivize studies and applications in structural biology, as it allows access to the
subunits of the biological structures without the need for averaging. These advancements
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bring super-resolution microscopy closer to cryo-EM or cryo-ET, with the added benefit of
live-cell compatibility, and allow for studying cell biology in native conditions.

Finally, deep learning algorithms have accelerated advances in the field by taking advantage
of the intrinsic structure of fluorescence images, but the rise of algorithms based on deep
learning has certainly not hit its peak, and these algorithms still have a lot of unused
potential in this field. Developments from Ounkomol et al. (123) and Wang et al. (182),

for example, enable super-resolution modalities without the need for expensive equipment
by using deep learning to predict fluorescence images from transmitted-light images. This
so-called augmented microscopy is promising, but more advances are needed before this
technology can be used in quantitative experiments. A promising candidate to achieve

this goal is the use of generative adversarial networks (GANS), an up-and-coming deep
learning technique increasingly being applied to super-resolution microscopy (180, 190).
Their structure allows for automatic pattern discovery in the data, which is then used to
generate new data that cannot be distinguished from experimental data. They are especially
powerful in applications where both the input and output of the deep learning algorithm
are images (i.e., image-to-image translation) and may play a key role in democratizing
quantitative super-resolution modalities. Some of the drawbacks of existing deep learning
algorithms (e.g., their bias toward training data) may also potentially be overcome using
GANs, as they are excellent at generating realistic examples across a range of problems.
Moreover, to date, deep learning algorithms have been black box techniques (information
is known only about the input and output). Gaining insight into the image features that are
important for successfully completing the algorithm’s task is a line of research that should
be further explored, as the understanding of what makes an algorithm successful will lead to
more robust and precise results, given that this information can be exploited throughout the
optimization.

From the topics discussed in this review, it is clear that progress in this field will
undoubtedly continue, and exciting new discoveries will be made based on the quantitative
analysis of the molecular mechanisms that drive living systems.

ACKNOWLEDGMENTS

M.L. acknowledges funding from National Institutes of Health/National Institute of General Medical Sciences grant
R01GM133842.

LITERATURE CITED

1. Algar WR, Hildebrandt N, Vogel SS, Medintz IL. 2019. FRET as a biomolecular research tool—
understanding its potential while avoiding pitfalls. Nat. Methods 16:815-29 [PubMed: 31471616]

2. Andrews NL, Lidke KA, Pfeiffer JR, Burns AR, Wilson BS, et al. 2008. Actin restricts
FceRI diffusion and facilitates antigen-induced receptor immobilization. Nat. Cell Biol 10:955-63
[PubMed: 18641640]

3. Andronov L, Lutz Y, Vonesch J-L, Klaholz BP. 2016. SharpViSu: integrated analysis
and segmentation of super-resolution microscopy data. Bioinformatics 32:2239-41 [PubMed:
27153691]

4. Andronov L, Orlov I, Lutz Y, Vonesch J-L, Klaholz BP. 2016. ClusterViSu, a method for clustering
of protein complexes by Voronoi tessellation in super-resolution microscopy. Sci. Rep 6:24084
[PubMed: 27068792]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

10

11

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Page 15

. Annibale P, Vanni S, Scarselli M, Rothlisberger U, Radenovic A. 2011. Identification of clustering

artifacts in photoactivated localization microscopy. Nat. Methods 8:527-28 [PubMed: 21666669]

. Annibale P, Vanni S, Scarselli M, Rothlisberger U, Radenovic A. 2011. Quantitative photo activated

localization microscopy: unraveling the effects of photoblinking. PLOS ONE 6:e22678 [PubMed:
21818365]

. Arts M, Smal I, Paul MW, Wyman C, Meijering E. 2019. Particle mobility analysis using deep

learning and the moment scaling spectrum. Sci. Rep 9:17160 [PubMed: 31748591]

. Auer A, Strauss MT, Strauss S, Jungmann R. 2020. nanoTRON: a Picasso module for MLP-based

classification of super-resolution data. Bioinformatics 36:3620-22 [PubMed: 32145010]

. Babcock H, Sigal YM, Zhuang X. 2012. A high-density 3D localization algorithm for stochastic

optical reconstruction microscopy. Opt. Nanoscopy 1:6

. Balinovic A, Albrecht D, Endesfelder U. 2019. Spectrally red-shifted fluorescent fiducial markers
for optimal drift correction in localization microscopy. J. Phys. D 52:204002

. Balzarotti F, Eilers Y, Gwosch KC, Gynna AH, Westphal V, et al. 2017. Nanometer resolution
imaging and tracking of fluorescent molecules with minimal photon fluxes. Science 355:606—12
[PubMed: 28008086]

Bates M, Huang B, Dempsey GT, Zhuang X. 2007. Multicolor super-resolution imaging with
photoswitchable fluorescent probes. Science 317:1749-53 [PubMed: 17702910]

Baumgart F, Arnold AM, Leskovar K, Staszek K, Folser M, et al. 2016. Varying label

density allows artifact-free analysis of membrane-protein nanoclusters. Nat. Methods 13:661-64
[PubMed: 27295310]

Beheiry ME, Dahan M, Masson J-B. 2015. InferenceMAP: mapping of single-molecule dynamics

with Bayesian inference. Nat. Methods 12:594-95 [PubMed: 26125589]

Betzig E, Patterson GH, Sougrat R, Lindwasser OW, Olenych S, et al. 2006. Imaging intracellular

fluorescent proteins at nanometer resolution. Science 313:1642-45 [PubMed: 16902090]

Bierbuesse F, Bourges AC, Gielen V, Ménkemdller V, Vandenberg W, et al. 2022. Absolute
measurement of cellular activities using photochromic single-fluorophore biosensors and
intermittent quantification. Nat. Commun 13:1850 [PubMed: 35387971]

Bohrer CH, Yang X, Thakur S, Weng X, Tenner B, et al. 2021. A pairwise distance distribution

correction (DDC) algorithm to eliminate blinking-caused artifacts in SMLM. Nat. Methods
18:669-77 [PubMed: 34059826]

Bond C, Santiago-Ruiz AN, Tang Q, Lakadamyali M. 2022. Technological advances in super-
resolution microscopy to study cellular processes. Mol. Cell 82:315-32 [PubMed: 35063099]

Boots B, Sugihara K, Chiu SN, Okabe A. 2009. Spatial Tessellations: Concepts and Applications

of Voronoi Diagrams. Hoboken, NJ: Wiley

Boyd N, Jonas E, Babcock H, Recht B. 2018. DeepLoco: fast 3D localization microscopy using

neural networks. bioRxiv 267096. 10.1101/267096

Broeken J, Johnson H, Lidke DS, Liu S, Nieuwenhuizen RP, et al. 2015. Resolution improvement

by 3D particle averaging in localization microscopy. Methods Appl. Fluoresc. 3:014003 [PubMed:

25866640]

Broussard GJ, Liang Y, Fridman M, Unger EK, Meng G, et al. 2018. In vivo measurement

of afferent activity with axon-specific calcium imaging. Nat. Neurosci 21:1272-80 [PubMed:

30127424]

Butler C, Saraceno GE, Kechkar A, Bénac N, Studer V, et al. 2022. Multi-dimensional spectral

single molecule localization microscopy. Front. Bioinform 2:813494 [PubMed: 36304321]

Cebecauer M, Amaro M, Jurkiewicz P, Sarmento MJ, Sachl R, et al. 2018. Membrane lipid

nanodomains. Chem. Rev 118:11259-97 [PubMed: 30362705]

Cella Zanacchi F, Manzo C, Magrassi R, Derr ND, Lakadamyali M. 2019. Quantifying protein

copy number in super resolution using an imaging-invariant calibration. Biophys. J 116:2195-203
[PubMed: 31103226]

Chenouard N, Bloch I, Olivo-Marin J. 2013. Multiple hypothesis tracking for cluttered biological
image sequences. IEEE Trans. Pattern Anal. Mach. Intell 35:2736-3750 [PubMed: 24051732]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Page 16

Cnossen J, Cui TJ, Joo C, Smith C. 2021. Drift correction in localization microscopy using entropy
minimization. Opt. Express 29:27961 [PubMed: 34614938]

Cnossen J, Hinsdale T, Thorsen R@, Siemons M, Schueder F, et al. 2020. Localization microscopy
at doubled precision with patterned illumination. Nat. Methods 17:59-63 [PubMed: 31819263]
Coltharp C, Kessler RP, Xiao J. 2012. Accurate construction of photoactivated localization
microscopy (PALM) images for quantitative measurements. PLOS ONE 7:e51725 [PubMed:
23251611]

Culley S, Albrecht D, Jacobs C, Pereira PM, Leterrier C, et al. 2018. Quantitative mapping and
minimization of super-resolution optical imaging artifacts. Nat. Methods 15:263-66 [PubMed:
29457791]

Dani A, Huang B, Bergan J, Dulac C, Zhuang X. 2010. Superresolution imaging of chemical
synapses in the brain. Neuron 68:843-56 [PubMed: 21144999]

Danial JSH, Garcia-Saez AJ. 2019. Quantitative analysis of super-resolved structures using ASAP.
Nat. Methods 16:711-14 [PubMed: 31263253]

De Chaumont F, Dallongeville S, Chenouard N, Hervé N, Pop S, et al. 2012. Icy: an open bioimage
informatics platform for extended reproducible research. Nat. Methods 9:690-96 [PubMed:
22743774]

De Zitter E, Thédié D, Ménkemoller V, Hugelier S, Beaudouin J, et al. 2019. Mechanistic
investigation of mEos4b reveals a strategy to reduce track interruptions in sptPALM. Nat. Methods
16:707-10 [PubMed: 31285624]

Dempsey GT. 2013. A user’s guide to localization-based super-resolution fluorescence imaging. In
Methods in Cell Biology, ed. Sluder G, Wolf DE, pp. 561-92. Cambridge, MA: Academic
Deschout H, Neyts K, Braeckmans K. 2012. The influence of movement on the localization
precision of sub-resolution particles in fluorescence microscopy. J. Biophotonics 5:97-109
[PubMed: 22083848]

Deschout H, Shivanandan A, Annibale P, Scarselli M, Radenovic A. 2014. Progress in quantitative
single-molecule localization microscopy. Histochem. Cell Biol 142:5-17 [PubMed: 24748502]
Descloux A, GruBmayer KS, Radenovic A. 2019. Parameter-free image resolution estimation
based on decorrelation analysis. Nat. Methods 16:918-24 [PubMed: 31451766]

Durisic N, Godin AG, Wever CM, Heyes CD, Lakadamyali M, Dent JA. 2012. Stoichiometry

of the human glycine receptor revealed by direct subunit counting. J. Neurosci 32:12915-20
[PubMed: 22973015]

Durisic N, Laparra-Cuervo L, Sandoval-Alvarez A, Borbely JS, Lakadamyali M. 2014,
Single-molecule evaluation of fluorescent protein photoactivation efficiency using an in vivo
nanotemplate. Nat. Methods 11:156-62 [PubMed: 24390439]

Ehmann N, Van De Linde S, Alon A, Ljaschenko D, Keung XZ, et al. 2014. Quantitative super-
resolution imaging of Bruchpilot distinguishes active zone states. Nat. Commun 5:4650 [PubMed:
25130366]

Elson E. 2011. Fluorescence correlation spectroscopy: past, present, future. Biophys. J 101:2855—
70 [PubMed: 22208184]

Ershov D, Phan M-S, Pylvénainen JW, Rigaud SU, Le Blanc L, et al. 2021. Bringing

TrackMate into the era of machine-learning and deep-learning. bioRxiv 2021.09.03.458852.
10.1101/2021.09.03.458852

Finan K, Raulf A, Heilemann M. 2015. A set of homo-oligomeric standards allows accurate
protein counting. Angew. Chem. Int. Ed 54:12049-52

Fitzgerald JE, Lu J, Schnitzer MJ. 2012. Estimation theoretic measure of resolution for stochastic
localization microscopy. Phys. Rev. Lett 109:048102 [PubMed: 23006110]

Fosque BF, Sun Y, Dana H, Yang C-T, Ohyama T, et al. 2015. Labeling of active neural circuits in
vivo with designed calcium integrators. Science 347:755-60 [PubMed: 25678659]

Gaire SK, Zhang Y, Li H, Yu R, Zhang HF, Ying L. 2020. Accelerating multicolor spectroscopic
single-molecule localization microscopy using deep learning. Biomed. Opt. Express 11:2705
[PubMed: 32499954]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.
62.

63.

64.

65.

66.

67.

68.

Page 17

Girsault A, Lukes T, Sharipov A, Geissbuehler S, Leutenegger M, et al. 2016. SOFI simulation
tool: a software package for simulating and testing super-resolution optical fluctuation imaging.
PLOS ONE 11:e0161602 [PubMed: 27583365]

Gong Y, Huang C, Li JZ, Grewe BF, Zhang Y, et al. 2015. High-speed recording of neural

spikes in awake mice and flies with a fluorescent voltage sensor. Science 350:1361-66 [PubMed:
26586188]

Gowrishankar K, Ghosh S, Saha S, Rumamol C, Mayor S, Rao M. 2012. Active remodeling of
cortical actin regulates spatiotemporal organization of cell surface molecules. Cell 149:1353-67
[PubMed: 22682254]

Granik N, Weiss LE, Nehme E, Levin M, Chein M, et al. 2019. Single-particle diffusion
characterization by deep learning. Biophys. J 117:185-92 [PubMed: 31280841]

Greenwald EC, Mehta S, Zhang J. 2018. Genetically encoded fluorescent biosensors illuminate the
spatiotemporal regulation of signaling networks. Chem. Rev 118:11707-94 [PubMed: 30550275]
Griffié J, Shannon M, Bromley CL, Boelen L, Burn GL, et al. 2016. A Bayesian cluster analysis
method for single-molecule localization microscopy data. Nat. Protoc 11:2499-514 [PubMed:
27854362]

Griffié J, Shlomovich L, Williamson DJ, Shannon M, Aaron J, et al. 2017. 3D Bayesian cluster
analysis of super-resolution data reveals LAT recruitment to the T cell synapse. Sci. Rep 7:4077
[PubMed: 28642595]

Grover G, Mohrman W, Piestun R. 2015. Real-time adaptive drift correction for super-resolution
localization microscopy. Opt. Express 23:23887 [PubMed: 26368482]

Grover G, Pavani SRP, Piestun R. 2010. Performance limits on three-dimensional particle
localization in photon-limited microscopy. Opt. Lett 35:3306—8 [PubMed: 20890368]

GulL, LiY, Zhang S, Xue Y, Li W, et al. 2019. Molecular resolution imaging by repetitive optical
selective exposure. Nat. Methods 16:1114-18 [PubMed: 31501551]

Gu L, LiY, Zhang S, Zhou M, Xue Y, et al. 2021. Molecular-scale axial localization by repetitive
optical selective exposure. Nat. Methods 18:369-73 [PubMed: 33795876]

Gwosch KC, Pape JK, Balzarotti F, Hoess P, Ellenberg J, et al. 2020. MINFLUX nanoscopy
delivers 3D multicolor nanometer resolution in cells. Nat. Methods 17:217-24 [PubMed:
31932776]

Gyparaki MT, Arab A, Sorokina EM, Santiago-Ruiz AN, Bohrer CH, et al. 2021. Tau

forms oligomeric complexes on microtubules that are distinct from tau aggregates. PNAS
118:22021461118 [PubMed: 33952699]

Hell SW. 2003. Toward fluorescence nanoscopy. Nat. Biotechnol 21:1347-55 [PubMed: 14595362]
Heo S-J, Thakur S, Chen X, Loebel C, Xia B, et al. 2021. Chemo-mechanical cues modulate
nanoscale chromatin organization in healthy and diseased connective tissue cells. bioRxiv
2021.04.27.441596 10.1101/2021.04.27.441596

Hershko E, Weiss LE, Michaeli T, Shechtman Y. 2019. Multicolor localization microscopy and
point-spread-function engineering by deep learning. Opt. Express 27:6158 [PubMed: 30876208]
Hess ST, Girirajan TPK, Mason MD. 2006. Ultra-high resolution imaging by fluorescence
photoactivation localization microscopy. Biophys. J 91:4258-72 [PubMed: 16980368]
Heydarian H, Joosten M, Przybylski A, Schueder F, Jungmann R, et al. 2021. 3D particle averaging
and detection of macromolecular symmetry in localization microscopy. Nat. Commun 12:2847
[PubMed: 33990554]

Heydarian H, Schueder F, Strauss MT, Van Werkhoven B, Fazel M, et al. 2018. Template-free 2D
particle fusion in localization microscopy. Nat. Methods 15:781-84 [PubMed: 30224671]
Hofmann M, Eggeling C, Jakobs S, Hell SW. 2005. Breaking the diffraction barrier in
fluorescence microscopy at low light intensities by using reversibly photoswitchable proteins.
PNAS 102:17565-69 [PubMed: 16314572]

Hollandi R, Szkalisity A, Toth T, Tasnadi E, Molnar C, et al. 2020. nucleAlzer: a parameter-free
deep learning framework for nucleus segmentation using image style transfer. Cell Syst. 10:453—
58.e6 [PubMed: 34222682]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Page 18

Honigmann A, Sadeghi S, Keller J, Hell SW, Eggeling C, Vink R. 2014. A lipid bound actin
meshwork organizes liquid phase separation in model membranes. eLife 3:e01671 [PubMed:
24642407]

Hoogendoorn E, Crosby KC, Leyton-Puig D, Breedijk RMP, Jalink K, et al. 2015. The fidelity
of stochastic single-molecule super-resolution reconstructions critically depends upon robust
background estimation. Sci. Rep 4:3854

Hou C, Guan S, Wang R, Zhang W, Meng F, et al. 2017. Supramolecular protein assemblies based
on DNA templates. J. Phys. Chem. Lett 8:3970-79 [PubMed: 28792224]

Hou S, Exell J, Welsher K. 2020. Real-time 3D single molecule tracking. Nat. Commun 11:3607
[PubMed: 32680983]

Huang B, Wang W, Bates M, Zhuang X. 2008. Three-dimensional super-resolution imaging by
stochastic optical reconstruction microscopy. Science 319:810-13 [PubMed: 18174397]
Hugelier S, Sliwa M, Ruckebusch C. 2018. A perspective on data processing in super-resolution
fluorescence microscopy imaging. J.Anal. Test 2:193-209

Hugelier S, Vandenberg W, Lukes T, GruBmayer KS, Eilers PHC, et al. 2021. Smoothness
correction for better SOFI imaging. Sci. Rep 11:7569 [PubMed: 33828326]

Huse M. 2009. The T-cell-receptor signaling network. J. Cell Sci 122:1269-73 [PubMed:
19386893]

Iwata-Otsubo A, Dawicki-McKenna JM, Akera T, Falk SJ, Chmatal L, et al. 2017. Expanded
satellite repeats amplify a discrete CENP-A nucleosome assembly site on chromosomes that drive
in female meiosis. Curr. Biol 27:2365-73.e8 [PubMed: 28756949]

Izeddin I, Récamier V, Bosanac L, Cissé Il, Boudarene L, et al. 2014. Single-molecule tracking
in live cells reveals distinct target-search strategies of transcription factors in the nucleus. eLife
3:02230 [PubMed: 24925319]

Jagaman K, Loerke D, Mettlen M, Kuwata H, Grinstein S, et al. 2008. Robust single-particle
tracking in live-cell time-lapse sequences. Nat. Methods 5:695-702 [PubMed: 18641657]
Jouchet P, Cabriel C, Bourg N, Bardou M, Poiis C, et al. 2021. Nanometric axial localization of
single fluorescent molecules with modulated excitation. Nat. Photonics 15:297-304

Jungmann R, Avendafio MS, Dai M, Woehrstein JB, Agasti SS, et al. 2016. Quantitative super-
resolution imaging with gPAINT. Nat. Methods 13:439-42 [PubMed: 27018580]

Jungmann R, Avendafio MS, Woehrstein JB, Dai M, Shih WM, Yin P 2014. Multiplexed 3D
cellular super-resolution imaging with DNA-PAINT and Exchange-PAINT. Nat. Methods 11:313-
18 [PubMed: 24487583]

Kannan M, Vasan G, Huang C, Haziza S, Li JZ, et al. 2018. Fast, in vivo voltage imaging using a
red fluorescent indicator. Nat. Methods 15:1108-16 [PubMed: 30420685]

Karslake JD, Donarski ED, Shelby SA, Demey LM, Dirita VJ, et al. 2021. SMAUG: analyzing
single-molecule tracks with nonparametric Bayesian statistics. Methods 193:16-26 [PubMed:
32247784]

Kastrup L, Blom H, Eggeling C, Hell SW. 2005. Fluorescence fluctuation spectroscopy in
subdiffraction focal volumes. Phys. Rev. Lett 94:178104 [PubMed: 15904340]

Kiskowski MA, Hancock JF, Kenworthy AK. 2009. On the use of Ripley’s K-function and its
derivatives to analyze domain size. Biophys.J 97:1095-103 [PubMed: 19686657]

Klar TA, Hell SW. 1999. Subdiffraction resolution in far-field fluorescence microscopy. Opt. Lett
24:954-56 [PubMed: 18073907]

Klar TA, Jakobs S, Dyba M, Egner A, Hell SW. 2000. Fluorescence microscopy with diffraction
resolution barrier broken by stimulated emission. PNAS 97:8206-10 [PubMed: 10899992]
Koho S, Tortarolo G, Castello M, Deguchi T, Diaspro A, Vicidomini G. 2019. Fourier ring
correlation simplifies image restoration in fluorescence microscopy. Nat. Commun 10:3103
[PubMed: 31308370]

Krull A, Buchholz T-O, Jug F. 2019. Noise2Void—Iearning denoising from single noisy images.
arXiv:1811.10980 [cs.CV]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100

101.

102.

103.

104.

105.

106.

107.

108.

109.

Page 19

Lagache T, Grassart A, Dallongeville S, Faklaris O, Sauvonnet N, et al. 2018. Mapping molecular
assemblies with fluorescence microscopy and object-based spatial statistics. Nat. Commun 9:698
[PubMed: 29449608]

Lelek M, Gyparaki MT, Beliu G, Schueder F, Griffié J, et al. 2021. Single-molecule localization
microscopy. Nat. Rev. Methods Primers 1:39 [PubMed: 35663461]

Lerner J, Gomez-Garcia PA, McCarthy RL, Liu Z, Lakadamyali M, Zaret KS. 2020. Two-
parameter mobility assessments discriminate diverse regulatory factor behaviors in chromatin.
Mol. Cell 79:677-88.e6 [PubMed: 32574554]

Levet F, Hosy E, Kechkar A, Butler C, Beghin A, et al. 2015. SR-Tesseler: a method to

segment and quantify localization-based super-resolution microscopy data. Nat. Methods 12:1065—
71 [PubMed: 26344046]

Levet F, Julien G, Galland R, Butler C, Beghin A, et al. 2019. A tessellation-based colocalization
analysis approach for single-molecule localization microscopy. Nat. Commun 10:2379 [PubMed:
31147535]

Li Y, Tsien RW. 2012. pHTomato, a red, genetically encoded indicator that enables multiplex
interrogation of synaptic activity. Nat. Neurosci 15:1047-53 [PubMed: 22634730]

Lillemeier BF, Mortelmaier MA, Forstner MB, Huppa JB, Groves JT, Davis MM. 2010. TCR
and Lat are expressed on separate protein islands on T cell membranes and concatenate during
activation. Nat. Immunol 11:90-96 [PubMed: 20010844]

Liu S, Hoess P, Ries J. 2022. Super-resolution microscopy for structural cell biology. Annu. Rev.
Biophys 51:301-26 [PubMed: 35119945]

Long RKM, Moriarty KP, Cardoen B, Gao G, Vogl AW, et al. 2020. Super resolution microscopy
and deep learning identify Zika virus reorganization of the endoplasmic reticulum. Sci. Rep
10:20937 [PubMed: 33262363]

. Loschberger A, van de Linde S, Dabauvalle MC, Rieger B, Heilemann M, et al. 2012. Super-
resolution imaging visualizes the eightfold symmetry of gp210 proteins around the nuclear pore
complex and resolves the central channel with nanometer resolution. J. Cell Sci 125:570-75
[PubMed: 22389396]

Malkusch S, Endesfelder U, Mondry J, Gelléri M, Verveer PJ, Heilemann M. 2012. Coordinate-
based colocalization analysis of single-molecule localization microscopy data. Histochem. Cell
Biol 137:1-10 [PubMed: 22086768]

Malkusch S, Heilemann M. 2016. Extracting quantitative information from single-molecule
super-resolution imaging data with LAMA—LocAlization Microscopy Analyzer. Sci. Rep
6:34486 [PubMed: 27703238]

Mancebo A, Mehra D, Banerjee C, Kim D-H, Puchner EM. 2021. Efficient cross-correlation
filtering of one- and two-color single molecule localization microscopy data. Front. Bioinform
1:739769 [PubMed: 36303727]

Manley S, Gillette JM, Patterson GH, Shroff H, Hess HF, et al. 2008. High-density mapping of
single-molecule trajectories with photoactivated localization microscopy. Nat. Methods 5:155-57
[PubMed: 18193054]

Manzo C, Garcia-Parajo MF. 2015. A review of progress in single particle tracking: from methods
to biophysical insights. Rep. Prog. Phys 78:124601 [PubMed: 26511974]

Marsh RJ, Costello I, Gorey M-A, Ma D, Huang F, et al. 2021. Sub-diffraction error mapping for
localisation microscopy images. Nat. Commun 12:5611 [PubMed: 34556647]

Martens KJA, Turkowyd B, Endesfelder U. 2022. Raw data to results: a hands-on introduction
and overview of computational analysis for single-molecule localization microscopy. Front.
Bioinform 1:817254 [PubMed: 36303761]

Masson J-B, Dionne P, Salvatico C, Renner M, Specht CG, et al. 2014. Mapping the energy and
diffusion landscapes of membrane proteins at the cell surface using high-density single-molecule
imaging and Bayesian inference: application to the multiscale dynamics of glycine receptors in
the neuronal membrane. Biophys. J 106:74-83 [PubMed: 24411239]

Masucci EM, Relich PK, Ostap EM, Holzbaur ELF, Lakadamyali M. 2021. Cega: a single particle
segmentation algorithm to identify moving particles in a noisy system. Mol. Biol. Cell 32:931-41
[PubMed: 33788586]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

Page 20

110. Mazidi H, Ding T, Nehorai A, Lew MD. 2020. Quantifying accuracy and heterogeneity in
single-molecule super-resolution microscopy. Nat. Commun 11:6353 [PubMed: 33311471]

111. Mazouchi A, Milstein JN. 2016. Fast Optimized Cluster Algorithm for Localizations (FOCAL):
a spatial cluster analysis for super-resolved microscopy. Bioinformatics 32:747-54 [PubMed:
26543172]

112. Mlodzianoski MJ, Schreiner JM, Callahan SP, Smolkova K, Dlaskova A, et al. 2011. Sample drift
correction in 3D fluorescence photoactivation localization microscopy. Opt. Express 19:15009
[PubMed: 21934862]

113. Méckl L, Roy AR, Petrov PN, Moerner WE. 2020. Accurate and rapid background estimation in
single-molecule localization microscopy using the deep neural network BGnet. PNAS 117:60-67
[PubMed: 31871202]

114. Moeyaert B, Vandenberg W, Dedecker P 2020. SOFlevaluator: a strategy for the quantitative
quality assessment of SOFI data. Biomed. Opt. Express 11:636 [PubMed: 32133218]

115. Miiller M, Ménkeméller V, Hennig S, Hiibner W, Huser T. 2016. Open-source image
reconstruction of super-resolution structured illumination microscopy data in ImageJ. Nat.
Commun 7:10980

116. Mund M, van der Beek JA, Deschamps J, Dmitrieff S, Hoess P, et al. 2018. Systematic nanoscale
analysis of endocytosis links efficient vesicle formation to patterned actin nucleation. Cell
174:884-96.e17 [PubMed: 30057119]

117. Nehme E, Freedman D, Gordon R, Ferdman B, Weiss LE, et al. 2020. DeepSTORM3D: dense 3D
localization microscopy and PSF design by deep learning. Nat. Methods 17:734-40 [PubMed:
32541853]

118. Nieuwenhuizen RPJ, Lidke KA, Bates M, Puig DL, Griinwald D, et al. 2013. Measuring image
resolution in optical nanoscopy. Nat. Methods 10:557-62 [PubMed: 23624665]

119. Novék T, Gajdos T, Sinko J, Szabé G, Erdélyi M. 2017. TestSTORM: versatile simulator software
for multimodal super-resolution localization fluorescence microscopy. Sci. Rep 7:951 [PubMed:
28424492]

120. Nyquist H. 1928. Certain topics in telegraph transmission theory. Trans. Am. Inst. Electr. Eng
47:617-44

121. Ober RJ, Ram S, Ward ES. 2004. Localization accuracy in single-molecule microscopy. Biophys.
J 86:1185-200 [PubMed: 14747353]

122. Otterstrom J, Castells-Garcia A, Vicario C, Gomez-Garcia PA, Cosma MP, Lakadamyali M. 2019.
Super-resolution microscopy reveals how histone tail acetylation affects DNA compaction within
nucleosomes in vivo. Nucleic Acids Res. 47:8470-84 [PubMed: 31287868]

123. Ounkomol C, Seshamani S, Maleckar MM, Collman F, Johnson GR. 2018. Label-free prediction
of three-dimensional fluorescence images from transmitted-light microscopy. Nat. Methods
15:917-20 [PubMed: 30224672]

124. Ouyang W, Aristov A, Lelek M, Hao X, Zimmer C. 2018. Deep learning massively accelerates
super-resolution localization microscopy. Nat. Biotechnol 36:460-68 [PubMed: 29658943]

125. Ovesny M, Kfizek P, Borkovec J, Svindrych Z, Hagen GM. 2014. ThunderSTORM: a
comprehensive ImageJ plug-in for PALM and STORM data analysis and super-resolution
imaging. Bioinformatics 30:2389-90 [PubMed: 24771516]

126. Pageon SV, Nicovich PR, Mollazade M, Tabarin T, Gaus K. 2016. Clus-DoC: a combined cluster
detection and colocalization analysis for single-molecule localization microscopy data. Mol.
Biol. Cell 27:3627-36 [PubMed: 27582387]

127. Pavani SRP, Thompson MA, Biteen JS, Lord SJ, Liu N, et al. 2009. Three-dimensional, single-
molecule fluorescence imaging beyond the diffraction limit by using a double-helix point spread
function. PNAS 106:2995-99 [PubMed: 19211795]

128. Peeters Y, Vandenberg W, Duwé S, Bouwens A, Luke$ T, et al. 2017. Correcting for
photodestruction in super-resolution optical fluctuation imaging. Sci. Rep 7:10470 [PubMed:
28874717]

129. Persson F, Lindén M, Unoson C, EIf J. 2013. Extracting intracellular diffusive states
and transition rates from single-molecule tracking data. Nat. Methods 10:265-69 [PubMed:
23396281]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

Page 21

130. Peters R, Griffié J, Burn GL, Williamson DJ, Owen DM. 2018. Quantitative fibre analysis of
single-molecule localization microscopy data. Sci. Rep 8:10418 [PubMed: 29991683]

131. Peters R, Griffié J, Williamson DJ, Aaron J, Khuon S, Owen DM. 2019. Development of 2-colour
and 3D SMLM data analysis methods for fibrous spatial point patterns. J. Phys. D 52:014005

132. Redmon J, Farhadi A. 2017. YOLO9000: better, faster, stronger. arXiv:1612.08242 [cs.CV]

133. Richardson DS, Gregor C, Winter FR, Urban NT, Sahl SJ, et al. 2017. SRpHi ratiometric pH
biosensors for super-resolution microscopy. Nat. Commun 8:577 [PubMed: 28924139]

134. Ries J. 2020. SMAP: a modular super-resolution microscopy analysis platform for SMLM data.
Nat. Methods 17:870-72 [PubMed: 32814874]

135. Ries J, Chiantia S, Schwille P 2009. Accurate determination of membrane dynamics with line-
scan FCS. Biophys. J 96:1999-2008 [PubMed: 19254560]

136. Ripley BD. 1977. Modelling spatial patterns. J. R. Stat. Soc. B 39:172-92

137. Rollins GC, Shin JY, Bustamante C, Pressé S. 2015. Stochastic approach to the molecular
counting problem in superresolution microscopy. PNAS 112:E110-18 [PubMed: 25535361]

138. Rossy J, Cohen E, Gaus K, Owen DM. 2014. Method for co-cluster analysis in multichannel
single-molecule localisation data. Histochem. Cell Biol 141:605-12 [PubMed: 24643361]

139. Rothemund PWK. 2006. Folding DNA to create nanoscale shapes and patterns. Nature 440:297-
302 [PubMed: 16541064]

140. Rust MJ, Bates M, Zhuang X. 2006. Sub-diffraction-limit imaging by stochastic optical
reconstruction microscopy (STORM). Nat. Methods 3:793-96 [PubMed: 16896339]

141. Sabinina VJ, Hossain MJ, Heriche JK, Hoess P, Nijmeijer B, et al. 2021. Three-dimensional
superresolution fluorescence microscopy maps the variable molecular architecture of the nuclear
pore complex. Mol. Biol. Cell 32:1523-33 [PubMed: 34191541]

142. Sage D, Kirshner H, Pengo T, Stuurman N, Min J, et al. 2015. Quantitative evaluation
of software packages for single-molecule localization microscopy. Nat. Methods 12:717-24
[PubMed: 26076424]

143. Sage D, Pham T-A, Babcock H, Lukes T, Pengo T, et al. 2019. Super-resolution fight club:
assessment of 2D and 3D single-molecule localization microscopy software. Nat. Methods
16:387-95 [PubMed: 30962624]

144. Sahl SJ, Hell SW. 2019. High-resolution 3D light microscopy with STED and RESOLFT. In High
Resolution Imaging in Microscopy and Ophthalmology, ed. Bille JF, pp. 3—-32. Berlin: Springer

145. Salaita K, Nair PM, Petit RS, Neve RM, Das D, et al. 2010. Restriction of receptor movement
alters cellular response: physical force sensing by EphA2. Science 327:1380-85 [PubMed:
20223987]

146. Sauer M, Heilemann M. 2017. Single-molecule localization microscopy in eukaryotes. Chem.
Rev 117:7478-509 [PubMed: 28287710]

147. Saxton MJ. 2008. Single-particle tracking: connecting the dots. Nat. Methods 5:671-72 [PubMed:
18668034]

148. Schmidt R, Weihs T, Wurm CA, Jansen I, Rehman J, et al. 2021. MINFLUX nanometer-scale 3D
imaging and microsecond-range tracking on a common fluorescence microscope. Nat. Commun
12:1478 [PubMed: 33674570]

149. Schmidt R, Wurm CA, Jakobs S, Engelhardt J, Egner A, Hell SW. 2008. Spherical nanosized
focal spot unravels the interior of cells. Nat. Methods 5:539-44 [PubMed: 18488034]

150. Schmied JJ, Raab M, Forthmann C, Pibiri E, Wiinsch B, et al. 2014. DNA origami—based
standards for quantitative fluorescence microscopy. Nat. Protoc 9:1367-91 [PubMed: 24833175]

151. Schneider F, Waithe D, Galiani S, Bernardino de la Serna J, Sezgin E, Eggeling C. 2018.
Nanoscale spatiotemporal diffusion modes measured by simultaneous confocal and stimulated
emission depletion nanoscopy imaging. Nano Lett. 18:4233-40 [PubMed: 29893574]

152. Schnitzbauer J, Strauss MT, Schlichthaerle T, Schueder F, Jungmann R. 2017. Super-resolution
microscopy with DNA-PAINT. Nat. Protoc 12:1198-228 [PubMed: 28518172]

153. Schnitzbauer J, Wang Y, Zhao S, Bakalar M, Nuwal T, et al. 2018. Correlation analysis
framework for localization-based superresolution microscopy. PNAS 115:3219-24 [PubMed:
29531072]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

Page 22

154. Seminario M-C, Bunnell SC. 2008. Signal initiation in T-cell receptor microclusters. Immunol.
Rev 221:90-106 [PubMed: 18275477]

155. Sengupta P, Jovanovic-Talisman T, Lippincott-Schwartz J. 2013. Quantifying spatial organization
in point-localization superresolution images using pair correlation analysis. Nat. Protoc 8:345-54
[PubMed: 23348362]

156. Sergé A, Bertaux N, Rigneault H, Marguet D. 2008. Dynamic multiple-target tracing to probe
spatiotemporal cartography of cell membranes. Nat. Methods 5:687-94 [PubMed: 18604216]

157. Sezgin E, Schneider F, Galiani S, Urbanci¢ I, Waithe D, et al. 2019. Measuring nanoscale
diffusion dynamics in cellular membranes with super-resolution STED-FCS. Nat. Protoc
14:1054-83 [PubMed: 30842616]

158. Shannon CE. 1949. Communication in the presence of noise. Proc. IRE 37:10-21

159. Sharonov A, Hochstrasser RM. 2006. Wide-field subdiffraction imaging by accumulated binding
of diffusing probes. PNAS 103:18911-16 [PubMed: 17142314]

160. Sieben C, Banterle N, Douglass KM, Génczy P, Manley S. 2018. Multicolor single-particle
reconstruction of protein complexes. Nat. Methods 15:777-80 [PubMed: 30275574]

161. Sigal YM, Zhou R, Zhuang X. 2018. Visualizing and discovering cellular structures with super-
resolution microscopy. Science 361:880-87 [PubMed: 30166485]

162. Simons K, lkonen E. 1997. Functional rafts in cell membranes. Nature 387:569-72 [PubMed:
9177342]

163. Speiser A, Miiller L-R, Hoess P, Matti U, Obara CJ, et al. 2021. Deep learning enables fast
and dense single-molecule localization with high accuracy. Nat. Methods 18:1082-90 [PubMed:
34480155]

164. Spiess M, Hernandez-Varas P, Oddone A, Olofsson H, Blom H, et al. 2018. Active and inactive
B1 integrins segregate into distinct nanoclusters in focal adhesions. J. Cell Biol 217:1929-40
[PubMed: 29632027]

165. Stallinga S, Rieger B. 2012. The effect of background on localization uncertainty in single emitter
imaging. In Proceedings of the 9th IEEE International Symposium on Biomedical Imaging
(ISBI), May 2-5, Barcelona, Spain, pp. 988-91. Piscataway, NJ: IEEE

166. Stone MB, Veatch SL. 2015. Steady-state cross-correlations for live two-colour super-resolution
localization data sets. Nat. Commun 6:7347 [PubMed: 26066572]

167. Stracy M, Lesterlin C, Garza de Leon F, Uphoff S, Zawadzki P, Kapanidis AN. 2015. Live-
cell superresolution microscopy reveals the organization of RNA polymerase in the bacterial
nucleoid. PNAS 112:E4390-99 [PubMed: 26224838]

168. Stringer C, Wang T, Michaelos M, Pachitariu M. 2021. Cellpose: a generalist algorithm for
cellular segmentation. Nat. Methods 18:100-6 [PubMed: 33318659]

169. Szymborska A, de Marco A, Daigle N, Cordes VVC, Briggs JA, Ellenberg J. 2013. Nuclear
pore scaffold structure analyzed by super-resolution microscopy and particle averaging. Science
341:655-58 [PubMed: 23845946]

170. Thevathasan JV, Kahnwald M, Cieslifski K, Hoess P, Peneti SK, et al. 2019. Nuclear pores as
versatile reference standards for quantitative superresolution microscopy. Nat. Methods 16:1045—
53 [PubMed: 31562488]

171. Tinevez J-Y, Perry N, Schindelin J, Hoopes GM, Reynolds GD, et al. 2017. TrackMate: an open
and extensible platform for single-particle tracking. Methods 115:80-90 [PubMed: 27713081]

172. Turcotte B, Bilodeau A, Lavoie-Cardinal F, Durand A. 2021. pySTED: a STED microscopy
simulation tool for machine learning training. Paper presented at the 35th AAAI Conference on
Artificial Intelligence, Feb. 2-9

173. Valli J, Garcia-Burgos A, Rooney LM, Vale de Melo e Oliveira B, Duncan RR, Rickman C. 2021.
Seeing beyond the limit: a guide to choosing the right super-resolution microscopy technique. J.
Biol. Chem 297:100791 [PubMed: 34015334]

174. Veatch SL, Machta BB, Shelby SA, Chiang EN, Holowka DA, Baird BA. 2012. Correlation
functions quantify super-resolution images and estimate apparent clustering due to over-counting.
PLOS ONE 7:€31457 [PubMed: 22384026]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hugelier et al.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

Page 23

Venkataramani V, Herrmannsddrfer F, Heilemann M, Kuner T. 2016. SuReSim: simulating
localization microscopy experiments from ground truth models. Nat. Methods 13:319-21
[PubMed: 26928761]

Vicente NB, Zamboni JED, Adur JF, Paravani EV, Casco VH. 2007. Photobleaching correction in
fluorescence microscopy images. J. Phys. Conf. Ser 90:012068

Vicidomini G, Bianchini P, Diaspro A. 2018. STED super-resolved microscopy. Nat.Methods
15:173-82 [PubMed: 29377014]

Von Appen A, Kosinski J, Sparks L, Ori A, Diguilio AL, et al. 2015. In situ structural analysis of
the human nuclear pore complex. Nature 526:140-43 [PubMed: 26416747]

Von Chamier L, Laine RF, Jukkala J, Spahn C, Krentzel D, et al. 2021. Democratising deep
learning for microscopy with ZeroCostDL4Mic. Nat. Commun 12:2276 [PubMed: 33859193]
Wang H, Rivenson Y, Jin Y, Wei Z, Gao R, et al. 2019. Deep learning enables cross-modality
super-resolution in fluorescence microscopy. Nat. Methods 16:103-10 [PubMed: 30559434]
Wang L-Y, Augustine GJ. 2015. Presynaptic nanodomains: a tale of two synapses. Front. Cell.
Neurosci 8:455 [PubMed: 25674049]

Wang Z, Xie Y, Ji S. 2021. Global voxel transformer networks for augmented microscopy. Nat.
Mach. Intell 3:161-71

Weber M, Leutenegger M, Stoldt S, Jakobs S, Mihaila TS, et al. 2021. MINSTED fluorescence
localization and nanoscopy. Nat. Photonics 15:361-66 [PubMed: 33953795]

Weber M, von der Emde H, Leutenegger M, Gunkel P, Cordes VC, et al. 2022.

MINSTED nanoscopy enters the Angstrém localization range. bioRxiv 2022.03.18.484906
10.1101/2022.03.18.484906

Weigert M, Schmidt U, Boothe T, Miiller A, Dibrov A, et al. 2018. Content-aware image
restoration: pushing the limits of fluorescence microscopy. Nat. Methods 15:1090-97 [PubMed:
30478326]

Wester MJ, Schodt DJ, Mazloom-Farsibaf H, Fazel M, Pallikkuth S, Lidke KA. 2021.

Robust, fiducial-free drift correction for super-resolution imaging. Sci. Rep 11:23672 [PubMed:
34880301]

Willems J, MacGillavry HD. 2022. A coordinate-based co-localization index to quantify and
visualize spatial associations in single-molecule localization microscopy. Sci. Rep 12:4676
[PubMed: 35304545]

Wollman AJM, Hedlund EG, Shashkova S, Leake MC. 2020. Towards mapping the 3D genome
through high speed single-molecule tracking of functional transcription factors in single living
cells. Methods 170:82-89 [PubMed: 31252059]

Yu C, Wang Z-G, Ma A-X, Liu S-L, Pang D-W. 2022. Uncovering the F-actin-based nuclear
egress mechanism of newly synthesized influenza A virus ribonucleoprotein complexes by
single-particle tracking. Anal. Chem 94:5624—-33 [PubMed: 35357801]

Zhang H, Fang C, Xie X, Yang Y, Mei W, et al. 2019. High-throughput, high-resolution deep
learning microscopy based on registration-free generative adversarial network. Biomed. Opt.
Express 10:1044-63 [PubMed: 30891329]

Zhang M-L, Ti H-Y, Wang P-Y, Li H 2021. Intracellular transport dynamics revealed by single-
particle tracking. Biophys. Rep 7:413 [PubMed: 37288105]

Annu Rev Biophys. Author manuscript; available in PMC 2024 July 24.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Hugelier et al.

Page 24

a i ii Ground truth Frame 1 Frame 2 Frame n
Camera
SMLM | > g @. - EP)D‘
Focusing
lens = | |
\] |
Activation Widefield image SMLM
laser
SMLM

Excitation
laser

iii  Photoactivatable

gs

Objective

Sample

\\\

Photoswitchable

Organic dyes

Depletion
beam

R R'X

s, I V——

STED

Fluorescence

Depleted
emission

S, vibrational
energy levels

Sp vibrational
energy levels

b i ii
Detector
Pinhole
Excitation
beam
Excitation
laser
iii
Depletion
laser
> [ =
5| =
g £
[ o
w3
Objective
SO P—_4
——
Sample
Figure 1.

Schematic representation of the microscope modalities covered in this review. (&) SMLM.
The microscope setup (), the working principle (/i), and some examples to achieve on/off
switching of fluorescent proteins and organic dyes (/) are shown. (6) STED microscopy.
The microscope setup (7), the working principle (//), and a Jablonski diagram of the STED
excitation and emission (/7i) are shown. Abbreviations: DM, dichroic mirror; SMLM, single-
molecule localization microscopy; STED, stimulated emission depletion.
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Figure 2.
A broad range of quantitative analysis techniques that use input localizations (probe

positions) to quantify different applications in cell biology. Abbreviations: MSD, mean
square displacement; PC, principal component.
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