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In recent years, the development of new image analysis ap-
proaches has highlighted the possibility of recovering super-
resolution information from short sequences of wide-field im-
ages. Our recently developed method, SRRF (Super-Resolution
Radial Fluctuations), enables long-term live-cell imaging be-
yond the resolution limit without specialized hardware. Here,
we present eSRRF (enhanced-SRRF), a significant improve-
ment over our initial method, enhancing image fidelity to the
underlying structure and resolution. Especially, eSRRF uses au-
tomated data-driven parameter optimization, including an esti-
mation of the number of frames necessary for optimal recon-
struction. We demonstrate the improved fidelity of the images
reconstructed with eSRRF and highlight its versatility and ease
of use over a wide range of microscopy techniques and biologi-
cal systems. We also extend eSRRF to 3D super-resolution mi-
croscopy by combining it with multi-focus microscopy (MFM),
obtaining volumetric super-resolution imaging of live cells with
acquisition speed of ∼1 volume/second.
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Introduction
Over the last two decades, super-resolution microscopy
(SRM) developments have enabled the unprecedented obser-
vation of nanoscale structures in biological systems by light
microscopy (1). Stimulated emission depletion (STED) mi-
croscopy (2) has led to fast SRM on small fields-of-view
with resolution down to 40-50 nm. In contrast, structured
illumination microscopy (SIM) (3) provides a doubling in
resolution compared to wide-field imaging (∼120 nm) with
relatively high speed and large fields-of-view. Both super-
resolution methods rely on complex optical systems to create
specific illumination patterns. Single-molecule localization

Fig. 1. eSRRF achieves high fidelity and 3D live-cell super-resolution. a)
The improved reconstruction algorithm of eSRRF surpasses the performance of the
original SRRF processing in both image fidelity and resolution (FRC: SRRF 119±32
nm, eSRRF 84±9 nm). b) eSRRF processing also extends to the axial dimension,
thus, achieving volumetric live-cell super-resolution imaging in all three dimensions.
c) The integrated optimisation toolbox allows to determine optimal reconstruction
parameters to maintain high fidelity and resolution (spatial optimisation tool); and
to estimate the temporal window size (temporal optimisation tool). Scale bars in a)
and the inset in b) 1 µm.

microscopy (SMLM) methods such as (direct) stochastic op-
tical reconstruction microscopy ((d)STORM) (4, 5), photo-
activated localization microscopy (PALM) (6) or PAINT
(7, 8), take a different approach, exploiting the stochastic
ON/OFF switching capabilities of certain fluorescence label-
ing systems. By separating single emitters in time and se-
quentially localizing their fluorescence signals, a near molec-
ular resolution (∼10-20 nm) can be achieved. However,
this commonly requires long acquisition times that range
from minutes to days. Image processing and reconstruc-
tion tools including multi-emitter fitting localization algo-
rithms (9, 10), Haar wavelet kernel (HAWK) analysis (11), or
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deep learning assisted tools (12–14) reduce acquisition times
by allowing for higher emitter density conditions. Alterna-
tively, fluctuation-based approaches such as super-resolution
radial fluctuations (SRRF) (15), super-resolution optical fluc-
tuation imaging (SOFI) (16), multiple signal classification
algorithm (MUSICAL) (17) or super-resolution with auto-
correlation two-step deconvolution (SACD) (18) can extract
super-resolution information from diffraction-limited data
(see also Supplementary Table S1). These fluctuation-based
approaches only require subtle frame-to-frame intensity vari-
ations, rather than the discrete blinking events needed in
SMLM, and as such do not require high illumination power
densities. Thus, so long as images are acquired with suf-
ficiently high sampling rate to capture spatial and temporal
intensity variations, these methods are compatible with most
research-grade fluorescence microscopes. This makes them
ideally suited for long-term live-cell SRM imaging.

In particular, SRRF is a versatile approach that achieves live-
cell SRM on a wide range of available microscopy platforms
with commonly used fluorescent protein tags (19). It is now a
widely used high-density reconstruction algorithm, as high-
lighted by an important uptake by the community (20–23).
The great reception of the SRRF processing tool can also
be attributed to its user-friendly implementation, and high
accessibility within the Fiji framework (24). However, ob-
taining optimal reconstruction results with fluctuation-based
analysis tools is challenging as they can suffer from recon-
struction artifacts and lack signal linearity. Previously, we
have developed an approach for the detection and quantifi-
cation of image artifacts termed SQUIRREL (25). This tool
has rapidly become a gold standard in the quantification of
super-resolution image quality (26), providing an important
platform to assist in the creation of new algorithms, such as
those implementing Deep Learning-based methods (27, 28).

Here, we present a novel implementation of the SRRF ap-
proach termed enhanced SRRF (eSRRF) and highlight its im-
proved capabilities in terms of image fidelity, resolution, and
user-friendliness (Figure 1). In eSRRF, we redefined some
of the fundamental principles used to estimate radiality and
temporal analysis to achieve an improved image quality of
the reconstructions. Our new implementation integrates the
SQUIRREL engine to provide an automated exploration of
the parameter space which identifies the optimal reconstruc-
tion parameter set based on quantitative measures of image
fidelity and resolution. This optimization is directly driven by
the data itself and outlines the trade-offs between resolution
and fidelity to the user. By highlighting the optimal parameter
range and acquisition configurations, eSRRF minimizes arti-
facts and non-linearity. Therefore, eSRRF improves overall
image fidelity with respect to the underlying structure. The
enhanced performance is verified over a wide range of emitter
densities and imaging modalities, whilst reducing user bias.

We have additionally implemented the capability to achieve
true 3D resolution improvement, bypassing the constraints of
2D only of the original SRRF. Obtaining 3D SRM in live-
cell microscopy still remains a challenge for the field: cur-
rent implementations of 3D super-resolution methods come

Fig. 2. eSRRF image reconstruction produces high-fidelity images. a) eSRRF
processing based on a raw data image stack (Raw, left) of a microtubule network
allows to surpass the diffraction limited wide-field (WF, middle) image resolution
and to super-resolve features that were hidden before (eSRRF, right). b) eSRRF
reconstruction steps: Each frame in the stack is interpolated (Fourier transform
interpolation, FT int.), from which the gradients Gx and Gy are calculated. The cor-
responding weighting factor map W is created based on the set radius R. Based on
this, the radial gradient convergence (RGC) is calculated for each pixel to compute
the RGC map. The RGC stack is then compressed into a super-resolution image by
cross-correlation (Cn). c) Super-resolved reconstruction images from eSRRF and
SRRF obtained from 1000 frames of high density fluctuation data, created in-silico
from an experimental sparse emitter dataset (DNA-PAINT microscopy of immuno-
labeled microtubules in fixed COS7 cells). The SMLM reconstruction obtained from
the sparse data and the wide-field equivalent are shown for comparison.The num-
ber of frames used for reconstruction is indicated in each column (FRC resolution
estimate: SMLM 71 ± 2 nm, eSRRF 84±11 nm, SRRF 112±40 nm, WF 215 ± 20
nm).

at the expense of a limited axial range and long acquisi-
tion times, often including major technical demands (29–33).
Live-cell super-resolution multidimensional imaging also re-
quires a significantly higher illumination dose than 2D super-
resolution images, severely compromising cell health and vi-
ability (34). In order to implement fluctuation-based live-cell
SRM, it is necessary to acquire multiple planes in the axial
direction (nearly) simultaneously in order to capture the tem-
poral fluctuations of the emitters in 3D. This has been demon-
strated using image splitters (35) but at the cost of additional
spherical aberrations. One alternative and powerful approach
is multi-focus microscopy (MFM) (36–38), which allows the
acquisition of up to 25 planes simultaneously while keeping
diffraction-limited image quality in every single plane(39).
Here again, as the focal planes are temporally coherent -
meaning there is no time lag between axial planes - MFM is
ideally well suited for fluctuation-based volumetric live-cell
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super-resolution imaging, by performing eSRRF on 3D vox-
els. The estimation of radial fluctuations in 3D using MFM
data is a conceptually trivial approach based on the recon-
struction principles of SRRF, which however requires a sig-
nificantly higher computational needs. Here, we demonstrate
a full implementation within the Fiji plugin of its capabilities.

Results
eSRRF provides high-fidelity SRM images. Fluctuation-
based SRM methods all suffer from the presence of artifacts
and/or non-linearity. Here, we designed eSRRF with an em-
phasis on limiting reconstruction artifacts and maximizing
image quality in the reconstruction of super-resolution im-
ages. The increased image fidelity results from the imple-
mentation of several new and optimized routines in the ra-
dial fluctuation analysis algorithm, introduced through a full
rewriting of the code. In eSRRF, a raw image time-series
with fluctuating fluorescence signals is analyzed (Figure 2a).
First, each single frame is upsampled by interpolation (Fig-
ure 2b). Here, in contrast to standard SRRF, we introduced a
new interpolation strategy. eSRRF now exploits a full data
interpolation step based on Fourier transform prior to the
gradient calculation. This approach outperforms the cubic
spline interpolation employed in the original SRRF analysis
by minimizing macro-pixel artifacts (Supplementary Figure
S1). Second, following the Fourier transform interpolation,
intensity gradients Gx and Gy are calculated and the corre-
sponding weighting factor W based on the user-defined ra-
dius R is generated for each pixel. Based on gradient and
weighting maps and the user defined sensitivity (S) parameter
(Supplementary Table S2), the radial gradient convergence
(RGC) is estimated. Thus, in the case of eSRRF, this estima-
tion is not just based on a set number of points at a specific
radial distance as it was handled by the previous implemen-
tation of SRRF, but over the relevant area around the emitter.
This area and how each point contributes to the RGC metric
is defined by the W-map. This allows to cover the size of
the Point Spread Function (PSF) of the imaging system and,
thus, to exploit the local environment of the pixel of inter-
est much more efficiently. Auto- and/or cross-correlation of
the resulting RGC time series allows reconstructing a super-
resolved image which shows high fidelity with respect to the
underlying structure (Figure 2b). Compared to the original
SRRF, our new eSRRF approach demonstrates a clear im-
provement in image quality (Figure 2c, Supplementary Fig-
ure S2 & S3 and Supplementary Note 1). Although these
new implementations make eSRRF processing computation-
ally more demanding, the implementation of OpenCL to par-
allelise calculations and minimize processing time allows the
use of all available computing resources regardless of the
platform used.
To evaluate the fidelity of eSRRF with respect to the un-
derlying structure, we performed analysis of a DNA-PAINT
dataset with sparse localizations. For DNA-PAINT, standard
SMLM localization algorithms applied to the raw, sparse
data can provide an accurate representation of the underly-
ing structure. By temporally binning the raw data, we gener-

Fig. 3. eSRRF provides an automated reconstruction parameter search. a-c)
Finding the optimal parameters to calculate the RGC. a) RSP and FRC resolution
maps as functions of Radius (R) and Sensitivity (S) reconstruction parameters for a
live-cell TIRF imaging dataset published by Moeyaert et al. (40). The COS-7 cells
are expressing the membrane targeting domain of Lyn kinase – SkylanS and were
imaged at 33 Hz. b) Combined QnR metric map showing the compromise between
fidelity and FRC resolution. c) Wide-field image, optimal eSRRF reconstruction (i,
R=1.5, S=4), low resolution reconstruction (ii, R=0.5, S=1) and low fidelity recon-
struction (iii, R=3.5, S=5). d-e) Estimating the optimal time window for the eSRRF
temporal analysis based on tSSIM. d) The SSIM metric is observed over time, af-
ter ∼200 frames it displays a sharp drop. The optimal time window is marked by
the blue line. e) A color-overlay of two consecutive reconstructed eSRRF frames
with the optimal parameters and a frame window of 200 frames displays significant
differences between the structures (marked in i and ii), which would lead to motion
blurring in case of a longer frame window. Scale bars in c) and e) 20 µm, in the e-i)
and ii) 5 µm.

ated a high-density dataset comparable to a typical live-cell
imaging acquisition. Figure 2c shows the comparison of the
ground-truth (SMLM), eSRRF, SRRF and equivalent wide-
field (WF) data. eSRRF is in good structural agreement with
the ground truth and shows a clear resolution improvement
over both the wide-field and the SRRF reconstruction. Line
profiles reveal that eSRRF resolves features that were only
visible in the SMLM reconstruction (Supplementary Figure
S2). This observation is supported by the estimation of the
image resolution by Fourier Ring Correlation (FRC) (41),
which provides a quantitative assessment of the performance
of the different image reconstruction modalities. Further-
more, the enhanced image fidelity recovered from eSRRF is
quantitatively confirmed using SQUIRREL analysis on both
simulated and experimental data (Supplementary Figures S3
& S4, Supplementary Note 1).
eSRRF not only achieves higher fidelity in image reconstruc-
tion than SRRF, but also provides a robust and reproducible
reconstruction method over a wide range of emitter densi-
ties. To estimate the range of emitter densities compatible
with eSRRF, we again use low-density DNA-PAINT acqui-
sitions and temporally binned the images with varying num-
bers of frames per bin. By increasing the number of frames
per bin, the density of molecules in each binned frame in-
creases. Whilst the total number of molecules remains con-
sistent throughout, this approach allows us to monitor the
performance of eSRRF as a function of emitter density. Sup-
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plementary Figure S5 presents the results from this analysis
across the 3 temporal analyses provided (AVG, TAC2, VAR,
see Supplementary Note 2). For each density range, a specific
set of the processing parameters will provide the best image
quality (see Supplementary Table S2 & Supplementary Notes
2) allowing access to high fidelity super-resolved image re-
constructions across a wide range of experimental conditions.
At high emitter densities, eSRRF also outperforms the high-
density emitter localization algorithm of ThunderSTORM (9)
even in combination with HAWK analysis (11) (Supplemen-
tary Figure S6). At low densities, single emitter fitting still
provides unsurpassed localization precision and image reso-
lution; however, it requires the processing of a large number
of images. Here, eSRRF can provide a fast preview of the
reconstructed image (Supplementary Figure S7).

eSRRF provides an adaptable reconstruction parame-
ter exploration scheme. The decision to use a specific set
of parameters for an image reconstruction is often based on
user bias. This can lead to the inclusion of artifacts in the
data (11). In order to alleviate user bias and artefacts, here,
we develop a quantitative reconstruction parameter search
based on SQUIRREL. For this we compute visual maps of
the FRC resolution and image fidelity as a function of radius
R and sensitivity S, exploring the eSRRF reconstruction pa-
rameter space. We use FRC to determine image resolution
and Resolution-scaled Pearson correlation coefficient (RSP)
as a metric for image fidelity. The approach highlights the
trade-offs between FRC resolution and RSP fidelity (Supple-
mentary Movie M1) done as a consequence of reconstruction
parameter choice. In order to balance the two metrics, we use
an F1-calculation to compute the QnR score:

QnR = 2×RSP ×nFRC

RSP +nFRC

Here nFRC is the normalized FRC resolution metric, ranging
between 0 and 1, with 0 representing a poor resolution and 1
representing a high resolution.
The QnR score ranges between 0 and 1, where scores close to
1 represent a good combination of FRC resolution and RSP
fidelity, whereas a QnR score close to 0 represents a low-
quality image reconstruction. Figure 3 shows a representa-
tive dataset acquired with COS7 cells expressing lyn kinase
– SkylanS previously published by Moeyaerd et al. (40, 42).
The eSRRF parameter scan analysis (Figure 3a) shows how
the RSP fidelity and the FRC resolution are affected by re-
construction parameters. RSP fidelity is high when using a
low sensitivity and/or low radius. In contrast, FRC resolution
improves upon increasing the sensitivity over a large range
of radii. This can be explained by the appearance of nonlin-
ear artifacts at high sensitivity leading to low RSP fidelity but
high FRC resolution. In addition, as the radius increases, the
resolution of the reconstructed image decreases. The QnR
metric map, shown in Figure 3b, demonstrates that a balance
can be found that leads to both a good resolution and a good
fidelity. Figure 3c shows a range of image reconstruction pa-
rameters: the optimal reconstruction parameter set (R=1.5,
S=4, Figure 3c, i) and two other suboptimal parameter sets

Fig. 4. Applications of eSRRF to a range of imaging modalities. a) Live-cell
TIRF imaging of HeLa cells expressing ffDronpa-MAP4 (FRC resolution Conven-
tional/eSRRF: 266±51/128±51 nm). b) Live-cell HiLO-TIRF of COS-7 cells express-
ing PrSS-mEmerald-KDEL marking the ER lumen. The temporal evolution is color-
coded (FRC resolution Conventional/eSRRF: 254±11/143±56 nm). c-f) Lattice light
sheet (LLS) imaging of the ER in live Jurkat cells at a rate of 7.6 mHz per volume
(79 x 55 x 35 µm3). c, xy projection, and d, xz projection using LLS microscopy.
e, xy projection, and f, xz projection using eSRRF reconstruction. As the acqui-
sition, the eSRRF processing was applied on a slice-by-slice basis. Line profiles
corresponding to the x- and z-direction are shown in i and ii, respectively. The line
profile in i reveals sub-diffraction features separated by 190 nm (marked in gray)
(FRC resolution LLS/eSRRF: 164±9/84±43 nm). Scale bar in a) 5 µm, b) 2 µm and
c-f) 3 µm.

(Figure 3c ii and iii). Figure 3c ii shows a low-resolution im-
age, whereas Figure 3c iii has a high level of non-linearity
- the result of an inappropriately high sensitivity. Our auto-
mated parameter search implemented in eSRRF enables the
user to find the optimal settings for the specific dataset being
analyzed. This makes eSRRF not only user-friendly but also
ensures reproducible results with minimized user bias.
An important aspect of live-cell super-resolution imaging is
its capacity for observation and quantification of dynamic
processes at the molecular level. To address this, we have
further integrated temporal structural similarity (tSSIM) anal-
ysis. Here, we calculate the progression of the structural sim-
ilarity (43) at the different time points of the image stack
relative to the first frame (Supplementary Figure S8). This
allows us to identify the local molecular dynamics (Supple-
mentary Figure S9) and estimate the maximum number of
frames within which the structural similarity is retained -
meaning there is no observable movement (Figure 3 d)). By
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combining tSSIM with eSRRF, we can determine the optimal
temporal sampling rate required to recover such dynamics,
whilst avoiding motion blur artifacts (Figure 3 e).

eSRRF works across a wide range of live-cell imag-
ing modalities. Here, we test our approach on a wide range
of imaging modalities including total internal reflection flu-
orescence (TIRF), fast highly inclined and laminated optical
sheet (HiLO)-TIRF (44), spinning-disk confocal (SDC) (45)
and lattice light-sheet (LLS) microscopy (46). We show that
eSRRF provides high quality live-cell SRM images (Figure
4). First, we imaged ffDronpa-MAP4 in live HeLa cells using
TIRF microscopy. eSRRF reconstruction allows for a super-
resolved view of the microtubule network in living cells (Fig-
ure 4a). Second, we evaluated the dynamic rearrangement of
the endoplasmic reticulum (ER) in living COS-7 cells. Ac-
quired using HiLO-TIRF, the fast acquisition rates allowed us
to track the ER network tagged with PrSS-mEmerald-KDEL,
at super-resolution level (Figure 4b). Here, a sampling rate
of 50 ms is achieved using rolling window analysis of eS-
RRF (Supplementary Figure S10 & Supplementary Movie
M2). While TIRF and HiLO-TIRF imaging are set out for
fast high contrast imaging in close vicinity to the coverslip
surface, SDC excels in fast and gentle in vivo imaging. This
entails imaging far away from the coverslip and deep inside
challenging samples as spheroids and live organisms where
eSRRF achieves enhanced performance as well (Supplemen-
tary Figure S11).
eSRRF can also be applied to volumetric live-cell datasets as
obtained for example with LLS microscopy (Supplementary
Movie M3). Here, the eSRRF reconstruction of volumetric
image stacks is obtained by processing each slice sequen-
tially. Note that this approach can only effectively improve
the lateral resolution (x-y plane), while there is a sharpening
comparable to deconvolution in the z-direction, no resolu-
tion improvement over the diffraction limited images should
be expected. Figure 4 c-f) shows the plane by plane eSRRF
processing of a LLS dataset of the ER in live Jurkat cells
allows to distinguish sub-diffraction limited features along
the x-direction (Figure 4e), line profile i)), but not in the z-
direction (Figure 4f), line profile ii)).

3D live-cell super-resolution imaging by eSRRF in
combination with multifocus microscopy. 3D imaging
capability is becoming increasingly important to understand
molecular dynamics and interactions within the full con-
text of their environment. In particular, obtaining true 3D
SRM with improved resolution along the axial direction has
recently become a key focus of development in the field.
Fluctuation-based SRM approaches have also been extended
to 3D, notably SOFI (16, 35) and, more recently, random illu-
mination microscopy (RIM) (47), an approach that combines
the concepts of fluctuation microscopy and the SIM demodu-
lation principle. To realize 3D eSRRF, we extended the algo-
rithm to calculate the RGC in 3D. Consequently, we can re-
construct a volumetric image with enhanced resolution in the
axial direction and in the lateral image plane. The approach
was first validated with a simulated 3D dataset (see Sup-

Fig. 5. SRRF and MFM allows 3D live-cell super-resolution. a) Live-cell volu-
metric imaging in MFM widefield configuration of U2OS cells expressing TOM20-
Halo, loaded with JF549. b) 3D eSRRF processing of the dataset creates a super-
resolved volumetric view of 20 x 20 x 3.6 µm3 at a rate of 1Hz (MFM + eSRRF).
a-b) Top: 3D rendering, middle: single cropped z-slice (FRC resolution in xy: in-
terpolated: 231 ± 10 nm, eSRRF: 74 ± 12 nm), bottom: single cropped y-slice (xz
eSRRF: 173 ± 19 nm) with i) and ii) mark the positions of the respective line profiles
in x,y and z-plane in the MFM (dashed line), deconvolved MFM (dotted line, see
Supplementary Figure S14) and MFM+eSRRF (solid line) images. The distance of
the structures resolved by eSRRF processing (marked gray) is 360 nm in the lateral
directions (x,y) and 500 nm in the axial direction (z). iii) marks the displayed area
of the temporal color coded projection of a single z slice over the whole MFM (left)
and MFM+eSRRF (right) acquisition. Scale bars 2 µm in a-b) and 1 µm in iii).

plementary Figure S12). In practice, extending fluctuation-
based analysis methods to 3D requires the near-simultaneous
detection of multiple planes. To determine the radial symme-
try in 3D, within the time scale of the temporal fluctuations
of the fluorescent probes, the whole volume needs to be ac-
quired concurrently. MFM allows for the detection of mul-
tiple axial planes onto a single camera at the same time by
using an aberration corrected diffractive optical element (36–
38) (Supplementary Figure S13). By combining MFM and
eSRRF, a super-resolved volumetric view (20 x 20 x 3.6 µm3)
of the mitochondrial network architecture and dynamics in
U2OS cells was acquired at a rate of 1Hz (Figure 5). The eS-
RRF processing achieved super-resolution in lateral and ax-
ial dimensions, revealing sub-diffraction limited structures.
Figure 5 shows that eSRRF reveals structures which would
otherwise remain undetected using conventional MFM, even
after applying deconvolution (Figure 5 i-ii) & Supplemen-
tary Figure S14). By processing the entire image sequence
the dynamic fluctuations of the mitochondrial network in the
living cell can be observed at super-resolution level over time
(Figure 5 iii ), Supplementary Movie M4 & M5).
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Conclusion
The new eSRRF approach builds on the previous capacity
of SRRF, considerably improving the method image recon-
struction quality and fidelity. It showcases a novel analyti-
cal engine for calculating the Radial Gradient Convergence
transform, replacing the lower quality Radiality transform
of the original SRRF method. These modifications have
also allowed us to extend the approach into full 3D super-
resolution, by combining it with multi-focus microscopy. eS-
RRF also introduces a data-driven parameter optimization ap-
proach that aids users in selecting optimal parameters learned
directly from the data to be analyzed. These optimal parame-
ters are chosen by balancing the need for high reconstruction
fidelity together with high spatial and temporal resolution.
While we demonstrate this original concept in eSRRF, we
expect this strategy to be easily transferable to other super-
resolution methods that require an analytical component, as
is the case for SMLM approaches. To demonstrate the broad
applicability of eSRRF, we showcase its application to a wide
range of biological samples from single cells to organisms,
and imaging techniques from widefield, TIRF, light sheet,
spinning-disc confocal, and SMLM imaging modalities. eS-
RRF shows robust performance over the different signal fluc-
tuation dynamics displayed by various organic dyes and flu-
orescent proteins and over a wide range of marker densi-
ties, recovering high fidelity super-resolution images even in
challenging conditions in which single-molecule algorithms
will fail. To achieve optimal spatial and temporal resolution,
minimize reconstruction artifacts and reduce user bias, we
have implemented a metric for image resolution and fidelity,
which we call QnR, used to perform data-driven parame-
ter optimization alongside temporal window optimization.
This makes eSRRF a super-resolution method that learns and
guides users on how to best analyze their data, providing es-
sential information to find ideal phototoxicity-sensitive live-
cell super-resolution imaging conditions. Through these de-
velopments, eSRRF provides novel fundamental principles
to make live-cell SRM more robust and reliable. eSRRF is
implemented as an open-source GPU accelerated Fiji plugin,
accompanied by detailed user guide, making it widely avail-
able to the bioimaging community.

Availability. eSRRF is available as Supplemental Software
or can be accessed from our GitHub page. This resource is
fully open-source and includes a Wiki manual.

Data availability. Example datasets are available on our
Zenodo (110.5281/zenodo.6466472). Further data are avail-
able on request.
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Online Methods
The imaging conditions and eSRRF processing parameters
for each data set are summarized in S3.

Fluorescence microscopy simulations. The field of sim-
ulated fluorescent molecule distribution and the MFM dataset
of stacked lines was simulated over a 5 nm resolution grid
with the NanoJ-eSRRF>Fluorescence simulator application.
Each fluorescent emitter was allowed to blink independently
with on/off rate of 100 s−1 and 50 s−1 respectively over the
entire acquisition without bleaching (500 frames at 10 ms ex-
posure). The simulated fluorescence image produced by this
distribution of beads was created by convolution with a Gaus-
sian kernel with σ = 0.21λ/NA, as suggested by Zhang et
al. (1)), where λ is the emission wavelength (here 580 nm)
and NA is the numerical aperture of the microscope (here
NA = 1.4). A pixel size of 100 nm was chosen for the fi-
nal fluorescence image, in agreement with our experimen-
tal set-up. A realistic Poisson photon noise and a Gaussian
read-out noise were added to the images in order to simu-
late an experimental dataset. The diffusing particle datasets
were generated as single emitters represented by a Gaussian
PSF and with Gaussian noise moving at constant speed with
a Python script available as GoogleCoLabs Jupyter notebook
on GitHub.

DNA-PAINT of microtubule network. COS-7 cells (ATCC
CRL-1651) were cultured in phenol free DMEM (Gibco)
supplemented with 2 mM GlutaMAX (Gibco), 50 U/ml peni-
cillin, 50 µg/ml streptomycin (Penstrep, Gibco) and 10%
foetal bovine serum (FBS; Gibco) at 37 °C humidified in-
cubator with 5% CO2. Cells were seeded on ultraclean (2)
18 mm diameter thickness 1.5 H coverslips (Marienfeld) at
a density of 0.3–0.9 × 105 cells/cm2. Cells were fixed and
stained according to previously published protocols (3). Cells
were extracted at 37 °C for 45 s in 0.25% Triton-X (T8787,
Sigma), 0.1% glutaraldehyde in the cytoskeleton-preserving
buffer “PIPES-EGTA-Magnesium” (PEM: 80 mM PIPES pH
6.8, 5 mM EGTA, 2 mM MgCl2) followed by 10 min in
0.25% Triton-X, 0.5% glutaraldehyde in PEM. After a 7 min
quenching step with a fresh solution of 0.1% NaBH4 in phos-
phate buffer at room temperature cells were permeabilized
and blocked for 1.5h at room temperature in blocking buffer
(phosphate buffer 0.1 M pH 7.3, 0.22% gelatin (G9391,
Sigma), 0.1% Triton X-100). Primary Antibody labeling
was performed at 4 °C overnight with a mix of two anti-α-
tubulin mouse monoclonal IgG1 antibodies (DM1A (T6199,
Sigma) and B-5–1-2 (T5168, Sigma) diluted 1:300 in block-
ing buffer. After 3x10 min washes with blocking buffer, the
cells are incubated with a goat anti-mouse antibody conju-
gated to a DNA sequence (P1 docking strand, Ultivue kit) for
1h at room temperature diluted at 1:100 in blocking buffer.
After incubation, cells are washed with blocking buffer for
10 min and 2x 10 min with phosphate buffer. DNA-PAINT
imaging was performed on a N-STORM microscope (Nikon)
equipped with 647 nm lasers (125 mW at the optical fiber out-
put). After injection of 0.25 nM imager strand (I1-ATTO655,

Ultivue) in 500 mM NaCl in 0.1 M PBS pH 7.2 buffer, 50,000
frames were acquired at 60 % power of the 647 nm laser
with an exposure time of 30 ms/frame to obtain low density
ground truth data.

Live-cell TIRF microscopy of MAP4 in HeLa cells. HeLa
cells were plated 8-well Ibidi dishes and transfected with
ffDronpa-MAP4 (kind gift of Peter Dedecker) using Lipofec-
tamine 2000 as per manufacturer’s protocol. Cells were im-
aged in PBS, using the Nikon N-STORM TIRF microscope
equipped with 100x TIRF objective and an Andor iXon EM-
CCD camera. Cells were continuously imaged at 100 fps
(10 ms exposure) in TIRF with a 488 nm laser at an illumi-
nation density of 0.65 kW/cm2.

Live-cell HiLO-TIRF microscopy. COS7 cells (ATCC)
were grown in phenol red-free Dulbecco’s modified Ea-
gle medium (DMEM) supplemented with 10% (v/v) FBS
(Gibco), 2 mM L-glutamine (Thermo), 100 U/ml penicillin
and 100 µg/ml streptomycin (Thermo) at 37 °C and 5% CO2.
25 mm Number 1.5 coverslips (Warner scientific) were pre-
cleaned by: (i) 12-hour sonication in 0.1% Hellmanex™
(Sigma); (ii) five washes in 300ml of distilled water; (iii) 12-
hour sonication in distilled water; (iv) an additional round
of five washes in distilled water; (v) sterilised in 200 proof
ethanol and allowed to air dry. Coverslips were coated with
500µg/ml phenol red free matrigel (Corning). Cells were
seeded at 60% confluency. Transfections were performed us-
ing Fugene6 (Promega) according to the manufacturer’s in-
structions. Each coverslip was transfected with 750 ng of
PrSS-mEmerald-KDEL to label the ER structure, and with
250 ng of HaloTag-Sec61b-TA (not labelled with ligand for
these experiments). Imaging was performed using a cus-
tomized inverted Nikon Ti-E microscope outfitted with a live
imaging chamber to maintain temperature, CO2, and relative
humidity during imaging (Tokai Hit). The sample was il-
luminated with a fiber-coupled 488nm laser (Agilent Tech-
nologies) through a rear-mount TIRF illuminator. Imaging
was performed such that the TIRF angle was manually ad-
justed below the critical angle to ensure HiLO illuminations
and that the ER was captured within the illumination plane.
The average power density over the full illumination field
was 123 mW/cm2. Fluorescence was collected using a 100x
α-Plan-Apochromat 1.49 NA oil objective (Nikon) using a
525/50 filter (Chroma) placed before a iXon3 electron multi-
plying charged coupled device camera (EM-CCD, DU-897;
Andor). Imaging was performed with 5ms exposure times for
60 seconds. The precise timing of each frame was monitored
using an oscilloscope directly coupled into the system (mean
frame rate 95Hz).

Sample preparation & acquisition for lattice light sheet
microscopy of Jurkat cells. The ER of Jurkat cells were
stained with BODIPY ER-Tracker and incubated on a poly-
L-lysine-coated 5 mm round coverslip at 37 °C. The lat-
tice light-sheet (LLS) data was acquired using a commer-
cially available 3i LLS. Briefly, the LLS uses a thin light
sheet to achieve single layer excitation for live-cell imaging
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(4). LLSM has two orthogonal objective lenses: a 0.71 NA,
3.74 mm LWD water-immersion illumination objective and
a 1.1 NA, 2 mm LWD water immersion imaging objec-
tive, matched to the light sheet thickness for optimal optical
sectioning. The lattice creates an evenly illuminated plane
of interest, which enables high spatiotemporal resolution of
230 × 230 × 370 nm in xyz. We used a light sheet un-
der a square lattice configuration in dithered mode. Images
were acquired with a Hamamatsu ORCA-Flash 4.0 scientific
complementary metal-oxide semiconductor (sCMOS) cam-
era. Each plane of imaged volume was exposed for 10 ms
with 642 nm laser. The sample was imaged on a piezo stage
with the dithered light sheet moving at 276 nm step size in
the z-axis. To create an eSRRF ‘frame’, a time-lapse of 100
frames were taken per axial plane.

Spinning-disc confocal sample preparation & acqui-
sition. To culture cells on polyacrylamide (PAM) gel
U2OS cells expressing endogenously tagged paxillin-GFP
(5) were grown in DMEM/F-12 (Dulbecco’s modified Ea-
gle’s medium/Nutrient Mixture F-12; Life Technologies,
10565–018) supplemented with 10% fetal bovine serum
(FCS) (Biowest, S1860). U2OS cells were purchased from
DSMZ (Leibniz Institute DSMZ-German Collection of Mi-
croorganisms and Cell Cultures, Braunschweig DE, ACC
785). Cells were left to spread on ∼9.6 kPa polyacry-
lamide gel and imaged using a spinning disk confocal mi-
croscope. The spinning disk confocal microscope (spinning-
disk confocal) used was a Marianas spinning disk imaging
system with a Yokogawa CSU-W1 scanning unit on an in-
verted Zeiss Axio Observer Z1 microscope controlled by
SlideBook 6 (Intelligent Imaging Innovations, Inc.). Images
were acquired using a Photometrics Evolve, back-illuminated
EMCCD camera (512 × 512 pixels). The objective used
was a 63× (NA 1.15 water, LD C-Apochromat) objective
(Zeiss). 100 frames were used for the eSRRF reconstruction.
The parameter sweep option as well as SQUIRREL analyses
(resolution-scaled error (RSE) and resolution-scaled Pearson
(RSP) values), integrated within eSRRF, were used to define
the optimal reconstruction parameters.
The spheroids are based on MCF10 DCIS.COM
(DCIS.COM) lifeact-RFP cells cultured in a 1:1 mix of
DMEM (Sigma-Aldrich) and F12 (Sigma-Aldrich) supple-
mented with 5% horse serum (16050–122; GIBCO BRL),
20 ng/mL human EGF (E9644; Sigma-Aldrich), 0.5 mg/mL
hydrocortisone (H0888–1G; Sigma-Aldrich), 100 ng/mL
cholera toxin (C8052–1MG; Sigma-Aldrich), 10 µg/mL
insulin (I9278–5 ML; Sigma-Aldrich), and 1% (v/v)
penicillin/streptomycin (P0781–100 ML; Sigma-Aldrich).
Parental DCIS.COM cells were provided by J.F. Marshall
(Barts Cancer Institute, Queen Mary University of London,
London, England, UK). To form spheroids, DCIS.com
cells expressing lifeact-RFP were seeded as single cells, in
standard growth media, at a very low density (3,000 cells
per well) on growth factor reduced (GFR) Matrigel-coated
glass-bottom dishes (coverslip No. 0; MatTek). After 12 h,
the medium was replaced by a normal growth medium
supplemented with 2% (vol/vol) GFR Matrigel and 10 µg/ml

of FITC-collagen (type I collagen from bovine skin, Merk,
Cat Number: C4361). After three days, spheroids were fixed
with 4 % PFA for 10 min at room temperature and imaged
using a spinning disk confocal microscope. The microscope
used as well as the image processing are as described in the
previous section.
Zebrafish (Danio rerio) housing and experimentation were
performed under license MMM/465/712-93 (issued by the
Ministry of Agriculture and Forestry, Finland). Transgenic
zebrafish embryos expressing mcherryCAAX in the endothe-
lium (genotype Tg(KDR:mcherryCAAX) were cultured at
28.5 °C in E3 medium (5 mM NaCl, 0.17 mM KCl, 0.33 mM
CaCl2 , 0.33 mM MgSO4 ). At 2 days post-fertilization, em-
bryos were mounted in 0.7% low-melting-point agarose on
glass-bottom dishes. Agarose was overlaid with E3 medium
supplemented with 160 mg/l tricaine (Sigma-Aldrich). Imag-
ing was performed at 28.5 °C using a spinning disk confocal
microscope. The microscope used as well as the image pro-
cessing are as described in the previous section with the ex-
ception that 150 frames were used for the eSRRF reconstruc-
tion.

Multi-focus microscopy sample preparation & acquisi-
tion. HeLa cells were cultured in complete medium (DMEM
(11880, Thermo Fisher Scientific) + 1% Glutamax + 1%
Penicillin-Streptavidin supplemented with 10% fetal bovine
serum (26140079, Thermo Fisher Scientific) and transfected
with TOM20 (translocase of outer mitochondrial membrane)
fused to HaloTag. TOM20-HaloTag was labeled with Janelia
fluor 549 HaloTag ligand (GA1110, Promega) by incubating
the dye at 10 nM in DMEM medium for 15 min at 37 °C.
MFM imaging was performed in DMEM w/o phenol red
medium. The MFM setup used was described in detail in
Hajj et al.(6), here excitation was performed with the 555 nm
line of a Lumencor Spectra light engine and imaging per-
formed using a Nikon Plan Apo 100x Oil oil immersion ob-
jective with NA 1.4. Images of all nine focal planes were
captured on an Andor DU-897 EMCCD camera at a rate of
20ms/frame. The focus offset dz was 390 nm between con-
secutive focal planes. 3D image registration was performed
based on multicolor fluorescent beads (TetraSpeck Fluores-
cent Microspheres Kit; T14792; Invitrogen), immobilized on
a coverslip. Images of the beads were recorded while axially
displacing the sample with a z-step size of 60 nm. To overlay
and align the nine focal planes a calibration table was cre-
ated based on the bead images with the NanoJ-eSRRF plu-
gin tool “Get spatial registration from MFM data” (NanoJ-
eSRRF>Tools>Get spatial registration from MFM data).
This spatial registration was applied to the live-cell MFM
data during the 3D eSRRF processing (a detailed manual
can be found here: https://github.com/HenriquesLab/NanoJ-
eSRRF/wiki). To extract the shape of the MFM PSF in the
different focal planes (Supplementary Figure 13) the 3D PSF
was extracted from the bead reference with the respective
NanoJ-eSRRF plugin tool (NanoJ-eSRRF>Tools>Extract 3D
PSF from stack).
Deconvolution was performed with the classic maximum
likelihood estimation (CMLE) algorithm in the Huygens Pro-
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fessional software by SVI. 3D rendered images were created
with Napari (7).

Estimation of image resolution with FRC with
NanoJ-Squirrel(8). To estimate the image resolution the
raw time series image stacks were split into even and odd
frames. The independent image sequences were analysed
with SRRF, eSRRF or Thunderstorm and based on the result-
ing pairs of processed images the resolution was estimated
by FRC.

Bibliography
1. Bo Zhang, Josiane Zerubia, and Jean-Christophe Olivo-Marin. Gaussian approximations

of fluorescence microscope point-spread function models. 46(10):1819. ISSN 0003-6935,
1539-4522. doi: 10.1364/AO.46.001819.

2. Pedro M. Pereira, Pedro Almada, and Ricardo Henriques. High-content 3d multicolor super-
resolution localization microscopy. In Methods in Cell Biology, volume 125, pages 95–117.
Elsevier. ISBN 978-0-12-801103-4. doi: 10.1016/bs.mcb.2014.10.004.

3. Angélique Jimenez, Karoline Friedl, and Christophe Leterrier. About samples, giving exam-
ples: Optimized single molecule localization microscopy. 174:100–114. ISSN 10462023. doi:
10.1016/j.ymeth.2019.05.008.

4. Bi-Chang Chen, Wesley R. Legant, Kai Wang, Lin Shao, Daniel E. Milkie, Michael W. David-
son, Chris Janetopoulos, Xufeng S. Wu, John A. Hammer, Zhe Liu, Brian P. English, Yuko
Mimori-Kiyosue, Daniel P. Romero, Alex T. Ritter, Jennifer Lippincott-Schwartz, Lillian Fritz-
Laylin, R. Dyche Mullins, Diana M. Mitchell, Joshua N. Bembenek, Anne-Cecile Reymann,
Ralph Böhme, Stephan W. Grill, Jennifer T. Wang, Geraldine Seydoux, U. Serdar Tulu,
Daniel P. Kiehart, and Eric Betzig. Lattice light-sheet microscopy: Imaging molecules to em-
bryos at high spatiotemporal resolution. 346(6208):1257998. ISSN 0036-8075, 1095-9203.
doi: 10.1126/science.1257998.

5. Aki Stubb, Romain F. Laine, Mitro Miihkinen, Hellyeh Hamidi, Camilo Guzmán, Ricardo Hen-
riques, Guillaume Jacquemet, and Johanna Ivaska. Fluctuation-based super-resolution trac-
tion force microscopy. 20(4):2230–2245. ISSN 1530-6984, 1530-6992. doi: 10.1021/acs.
nanolett.9b04083.

6. Bassam Hajj, Jan Wisniewski, Mohamed El Beheiry, Jiji Chen, Andrey Revyakin, Carl
Wu, and Maxime Dahan. Whole-cell, multicolor superresolution imaging using volumet-
ric multifocus microscopy. 111(49):17480–17485. ISSN 0027-8424, 1091-6490. doi:
10.1073/pnas.1412396111.

7. napari contributors, Nicholas Sofroniew, Talley Lambert, Juan Nunez-Iglesias, Kira Evans,
Grzegorz Bokota, Matthias Bussonnier, Gonzalo Peña-Castellanos, Philip Winston, Kevin Ya-
mauchi, Draga Doncila Pop, Alisterburt, Pam, Ziyang Liu, Ahmet Can Solak, Lorenzo Gaifas,
Genevieve Buckley, Andy Sweet, Gregory Lee, Jaime Rodríguez-Guerra, Jordão Bragantini,
Nathan Clack, Melissa Weber Mendonça, Lukasz Migas, Volker Hilsenstein, Robert Haase,
Hector, Jeremy Freeman, Peter Boone, Alan R Lowe, and Christoph Gohlke. napari: a multi-
dimensional image viewer for python.

8. Siân Culley, David Albrecht, Caron Jacobs, Pedro Matos Pereira, Christophe Leterrier, Jason
Mercer, and Ricardo Henriques. Quantitative mapping and minimization of super-resolution
optical imaging artifacts. 15(4):263–266. ISSN 1548-7091, 1548-7105. doi: 10.1038/nmeth.
4605.

10 | bioRχiv Laine & Heil et al. | eSRRF: High-fidelity 3D live-cell super-resolution microscopy

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted September 5, 2022. ; https://doi.org/10.1101/2022.04.07.487490doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.07.487490
http://creativecommons.org/licenses/by/4.0/


Supplementary Note 1: (e)SRRF and its artifacts
The presence of artifacts in the SRRF reconstruction have been observed previously (1). Here, we highlight an instance where
they appear quite clearly (see Supplementary Figure S3). We generated a simulated dataset where the underlying fluorophore
arrangement follows a fan configuration. Supplementary Figure S3 shows the reconstructions obtained from SRRF and eSRRF,
as well as quantitative measures of image quality based on our SQUIRREL method (2). We observe a clear visual and quan-
titative improvement of the method. Both resolution-scaled Pearson coefficient (RSP) and resolution-scaled error (RSE) show
values associated with improved quality.

Supplementary Note 2: eSRRF processing and analysis concepts
The eSRRF approach reconsiders the concepts presented in SRRF and uses knowledge of the PSF and the imaging set up to
enhance the reconstruction. The method consists in a 2-step process (see Figure 1): a spatial analysis performed on each image
of the temporal stack, creating the Radial Gradient Convergence (RGC) stack followed by a temporal analysis on the RGC
stack.

A. Spatial transformation: the Radial Gradient Convergence transform. The SRRF concept exploits the radial symme-
try of the signal in the image obtained from a discrete number of emitters in the image. This analysis requires the calculation
of image gradients in every single pixel of the image (3). Additionally, the super-resolved image needs to be reconstructed on
a finer pixel grid than the acquisition. Therefore, the first step that we take in the spatial reconstruction is to spatially interpo-
late the raw image by a factor set by the user-set magnification parameter. This is done using Fourier Interpolation via Fast
Hartley Transform using JTransforms 3.1, https://github.com/wendykierp/JTransforms. The data is mirror-padded to represent
a 2nx2n 2D data block prior to the FHT and the interpolated image is cropped back down to the original image width and
height after the interpolation. We have shown that FHT interpolation at an early step of the analysis reduces the occurrence of
macro-pixel patterning (Supplementary Figure S1). A set of interpolated frames are sent to the GPU defined automatically by
the reconstruction settings. Subsequent calculations are performed on GPU.
The vertical and horizontal image intensity gradients are then calculated from the interpolated images using the Roberts cross
method (4).

Ga(i+0.5, j +0.5) = I(i, j)− I(i+1, j +1)

Gb(i+0.5, j +0.5) = I(i, j +1)− I(i+1, j)

Where Ga and Gb represent the 45 degree angle intensity gradients in the interpolated image. By using Roberts cross, the
gradients calculated correspond to those in the corner of each pixel in the original image. The gradients are then rotated by
45 degrees again to be in line with the vertical and horizontal axes of the image using standard 45 degrees rotation matrix
calculation, so as to obtain Gx and Gy in each pixel (i, j). We found that Roberts cross allows for the estimation of the most
local gradients compared to other approaches.
Then the RGC transform is calculated in every pixel of the image. The user-input Radius R in pixels represents the FWHM of
the expected PSF, thus, the PSF standard deviation can be estimated as follows:

σ = R/2.354

σ can be used to calculate the convergence weighting factor W as well as the size of the relevant local area over which to
calculate the RGC. For a particular pixel of interest the RGC is calculated by summing the weighted gradient convergence (Dk)
from all the surrounding pixels in a disk of radius 2σ +1, called ∆. This radius of calculation allows to speed up the process by
only using the relevant local information to the pixel of interest and was determined empirically. The RGC in the pixel (i0, j0)
is computed as follows:

RGC(i0, j0) =
∆∑
i,j

W (i0, i0, i, j)×Dk(i0, i0, i, j)

For each pixel in ∆, the distance d to the pixel of interest is computed and used to calculate the weighting factor W :

d =
√

(i− i0)2 +(j − j0)2

and
W (i0, i0, i, j) = W (d) = [d×e−d2/2σ2

]4.

Which is based on the 4-th power of the derivative of a Gaussian pattern. Using the derivative of the Gaussian pattern allows
us to weigh more highly the pixels where a strong gradient would be expected if a molecule was present in the pixel of interest.
The 4-th power was empirically derived to provide the best local gradient sensitivity.
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The dot product of the gradient vector in the adjacent pixel and the distance vector between the adjacent and pixel of interest is
computed to know the orientation of the gradient vector with respect to the pixel of interest. If the gradient vector is pointing
towards the pixel of interest, then the cross product of the distance vector and the gradient vectors is computed to calculate the
distance of the tangent, similar to what was previously done with SRRF. This is used to calculate the gradient convergence for
a particular location pair:

Dk(i0, j0, i, j) = 1−
|Gy(i, j)× (i− i0)−Gx(i, j)× (j − j0)|

d
√

Gx(i, j)2 +Gy(i, j)2

This essentially computes the smallest distance between the gradient vector in (i, j) and the point of interest (i0, j0), normalized
by the distance between these 2 points. Dk then becomes 1 if the gradient points exactly at (i0, j0), and decreases as the vector
points further and further away.
NB: the RGC grid and the gradient grid are effectively on the same sized grid but the gradients are computed on the corner of
the pixels whereas the RGC (and interpolated intensities) are computed on the centre of the pixels.

B. Temporal transformation: temporal cross-correlation analysis. eSRRF provides three different temporal transfor-
mation strategies that each perform best in different emitter density and fluctuation regimes (see Supplementary Figure S5). A
temporal average projection (AVG) of the RGC map for each pixel (i0, j0) provides robust results with low sensitivity to noise,
over a wide range of emitter densities.

AV G(i0, j0) = ⟨RGCt(i0, j0)⟩,

⟨...⟩ indicates the average over time. However, an additional resolution improvement can only be achieved by higher-order
temporal correlations. The temporal variance projection (VAR) which corresponds to cross-cumulant of 1st order without
temporal offset and the 2nd order temporal auto-cumulant (TAC2) which corresponds to the cross-cumulant of 1st order with
offset of 1 frame (5) provide an additional resolution gain with significant improvements in fidelity and contrast by analyzing
the temporal fluctuations:

V AR(i0, jo) = ⟨δRGCt(i0, j0)× δRGCt(i0, j0)⟩,

TAC2(i0, j0) = ⟨δRGCt(i0, j0)× δRGCt+δt(i0, j0)⟩,

with δRGCt(i0, j0) = RGCt(i0, j0)−⟨RGCt(i0, j0)⟩.
From an implementation point of view, the GPU calculates both the temporal average of the RGC maps and the temporal
average of the square of the RGC maps. The final VAR is then computed on CPU as follows:

V AR(i0, j0) =
√

⟨RGC2
t (i0, j0)⟩−⟨RGCt(i0, j0)⟩2

A similar approach is taken for TAC2.
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Supplementary Tables

Method Reference Basic principles Implementation GPU acceleration Image fidelity validated 3D In depth
eSRRF this publication Radiality and temporal cross-correlation Fiji Yes Yes Yes Yes
SRRF Gustafsson et al., 2016(6) Radiality and temporal cross-correlation Fiji Yes No No Yes

MUSICAL Agarwal et al., 2016(7) Multiple signal classification Fiji Yes No No Yes
SOFI Dertinger et al., 2009(8) Temporal cross-correlation MATLAB No No Yes Yes
SACD Zhao et al., 2020(9) Deconvolution, temporal cross-correlation MATLAB No No No ?

Table S1. Comparison of fluctuation-based super-resolution microscopy methods.

Parameter Description
Magnification M Define how the camera pixels are split into sub-pixels for the RGC estimation.

Radius R Define the receptive field size that is used to calculate the RGC, the size should represent the FWHM of the expected PSF.
Sensitivity S Define the sensitivity factor to fine-tune the PSF sharpening power applied by the RGC.

Number of frames for eSRRF Define the size of the frame window for the temporal analysis.
Vibration correction Activate vibration correction based on cross correlation.

Temporal analysis method Select AVG, VAR and/or TAC2 as a temporal analysis method.
Rolling analysis Activate rolling analysis and define frame gap size.

3D eSRRF Activate 3D eSRRF analysis and define offset between axial planes in nm.

Table S2. eSRRF parameters.

Dataset Laser intensity Imaging speed/time eSRRF parameters
DNA-PAINT of fixed COS-7 cells, indirect immunolabeling of microtubules, Atto655 imager strand 1 kW/cm2 33 Hz/25 min M=5, R=0.5, S=1, VAR, all frames

COS-7 cells expressing Lyn kinase – SkylanS (10) 39 W/cm2 33 Hz/15s M=4, R=1.5, S=4, VAR, 200 frames
Live-cell TIRF microscopy of MAP4 in HeLa cells 0.65 kW/cm2 100 Hz/40 s M=4, R=2, S=4, AVG, 100 frames, rolling analysis gap=50 frames
Live-cell HiLO-TIRF microscopy of ER in COS-7 123 mW/cm2 95 Hz/60 s M=5, R=2, S=1, AVG,100 fr, rolling analysis gap=10 frames

Live-cell LLS of the ER in Jurkat cells n/a 100 Hz/130 s M=5, R=3.5, S=2, AVG, 100 frames
Live-cell SDC of U2OS cells in PAM 4.6 W/cm2∗ 10 Hz/10s M=5, R=2, S=1, AVG, 100 frames

Two-color SDC of fixed spheroids (collagen I/lifeact) 4.6/2.6 W/cm2∗ 10 Hz/10s M=5, R=2/3, S=1, AVG, 100 frames
In-vivo SDC of zebrafish 2.6 W/cm2∗ 10 Hz/10s M=5, R=2, S=1, AVG, 150 frames

Live-cell MFM of mitochondria network in HeLa cells 21.4 W/cm2∗ 50 Hz/20s M=4, R=2, S=1, AVG, 100 frames, rolling analysis gap=25 frames

Table S3. Laser intensities, imaging speed, total imaging time and eSRRF parameters for the data sets included in this paper. *Intensity
at the coverslip surface.
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Supplementary Figures

Fig. S1. Comparison of interpolation methods in the reconstruction of SRRF images. The presence of macro-pixel artifacts is
apparent in both the spatial (left column), and frequency domain (right column) and for AVG (upper row) and VAR temporal analysis
reconstruction (lower row) for all interpolation methods apart from the FFT-based interpolation. Data shown corresponds to live COS-7
cells expressing PrSS-mEmerald-KDEL acquired using HiLO-TIRF. Scale bars 2 µm.
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Fig. S2. Resolution improvement of eSRRF vs. SRRF. Image sections of the data set presented in Figure 1 after a) SMLM image
reconstruction, b) eSRRF processing, c) SRRF processing and as WF data. The white line indicates the position of the line profiles.
e) Intensity profiles allow to distinguish two filaments in the SMLM reconstruction (dash-dotted line) which can also be resolved with
eSRRF (solid line) but the presence of a second filament is unclear in the case of SRRF processing (dotted line) and for the WF data
(dashed line). Scale bar: 500 nm.
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Fig. S3. Performance improvement of eSRRF on simulated data. a) Simulated ground truth indicating the positions of individual
molecules in the image. b) Interpolated wide-field image. c) Average of all simulated raw frames. d) SRRF image. e) eSRRF image. f)
Quantitative comparisons of SRRF and eSRRF based on RSP and Resolution Scaled Error (RSE) obtained from SQUIRREL. Artifacts
like the linearity loss and and over sharpening as they are observed in d) are significantly reduced with e) eSRRF processing, Scale
bar: 500 nm.

Fig. S4. SQUIRREL comparison of SRRF and eSRRF. eSRRF of the actin network (GFP-UtrCH expression, 100 frames at 33
frames/s) in live COS-7 cells shows an improved fidelity with a retained FRC resolution range. The dataset was published before in
Culley et al.(11)
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Fig. S5. Temporal analyses of eSRRF as a function of the density of emitters in the raw data images. The reconstructed images
are shown in increasing emitter density from left to right. The corresponding average nearest-neighbor distance is stated in each panel.
The wide-field and STORM equivalents are shown on the left for comparison. Scale bar 1 µm.

Fig. S6. Comparison of eSRRF, HAWK+ME and ME. The Maximum Likelihood Estimation multi-emitter fitting (ME) was performed
using ThunderSTORM(12). Data shown corresponds to a DNA-PAINT acquisition of immunolabeled microtubules in fixed COS7 cells
under TIRF illumination.
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Fig. S7. eSRRF allows a fast preview of SMLM dataset reconstruction. Widefield imaging (top left) of the nuclear pore complex.
Fast eSRRF reconstruction preview (first 2000 frames shown) reveals the open ring structure (left panel middle area and insets top
panels). While fast eSRRF can resolve the central pore which has a diameter of about 140 nm, the full 8-element ring with only 40 nm
gaps is only resolved by single-molecule localization analysis of the full 20 000 frames image stack (left panel bottom area and insets
lower panels. The FRC resolution is 44.4±2.5 nm, and 35.1±6.3 for eSRRF and SMLM, respectively.,) (Dataset from Heil et al. (13)),
left panel: scale bar 1 µm, insets on the right: scale bar 100 nm.
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Fig. S8. tSSIM analysis of simulated moving particles. Color coded projections of simulated image stacks displaying particles
diffusing with various speeds v and the resulting SSIM metric progression over time. The tSSIM metric shows sensitivity as a function
of particle displacement per frame. This can be used to estimate the size of the optimal time window for eSRRF processing to avoid
movement artifacts.
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Fig. S9. tSSIM analysis performed over small image patches detects local dynamics of actin rearrangement in COS-7 cells.
a) The actin network in live COS-7 cells expressing the marker GFP-UtrCH was acquired at 33 fps. b) The tSSIM metric estimates
the time range of motion within individual subsections of a). The different subsections highlighted in green display the color-coded
projection of regions with i) fast, ii) slow, and iii) moderate speeds as is also reflected by the corresponding progression of the SSIM
metric over time. Scale bar 20 µm.
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Fig. S10. Increasing temporal sampling by rolling window analysis. a) Super-resolved temporal image stack is reconstructed by
analyzing consecutive frame windows (linear analysis). A rolling window analysis with a frame gap of less than the window size allows
to increase the temporal sampling rate and can translate into a higher temporal resolution without sacrificing spatial resolution. b) This
allows to visualize dynamic rearrangement of the endoplasmic reticulum (ER, red arrow) acquired by live-cell HiLO-TIRF of COS-7
cells expressing PrSS-mEmerald-KDEL at a frame rate of 1 Hz with a 100 frame-window linear eSRRF analysis. c) The rolling window
analysis with a frame gap of 10 frame allows to increase the temporal sampling to 10 Hz, thus, revealing the substeps of the ER tubule
formation (red arrow), image section width 3 µm, FRC resolution: eSRRF: 143±56 nm, Scale bar 2 µm.
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Fig. S11. eSRRF enhances spinning-disk confocal imaging deep inside fixed and live cells, spheroid and organisms. a)
U2OS cells expressing endogenously tagged paxillin were plated on 9.6 kPa polyacrylamide (PAM) gels and were imaged live using a
spinning-disk confocal (SDC). b) DCIS.com lifeact-RFP cells forming a spheroid in 3D matrigel in the presence of fluorescently labeled
collagen I. Samples were fixed and imaged using a spinning-disk confocal microscope and processed using eSRRF. Representative
fields of view highlighting the spheroids’ middle and bottom planes are displayed. c) Zebrafish embryos expressing mcherryCAAX in
the endothelium were imaged live using a spinning-disk confocal. Vessels located at different parts of the embryo were imaged. For all
panels, the eSRRF reconstructed images and the original spinning disk images are displayed. Scale bars 25 µm.
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Fig. S12. 3D eSRRF on a simulated dataset. The height of the filament is color coded as indicated by the false color scale.
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Fig. S13. 3D PSF in the nine focus planes of the MFM displays only minor aberrations and good radial symmetry. x-z view
of the PSF mapped with the bead calibration dataset displayed in a) linear and b) logarithmic brightness scale (FWHMX=431±19 nm,
FWHMz=704±45 nm). The focus offset dz between each focal plane is 390 nm. Scale bars 2 µm.
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Fig. S14. Deconvolved 3D image stack of U2OS cells expressing TOM20-Halo, loaded with JF549 acquired with MFM. a) 3D
rendering, b) single z-slice and c) single cropped y-slice. i) and ii) are the line profiles in x,y and z-plane displayed in Figure 4. Scale
bars 2 µm.
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Supplementary Movies

Supplementary Movie M1: Automated reconstruction parameter search tool implemented in eSRRF. 200 frames of the
live-cell TIRF imaging dataset of COS-7 cells expressing Lyn kinase – SkylanS were analysed with eSRRF covering the Radius
R and Sensitivity S parameter space defined by Rstart =1, step size=0.5, number of steps=7 and Sstart =1, step size=1, number
of steps=8. The eSRRF reconstruction for each parameter combination is presented on the left, while the corresponding image
resolution and fidelity is marked with a yellow square in the respective FRC and RMSE maps. At a low R values pixel artifacts
are evident, while at higher R values and low S values no high resolution is achieved. If both, R and S values, are high the
reconstruction displays a high degree of nonlinearity. The compromise between resolution and fidelity is represented in the
QnR map which displays a maximum at the parameter combination R=2 and S=4 (marked in red).

Supplementary Movie M2: Live-cell HiLO-TIRF of COS-7 cells expressing PrSS-mEmerald-KDEL marking the ER
lumen. WF and eSRRF reconstruction of COS-7 cells expressing a luminal ER marker allows live-cell super-resolution imaging
(FRC resolution WF/eSRRF: 254±11/143±56 nm) at a sampling rate of 1 Hz. Rolling window analysis allows to speed up
temporal sampling to 10 Hz.

Supplementary Movie M3: Lattice-light sheet imaging of ER in live Jurkat T-cells enhanced by eSRRF. Slice-by-slice
processing of the data set allows the reconstruction of a volumetric view (79 x 55 x 35 µm3) of the ER network in live Jurkat
T-cells at a rate of 7.6 mHz.

Supplementary Movie M4: Live-cell 3D eSRRF of mitochondria dynamics with MFM.Live-cell volumetric imaging of
U2OS cells expressing TOM20-Halo, loaded with JF549 with MFM of a 20 x 20 x 3.6 µm3 at a volume frequency of 1Hz, the
grid size is 2 µm.

Supplementary Movie M5: Observing mitochondria dynamics with live-cell 3D eSRRF with MFM. Single z slice image
over the whole MFM acquisition time of U2OS cells expressing TOM20-Halo loaded with JF549, before (left) and after eSRRF
processing (right). Scale bar 2 µm.
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