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Supplemental Figures

Figure S1 RapidSTORM reconstruction of a two-color GSDIM data set without and with application of
the temporal median filter. Panels a and b show a cell labeled with a secondary antibody attached to the
probe Alexa 532, which binds a primary antibody for vinculin, a component of focal adhesion complexes.
Panels c and d show the same cell but now with a secondary antibody attached to the probe Alexa 647,
which binds the same primary antibody for vinculin. Because the primary antibody binds the same focal
adhesion structures, both secondary anti-bodies are expected to yield the same distribution of molecules.
Application of the temporal median filter yields Alexa532 and Alexa647 reconstructions (panels b,d) that
are in closer agreement than the reconstructions without using the temporal median filter (panels a,c). In
RapidSTORM 5px median smoothing setting was used and the color scale for images in the same row
were chosen equal (scale bar 3 µm).
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Figure S2 QuickPALM reconstruction (0 SNR setting) MyosinIIa-Alexa532 (a-c) and MyosinIIaAlexa647 (d-f) without (a,d) and with (b,e) application of the temporal median filter. Panels c and f show
the profiles obtained from the line scans performed on images reconstructed without (yellow) and with
(blue) the temporal median filter. Despite the fact that QuickPALM includes a background estimate based
on spatial filtering, the two-color myosin sets are in closer agreement when the temporal median filter is
applied. This can be seen from the line scan profiles as well as the cross-correlation plots shown in the
insets.
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Figure S3 Deconvolution reconstructions for MyosinIIa-Alexa532 (a-c) and MyosinIIa-Alexa647 (d-f)
without (a,d) and with (b,e) application of the temporal median filter. Panels c and f show the profiles
obtained from the line scans performed on images reconstructed without (yellow) and with (blue) the
temporal median filter. The two-color myosin sets are in closer agreement when the temporal median
filter is applied, as can be seen from the line scan profiles as well as the cross-correlation plots shown in
the insets.
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Synthetic data
Each simulation starts with a density map at high spatial resolution that represents the object of
interest. Given the event rate, which is represented by a probability that a molecule will be
switched on during a frame, a random number of positions are generated from the density map.
Given the mean event cycle duration, a random event cycle duration for each position drawn
from an exponential probability distribution was subsequently generated. The event can turn on
and off in the middle of a frame and, based on these on and off times, the fraction that the event
is on during the frames it covers in time was calculated. The total number of photons for each
random event cycle is also randomly drawn from an exponential probability distribution based
on a mean event cycle photon count. The event amplitude for a given molecule and fame is then
given by the event cycle photon count multiplied by the fraction of time it is on during that
frame. This effectively will yield an exponentially shaped frame event amplitude distribution,
which is often observed in real data. This procedure is repeated for every frame in the synthetic
stack and in this way an event list, consisting of positions, amplitudes and frame index numbers
is produced. Given the event list, each frame in the stack was rendered by positioning a
predefined PSF, with spatial integral unity, at each of the positions in the event list
corresponding to that frame index and subsequent multiplication of it by the amplitude of the
respective event. The image with the background model is then added to each frame and
subsequently photon shot noise is generated for each pixel by drawing random numbers from a
Poissonian distribution.
The point spread function that was used in the simulations is depicted in Figure S4A, and
was directly estimated from a GSDIM dataset with the fluorescent dye Alexa647. A composite
Gaussian was used to represent the PSF, such that also the side lobes are included in the PSF
(Dempsey et al., 2011):
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Where a1 and a2 denote the amplitudes and 1 and 2 represent the width of the two Gaussian
components. The estimated amplitudes were 0.61 and 0.39 and the widths were 1.26 and 2.88
pixels, where the latter width represents the side lobe (gray line Fig. S5a). The FWHM of this
composite PSF was 3.16 pixels. The GSDIM data set had a pixel size of 93.1 nm, hence the
widths in nanometers where 117.2 and 268.1 nm, with a FWHM of 294 nm. In our simulations
we used slightly smaller pixel sizes, 74 nm (rings) or 80 nm (filaments), which gives slightly
lower values for the widths and FWHM on the nanometer scale. The PSF was calculated on a
grid with the same size as the data frame (see inset Fig. S4a for detail), and was normalized such
that the integral (sum) was unity. The normalization constant directly depends on the pixel size;
smaller pixels will lead to lower peak amplitudes of the PSF.
For each simulation an event list based on a density map was generated, which is a
representation of the object at high resolution. Figure S4b shows an example of a ring (inset)
with a radius of 75 nm and a ring wall thickness of 10 nm and the corresponding event
distribution that was generated based on this ring. The original frame size was chosen to be
32×32 pixels with a pixel size of 74 nm, the density map was constructed at a zoom level of 32,
resulting in an image of 1024×1024 pixels with a pixel size of 2.31 nm. The average number of
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molecules that are switched on during a frame, Nswitch, is given by the product of the total number
of molecules in the ring, Nmol, and the probability, pswitch, that a molecule is switched on during
that frame: Nswitch = Nmol × pswitch. For this example the average number of molecules that switch
on during each frame was Nswitch = 0.19. Each molecule that is switched on is assumed to have an
average event cycle duration, cycle, of 2 frames. The expected total number of events, Nevents, for
Nframes = 10,000 frames is then Nswitch × Nframes × 3 = 5673, which gives an average of 0.57 events
per frame. Each event cycle contains on average A photons, for this example we used A = 800
photons. However, the average number of photons per event per frame is lower because the
photons contained in an event cycle are distributed over a number of frames. For this particular
event cycle duration the expected number of photons per event per frame is <N> = 800/3 =
266.67 photons. Multiplying this number by the peak intensity of the PSF gives the average peak
amplitude of events per frame <Npeak> = 266.67 × 0.07 = 18.78 photons. If the pixel size is
smaller, this peak amplitude will also become smaller.
Figure S4c shows an example of a ring that is projected on top of structured background.
The structured background was obtained by using a Gaussian blur filter with a sigma of 3
diffraction limited pixels, hence 74 × 3 = 222 nm applied to the density map with the object. The
events generated from the ring are directly projected on top of this background, after which
Poisson noise was generated. The ring is significantly smaller than the FWHM of the PSF and in
the diffraction-limited image, as shown in Figure S4d the ring cannot be resolved. The
diffraction-limited image was obtained by calculating the average of the simulated stack.
In order to study the effect of the temporal median filter, we have varied the number of
photons per event cycle, switch probability, ring size and background conditions. If the ring size
and switch probability was the same, the same event list for all simulations was used. For each
ring with a specific combination of event cycle amplitude and background level, a separate stack
was created. These stacks were subsequently stitched together in a composite stack that was
used for analysis.
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Figure S4 Simulation of rings (a) Point spread function with lobes used in the simulations. (b)
Distribution of event sizes for a ring. (c) Example of a ring projected on a structured background. (d) The
diffraction limited image of the ring on the structured background. See text for more details.
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Figure S5 RapidSTORM reconstruction of a ring with radius 75 nm with a threshold of 10 photons and
using the standard spatial median filter. For this simulation the event cycle amplitude A = [200, 400, 800,
1600, 3200, 6400] was varied and structured background, where the peak of the structured background
was varied using the values bs = [0, 10, 20, 30, 40, 50] photons using the same event list for each case
with simulations settings as described in the text. The color scale in each panel was adjusted to show the
full intensity range independent of the other panels. The localizations were rendered using the amplitude
obtained from RapidSTORM and blurred with a Gaussian with a SEM of 2 nm. The radial profiles of the
rings were calculated for each panel and are shown together with the original ring in the right hand side
column. RapidSTORM settings were median smoothing (5 px) and threshold 100.
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Figure S6 RapidSTORM reconstruction of a ring with radius 75 nm with a threshold of 10 photons and
using the standard spatial median filter. Prior to reconstruction by RapidSTORM the background was
subtracted that was estimated using the temporal median filter, with a filter size of 101 frames and 10
frame interpolation. This simulation and data analysis is the same as in Figure S9. RapidSTORM settings
were median smoothing (5 px) and threshold 100.

10

Figure S7 The effect of increasing event density on the reconstruction of a background free ring with
radius 150 nm with RapidSTORM using a threshold of 100 and spatial median smoothing (5 px). For this
simulation the event cycle amplitude A = {200, 400, 800, 1600, 3200, 6400} and switch probability (rate)
pswitch ×106 = {30, 60, 90, 120, 150, 180} were varied, other simulation parameters were the same as for
the 75 nm ring. The same event list was used for each ring, which had the same rate. The average number
of events per frame for the different rates was, 0.85, 1.70, 2.55, 3.37, 4.21 and 5.08. For the lowest rate
value events will hardly overlap within each frame, however for increasingly higher event densities,
events will start to overlap considerably, which biases the localization towards the center of the ring, as
can be seen in the profiles shown in the right hand side column.

11

Figure S8 RapidSTORM reconstruction of the same simulation as shown in Figure S7, but now
performed after application of the temporal median filter prior to reconstruction with RapidSTORM. The
temporal median filter has the effect of removing event overlap in the center of the ring, which removes
the localization bias towards the center of the ring as can be seen in the profiles shown in the right hand
side column.
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Figure S9: Deconvolution reconstruction of the same simulation as shown in Figure S7, using the
temporal median filter. The temporal median filter has the effect of removing event overlap in the center
of the ring and for deconvolution and other multi-fit methods this will have a slight widening effect of the
ring and for these methods a more sophisticated background estimation method may be required.

13

Reconstruction with 101 frame temporal median
filter

Intensity (Photons)

Baddeley at al

Same reconstruction with background estimate as
described in [Baddeley 2009]

Hoogendoorn at al

5000
3000
1000
-1000
0 15 30 45 60 75 90 105 120 135 150 165 180 195 210 225 240 255 270 285 300
Distance (nm)

Figure S10: This figure demonstrates the differences between the ten frame mean filter described in
[Baddeley et al. 2009] and the 101 frame median filter, on a detail of the same dataset as in Fig. 1g, 2.
The mean filtered result is slightly noisier, but extreme errors in localization accuracy are avoided by
this temporal filter. However, the mean filter allows substantially more foreground signal to bleed into
the background. Moreover, the rate of this bleeding is not uniformly scaled over the image, but depends
on local factors such as event density and duration. This may lead to substantial distortions in
appearance (the triplet of bumps has all but disappeared in the right frame), and complicates quantitative
analysis of features based on their absolute intensity. Note that both a running mean or median, of a
background signal plus a positive foreground signal, will provide an estimate of the background which
is always equal to or greater than the true background, proving that the median filtered reconstruction is
the more accurate of the two, by up to a factor 4. While the median filter provides a superior
reconstruction, it will still underestimate the true foreground intensity. If one seeks to make quantitative
comparisons based on intensity, it is critically important to make an informed choice of background
estimator.
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Reconstruction with 101 frame temporal median
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Figure S11: This figure illustrates the difference between the method described in [Hess, S. T. et al.,
2007] and a 100 frame median filter, on a cutout of the dataset in Fig. 1a, 3. The additional signal
registered by the method described in Hess et al. 2007 is spurious and nonspecific; it does not correspond
to switching foreground events, and therefore cannot contain super resolution information. For datasets
with a simple background behavior, the method in [Hess, S. T. et al., 2007] may be expected to be very
accurate, but for datasets with many different physical background components such as this one (regions
of accumulating background, regions of depleting background, the behavior of fiducial beads), the
method will fail to deliver super-resolution results. Note that the ridge artifact has a width on a
micrometer scale. Note that this method may be regarded as a truncated version of the eigenbackgrounds
described in [Piccardi 2004]. Extending this method to include a sufficient number of eigencomponents
depending on the dataset is likely to provide a robust background estimate, but this would be
computationally challenging.
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