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Fluorescence microscopy methods that overcome the diffraction limit 
of resolution (~200–300 nm) allow imaging of biological structures 
with molecular specificity closer to the molecular scale. Among super-
resolution microscopy approaches, those based on single-molecule 
localization, such as PALM1 and STORM2 (hereafter referred to col-
lectively as PALM), are particularly attractive owing to their exqui-
site spatial resolution and ease of implementation. In these methods, 
random subsets of fluorophores are imaged in many consecutive  
diffraction-limited frames, computationally localized to high precision, 
and the combined localizations are used to generate a super-resolution  
view. In practice, typically 103–105 diffraction-limited frames are 
needed to assemble a single super-resolution image. This requirement 
follows from two conditions that must be simultaneously satisfied to 
ensure high spatial resolution: (i) a small number (~10–102) of active 
fluorophores per frame, to avoid overlaps between diffraction-limited 
spots and enable precise localization of individual molecules, and (ii) a 
large number of independent localizations to ensure a sufficiently dense 
sampling of the underlying biological structures3,4. The large number 
of required frames makes localization microscopy inherently slow, 
thereby limiting its potential for high-throughput imaging, where many 
fields of view (FoVs) are to be imaged, and for imaging live-cell dynam-
ics. As a result, most localization microscopy studies are restricted to 
analyzing a small number of cells (typically less than ten).

Multiple approaches have been explored to accelerate localization 
microscopy. Using bright dyes with rapid switching kinetics, high-
power lasers, and fast cameras allows minimization of exposure time 
without decreasing the signal-to-noise ratio5,6, but reaching submil-
lisecond exposure remains challenging, and intense irradiation exac-
erbates phototoxicity in live-cell imaging7,8. Increasing the number of 
active fluorophores per frame can reduce acquisition time, but despite 

algorithms designed to handle overlapping fluorescent spots9–13, this 
approach necessarily degrades spatial resolution4,14.

Here, we introduce a computational strategy that allows the total 
number of frames and independent localizations to be reduced without 
trading off spatial resolution. Unlike previous approaches, our method 
exploits the structural redundancy of most biological images to recon-
struct high-quality images from vastly undersampled localization 
microscopy data. Our method leverages deep learning, which employs 
artificial neural networks (ANNs) to learn complex non-linear map-
pings between numerical inputs and outputs15. Accordingly, we call it 
‘artificial neural network accelerated PALM’, or ANNA-PALM.

RESULTS
A deep-learning approach to super-resolution image 
reconstruction
We aim to reconstruct a super-resolution image of approximately 
similar information content as a standard PALM acquisition (with K 
frames and N localizations) from a much smaller number of raw frames  
(k << K) without changing the average density of localizations, ρ, that is, 
from a much smaller number of total localizations (n = ρk <<N = ρK).  
If PALM images are defined as two-dimensional (2D) histograms of 
independent localizations, this task can be formulated as restoring an 
image corrupted by Poisson noise (and potentially additional forms of 
noise). Image restoration is an ill-posed problem that admits an infinity  
of solutions in the high-dimensional space of all possible images, unless 
additional constraints (priors) are imposed that restrict the solution 
to a lower dimensional manifold. Suitable manifolds exist because 
most natural images are highly redundant, and can be represented to 
very good approximation with a much smaller number of coefficients 
than pixels, via appropriate functions that map feature space to pixel 
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space16,17. In recent years, ANNs with multiple layers (deep nets) have 
proven very successful at learning meaningful features and nonlin-
ear mappings for image classification, segmentation, restoration, and 
many other tasks15,17,18. Inspired by these developments, we designed 

ANNA-PALM, a deep-learning approach for restoring super-resolution 
views from undersampled (sparse) localization microscopy data.

ANNA-PALM comprises a training stage and an inference stage 
(Fig. 1). For training (Fig. 1a), a few super-resolution images  
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Figure 1 Overview of ANNA-PALM. (a,b) ANNA-PALM consists of two main stages: (i) acquisition of training images using standard localization 
microscopy (PALM) followed by artificial neural network (ANN) training (a), and (ii) reconstruction of super-resolution views and low-resolution error 
maps from new sparse PALM and/or widefield images (inference) (b). (a) Training images are obtained by acquiring one or a few long sequences, of  
K ~ 103–105 diffraction limited, single-molecule image frames, as in standard PALM experiments; optionally, a widefield image W can also be acquired 
(top). The acquisition time for each image sequence is K∆t, where ∆t is the single-frame exposure time. Standard localization microscopy algorithms 
(‘Localization’ boxes) are used to generate super-resolution images. For each experiment, a highly sampled (dense) super-resolution image (PK) is 
generated using all (or in practice ≥95%) available K frames. Sparse PALM images (Pk) from the same experiment are obtained by using only k << K 
frames. A switch (light blue) can be set to distinguish different types of structures, for example, nuclear pore complexes (NPC), mitochondria (Mito)  
or microtubules (MT). An ANN (labeled G  for ‘generator’) is trained by using the sparse PALM images Pk (plus an upsampled version L of the  
widefield image W and the switch setting) as inputs and the corresponding dense PALM image PK as target output. During training, the output of the 
generator G  (Ak) is compared to the target image PK and the widefield image L (if available) via three loss, or error functions (gray bordered boxes): (i) 
the ‘super-resolution reconstruction error’ measures the difference between the reconstructed image Ak and the target PK using a combination of the 
L1 norm and the MS-SSIM; (ii) the ‘low-resolution reconstruction error’ measures the MS-SSIM between the low-resolution image WA predicted from Ak 
and the low-resolution image WP predicted from PK. Images WA and WP are predicted using a second ANN, called low-resolution estimator (labeled Q, 
blue) that is trained to produce an approximation of the actual widefield image W based on the MS-SSIM metric; (iii) the ‘conditional GAN error’ uses 
a third ANN (labeled D for ‘discriminator’, red) that attempts to distinguish between real dense PALM images PK and the generator’s output Ak. The 
combined loss functions are iteratively optimized using stochastic gradient descent. (b) A short sequence of diffraction-limited single-molecule images 
(with k << K frames, i.e., acquisition time k∆t), and an optional widefield image (W’) are acquired. Standard localization algorithms generate a sparse 
(undersampled) PALM image (P′k). This sparse image P′k, the upscaled widefield image L′ and switch setting are fed as inputs to the trained generator  
G , which outputs a reconstructed ANNA-PALM image (A′k). In addition, the low-resolution estimator Q predicts a low-resolution image WA′, which can 
be compared to the input widefield image W′ via the MS-SSIM to produce a low-resolution error map (top).
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representative of the structure of interest (e.g., microtubules, nuclear 
pores, or mitochondria) are obtained using standard PALM imaging, 
that is, by acquiring long diffraction-limited image sequences (e.g.,  
K ~ 104 − 105, N ~ 105 − 107) and processing them with standard local-
ization software19, resulting in highly sampled (dense) PALM images. 
In addition, a low-resolution (widefield) image can also be acquired, 
as is commonly done before single-molecule imaging when bleach-
ing out preactivated fluorophores. Next, the dense PALM images are 
undersampled by using a much smaller number of diffraction-limited 
frames, k<<K, thus yielding sparse PALM images from the same locali-
zation data. Then, an ANN is trained to recover approximations of the 
dense PALM images from these sparse PALM images (and the optional 
widefield image). Once trained, the ANN can be applied to new sparse 
PALM images (with or without a widefield image), obtained from new 
image sequences with small numbers of frames (k<<K)—and hence 
in much shorter time—in order to reconstruct high-quality, super-
resolution images not previously seen (inference, Fig. 1b).

Neural net architecture and learning strategy
Our ANN, hereafter called A-net, contains a total of 25 convolutional 
layers, and roughly 42 million trainable parameters. A-net is adapted 
from the pix2pix network20, which itself builds on U-nets21 and gen-
erative adversarial networks (GANs)22, two recent successful deep-
learning techniques. U-nets are special types of convolutional neural 
networks (CNNs) that have proven effective at learning multiscale 
representations of images and accurate, pixel-wise mappings21,23. 
GANs can generate new samples from real image distributions using 

a generator network that outputs synthetic images, and a discriminator 
network that outputs the probability that an input image is real or syn-
thetic, both networks being trained simultaneously to compete against 
each other22. Importantly, the generator can be conditioned on input 
data (conditional GAN, or cGAN)20,22, for example on images, as in 
the pix2pix network. We modified the pix2pix architecture to accept 
a computational switch as additional input to handle multiple types of 
data, and introduced an additional network to evaluate the consistency 
between the reconstructed image and the widefield input image.

Training of our A-net proceeds as follows. Randomly undersampled  
(i.e., sparse) versions of PALM images are fed as input to the A-net, 
while the corresponding dense PALM images are defined as the  
A-net’s targets, that is, desired outputs (Fig. 1a). Additional, optional 
inputs are widefield images, if available, and the switch, which indi-
cates the image type when multiple types of images (e.g., microtubules 
and nuclear pores) are used during training. ANN training requires 
defining an objective function (also called loss), which measures 
how well the outputs match the targets. We implemented a loss func-
tion containing three terms. The first term measures the difference 
between the A-net output and the dense PALM image. Instead of 
the widely used mean squared error (MSE), which poorly reflects 
visual quality24, we used a combination of the absolute difference  
(L1 norm) with a multiscale version of the structural similarity index, 
a perceptually motivated quality metric shown to improve image res-
toration with deep learning (MS-SSIM)25. The second term measures 
the consistency between the A-net output and the widefield image. 
Although in theory the latter should simply be a blurred version of 
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Figure 2 Validation of ANNA-PALM on simulated images. (a) Simulated widefield image of microtubules. (b) Simulated sparse PALM image of 
microtubules with n = 6,834 localizations. (c) ANNA-PALM reconstruction using only the widefield image a as input. (d) ANNA-PALM reconstruction 
using both the widefield image a and the sparse PALM image b as inputs. (e) Simulated “perfect” PALM image, equivalent to a PALM image with 
an infinite number of localizations (n = ) and a resolution of 23 nm. This image was used to generate a (by convolution with a Gaussian kernel 
approximating the microscope point spread function) and b (by application of Poisson noise). (f) Merged image showing the perfect PALM image e in 
green and the ANNA-PALM reconstruction d in red. Note that the ANNA-PALM images c,d provide many high-resolution details that are absent from the 
widefield image a and the sparse PALM image b and that are in good (c) or very good (d) agreement with the perfect PALM image e; some reconstruction 
errors are highlighted by arrows. Blue arrows in c point to errors of ANNA-PALM reconstruction from the widefield image only, the white arrow in d points 
to an error of ANNA-PALM reconstruction from both widefield and sparse PALM images combined. Reconstruction errors diminish for larger numbers of 
localizations, n (Supplementary Fig. 4). (g) Reconstruction quality of PALM and ANNA-PALM images, measured by the MS-SSIM with the perfect PALM 
image e, as function of localization number n. Black curve: reconstruction quality of the standard PALM images. Dashed blue curve: reconstruction 
quality of ANNA-PALM using the sparse PALM images as input. Solid blue curve: reconstruction quality of ANNA-PALM using both the sparse PALM and 
widefield images as inputs. Red dashed line: reconstruction quality of ANNA-PALM using the widefield images as input only. Dots are averages from 
ten simulations; error bars show s.d. The vertical dashed orange line indicates the minimum number of localizations needed to achieve a resolution of 
R5×Nyq = 23 nm according to the fivefold Nyquist criterion3. The dashed gray line indicates the minimum number of localizations needed to achieve a 
double mean nearest neighbor distance less than 23 nm. ANNA-PALM reconstructions from sparse PALM images only (i.e., without widefield images) 
achieve the same average MS-SSIM as standard PALM at the fivefold Nyquist sampling limit with 26 times fewer localizations (blue double arrow). 
ANNA-PALM reconstruction quality is highest when using both widefield and sparse PALM images as inputs.
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the PALM image, this is often not the case in practice26. Therefore, 
we introduced another CNN (with four layers), called ‘low-resolution 
estimator’ to predict the widefield image from the super-resolution 
image. The corresponding loss was defined as the MS-SSIM between 
this CNN’s output and the observed widefield image. (In the absence 
of a widefield image, this loss is set to zero.) The third term contains 
a cGAN discriminator loss20, where the discriminator is a five-layer 
CNN, whose inputs are the sparse PALM (and widefield) image(s) and 
either the dense PALM image or the output of the generator above; 
the discriminator’s output is compared to 0s and 1s (for synthetic and 
real, respectively), via the MSE. We use dropout27 and extensive data 
augmentation, including random rotations, translations and elastic 
deformations, with addition of noise in the input image to mimic 
false detections and unspecific labeling. As a result, only a few dense 
PALM images are required for successful training without overfitting. 
On graphical processing units (GPUs), training ANNA-PALM from 
scratch takes on the order of hours to days, but when starting from a 
previously trained A-net, retraining can be done in an hour or less.

Once trained, the A-net can take sparse localization data with an 
optional widefield image as input(s), and output a reconstructed 
super-resolution image in less than a second (Fig. 1b). In addition, 
the A-net produces an ‘error map’ that measures the consistency of 
this super-resolution image with the widefield image26 (when avail-
able) and can be used to estimate the degree of reliability and high-
light potential reconstruction artifacts. For more details, see Online 
Methods and Supplementary Note 1.

Validating ANNA-PALM on simulated images
We first sought to validate ANNA-PALM on synthetic data. For this, 
we used Brownian dynamics simulations28 to generate 200 dense 
PALM images of semi-flexible filaments mimicking microtubules, 
with a resolution Rloc ≈ 23 nm. These represent ‘perfect’ PALM images 
that would be obtained with an infinite number of localizations. We 
applied varying levels of Poisson noise to these perfect images to cre-
ate sparse PALM images corresponding to finite numbers of localiza-
tions (Supplementary Fig. 1). We then trained our A-net using the 
perfect images as targets and the sparse images (and widefield image) 
as inputs, varying the number of localizations over a large range.

Next, we applied the trained A-net to a distinct set of PALM images 
generated by the same stochastic simulation (Supplementary Fig. 2). 
Figure 2a shows a widefield image and Figure 2b a corresponding 
sparse PALM image obtained from n = 6,834 localizations. Although 
curvilinear structures can be seen in this image despite its sparsity, 
small-scale features remain highly ambiguous (Fig. 2b, inset), and 
the resolution according to a recently proposed fivefold Nyquist  
criterion3 is limited by sampling to R5×Nyq ≈ 85 nm; according to this 
criterion, N > N5xNyq ≈ 60,000 localizations are needed to achieve 
23-nm resolution (Supplementary Fig. 3d). Figure 2c shows the 
ANNA-PALM image reconstructed from the widefield image alone, 
which exhibits clear and continuous filaments that were not previ-
ously recognizable. Most of the relatively isolated filaments roughly 
agree with the perfect PALM image (Fig. 2e). In the denser regions, 
however, many small features are erroneous, for example, filaments 
are incorrectly joined, displaced, split or merged (Fig. 2c, blue arrows 
and Supplementary Fig. 4, top). By contrast, the ANNA-PALM 
image reconstructed from the sparse PALM image alone or in com-
bination with the widefield image, exhibits continuous and sharp 
filaments in very good agreement with the perfect PALM image 
(Supplementary Fig. 3b,c and Fig. 2d–f). The spatial resolution of 
these reconstructed images is limited neither by diffraction nor sam-
pling, but only by the localization precision, and is thus Rloc ≈ 23 nm,  

as in the perfect images (Supplementary Fig. 3e,f). These results 
indicate that high-quality, super-resolution images can be obtained 
from only a small fraction of the number of localizations traditionally 
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Figure 3 ANNA-PALM imaging of microtubules. ANNA-PALM 
reconstructions of a localization microscopy image of immunostained 
microtubules. (a) Widefield image. (b) Sparse PALM image obtained  
from the first 9 s of acquisition (k = 300 frames, n = 11,740  
localizations). (c) Dense PALM image obtained from a 15-min-long 
acquisition (K = 30,000 frames, N = 409,364 localizations). (d) ANNA-
PALM reconstruction from the widefield image a only. (e) ANNA-PALM 
reconstruction from the sparse PALM image b only. (f) ANNA-PALM 
reconstruction from the widefield image a and sparse PALM image b 
combined. In panels b–f, pixel values are linearly mapped to colors from  
the look-up table shown below. Black and white correspond to values Vmin  
and Vmax, respectively, with Vmin = 0 for all panels, Vmax = 3, 24, 102,  
102 and 102 for panels b, c, d, e and f, respectively. (g–i) Merged images  
comparing ANNA-PALM reconstructions from panels d–f to the dense PALM  
image c. ANNA-PALM reconstructions are shown in red, the dense PALM  
image in green. (j) Gradual improvement of image quality for increasing  
acquisition time k∆t, shown for the area highlighted in the insets of a–i.  
Top row: sparse PALM images. Middle row: ANNA-PALM reconstructions 
from the sparse PALM images only (without widefield). Bottom row: 
ANNA-PALM reconstructions from the widefield and sparse PALM images 
combined. Supplementary Video 1 shows the gradual increase in quality 
of PALM and ANNA-PALM images with increased acquisition time for the 
larger region of interest shown in a–i.
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required (here, ~11% of N5xNyq above; Supplementary Fig. 3d), hence 
enabling a strong reduction in acquisition time. Nevertheless, recon-
struction errors can still occur in areas where the sparse localization 
data are most ambiguous, for example, where filament density is high-
est (Fig. 2d,e,f, white arrow). These errors can be reduced by increasing 
the localization number n, implying a trade-off between acquisition 
time and reconstruction quality (Supplementary Fig. 4).

To quantify this trade-off, we computed the MS-SSIM between 
reconstructed ANNA-PALM and perfect PALM images (n = ) as 
a function of localization number, from n ~ 200 to n ~ 2 × 106, in 
comparison with the standard PALM images (Fig. 2g). The MS-SSIM 
lies between 0 and 1 and reaches 1 for perfect reconstructions. For 
standard PALM images, the MS-SSIM increases monotonically, as 
expected, from <0.2 to >0.95 for n = 2 × 106 localizations (Fig. 2g,  
black curve). Using only the sparse image as input, ANNA-PALM  
reconstructions achieve MS-SSIM that are consistently higher and 
increase with localization number n much more rapidly than standard 
PALM, exceeding 0.9 for n ≈ 10,000 localizations (Fig. 2, dashed blue 
curve). ANNA-PALM achieves the same MS-SSIM as standard PALM 
at the fivefold Nyquist sampling level (≈0.65) with only n = 2,248 
localizations instead of n = 58,588, suggesting a ~26-fold speed-up. If 
the widefield image is used as additional input, the MS-SSIM further 
increases, and dramatically so for low localization numbers (Fig. 2g, 
solid blue curve). For example, with n = 7,477 localizations, ANNA-
PALM achieves an MS-SSIM (≈0.95) similar to standard PALM with 
n = 644,844, implying a speed-up of roughly two orders of magnitude. 
(Note that, if the perfect PALM image was not available for these 
quantifications, it could be replaced by the ANNA-PALM reconstruc-
tion of a dense PALM image with a large number of localizations, for 
example, n = 105, with similar results; Supplementary Fig. 5).

As any image restoration method, ANNA-PALM can make errors. 
The low-resolution error map described above (Fig. 1b) provides 
a means to estimate where errors are most likely to occur. When 
applied to ANNA-PALM reconstructions of a sparse PALM image, 
this error map highlights regions containing the highest density of 
filament crossings, where reconstructions tend to be least accurate 
(Supplementary Fig. 6i,k). When we artificially displace a small piece 
of filament in this image to simulate a false positive and a false nega-
tive in the reconstruction (Supplementary Fig. 6b,d, white and blue 
arrows, respectively), the affected regions also light up in the error 
map (Supplementary Fig. 6j,l). Thus, the error map offers a useful 
tool to highlight regions most likely to contain reconstruction errors, 
and conversely, to outline regions where reconstructions are most 
trustworthy. Thus our, simulations suggest that ANNA-PALM can 
considerably reduce acquisition time in localization microscopy and 
also map reconstruction reliability.

ANNA-PALM reconstructions of immunostained microtubules
We next tested ANNA-PALM on real images of immunolabeled 
microtubules (Fig. 3). We trained our A-net on seven dense PALM 
images with corresponding widefield images obtained during  
10-min-long acquisitions (K = 60,000; ∆t = 10 ms exposure time) 
(data not shown). We then considered a sparse PALM image of  
microtubules in a distinct FoV obtained from only 9 s of acquisition 
(k = 300; ∆t = 30 ms), together with a widefield image (∆t = 2 × 50 ms) 
(Fig. 3a,b). Whereas microtubule filaments can already be seen in this 
sparse PALM image, structural details below the diffraction limit are 
hard to discern, making it difficult to follow the path of individual fil-
aments in the denser regions and to identify features such as filament 
crossings (Fig. 3b). By contrast, the ANNA-PALM images, whether 
reconstructed from the widefield image alone, the sparse PALM 

image alone, or both, all display sharp and continuous filaments and 
clearly reveal many structural details (Fig. 3d–f). Their resolution is  
similar to or even better than the dense PALM image (Supplementary  
Fig. 7a). As for the simulations, in regions where microtubule  
filaments are isolated, the ANNA-PALM image reconstructed from 
the widefield image alone is in good agreement with the dense PALM 
image (Fig. 3d,g). However, it is often incorrect in areas of high micro-
tubule density (e.g., Fig. 3d,g, white and gray arrows). Most of these 
reconstruction errors are corrected when applying ANNA-PALM 
to the sparse PALM image instead (Fig. 3e,h). For example, parallel  
sections of two microtubules unresolved in the widefield image 
and incorrectly merged in Figure 3d are now clearly separated and  
positioned correctly, and missed portions of other filaments are  
recovered (Fig. 3h, white and gray arrows). Counterintuitively, the 
sparse PALM image exhibits high signal in some locations where 
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Figure 4 High-throughput imaging with ANNA-PALM. Application of 
ANNA-PALM to high-throughput imaging of a 1.8 mm × 1.8 mm area 
containing more than 1,000 cells. (a) Sparse PALM image of this area, 
constructed by assembling a mosaic of 33 × 33 = 1,089 sparse PALM 
images of individual fields of view, obtained from k = 1,000 raw frames 
each (with ∆t = 10 ms exposure time per frame, i.e., in k∆t = 10 s). 
Total image-acquisition time was 1,089 × 10s, that is, ~3.1 h. The 
sparsity of the image is not apparent at this large scale. (b) ANNA-PALM 
reconstruction of the image in a, obtained by assembling a mosaic of 
1,089 individual reconstructions (one per field of view). (c) Magnified 
view of the green boxed region in a. The inset shows a further magnified 
view of the yellow boxed region, highlighting the sparsity of the image. 
(d) Same as c, but for the ANNA-PALM reconstruction. A line profile 
across a microtubule is shown, with a FWHM ≈51 nm. Nonlinear contrast 
adjustment was applied manually for a and b, with black corresponding 
to values of zero in both panels. In c and d, pixel values were linearly 
mapped to colors from the look-up table in Figure 3; black and white 
correspond to values Vmin and Vmax, respectively, with Vmin = 0 for all 
panels, and Vmax = 3 and 51 for panels c and d, respectively. See also 
Supplementary Video 2 for an animated ‘zoom-in’ highlighting the  
spatial scales covered by the assembled image. See also Supplementary  
Figure 12 for ANNA-PALM reconstructions of the same area from the 
widefield images only.
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the dense PALM image does not, presumably because of spurious 
localizations due, for example, to unspecific binding (Fig. 3b, blue 
arrow). Such signal can lead to incorrect features in the ANNA-PALM 
reconstruction from the sparse localization data alone (Fig. 3e,h, blue 
arrows). However, when the widefield and sparse PALM data are  
combined, these artifacts are largely removed and reconstructions 
agree very well with the dense PALM image (Fig. 3f,i). Reconstruction 
quality increases with the number of frames k (Fig. 3j, Supplementary 
Figs. 8 and 9 and Supplementary Video 1). More quantitatively, 
an MS-SSIM analysis similar to that for the simulated data above 
(with the ANNA-PALM output of the dense PALM image defined 
as ground truth; Supplementary Figs. 5 and 9f) suggests that  
ANNA-PALM allows a 100-fold reduction of acquisition time com-
pared to standard PALM (Supplementary Fig. 9g). Supplementary 
Figure 10 shows other examples of sparse microtubule images recon-
structed by ANNA-PALM.

As for simulations above, we used the widefield image to compute  
an error map (Supplementary Figs. 6 and 11). Bright areas in 
this error map highlight regions where the reconstruction indeed  
disagrees with the dense PALM image; conversely, reconstructions 
are of high quality in the majority of regions where the error map is 
dim (Supplementary Fig. 11d–f). These results demonstrate experi-
mentally that ANNA-PALM can restore high-quality approximations 
of super-resolution images from much shorter acquisition times than 
typical for PALM imaging, and also predict where reconstruction 
errors are most likely.

ANNA-PALM enables high-throughput super-resolution imaging
The drastic improvement in imaging efficiency afforded by ANNA-
PALM permits super-resolution imaging of orders of magnitude 
more cells and FoVs per unit time. To demonstrate this, we used an 
automated acquisition protocol to image >1,000 cells with immu-
nolabeled microtubules in 1,089 (33 × 33), partly overlapping, FoVs 

of 55.3 µm × 55.3 µm each (Fig. 4 and Supplementary Fig. 12). 
We first acquired widefield images at each of these positions, in 
a total of ~12 min, mostly consisting of stage stabilization delays 
(Supplementary Fig. 12a). Next, we obtained 1,089 sparse PALM 
images using only 10 s of imaging time per FoV (k = 1,000 frames,  
∆t = 10 ms), in a total of only ~3.1 h (Fig. 4a). Neither the widefield 
nor the sparse PALM images provide much small-scale informa-
tion (Fig. 4c and Supplementary Fig. 12c,e). However, ANNA-
PALM reconstruction produces high-quality, super-resolution 
images, allowing the microtubule network to be visualized with 
clarity and microtubule filaments to be distinguished in dense areas 
that appeared as unstructured regions in the sparse PALM image  
(Fig. 4b,d). The full width at half maximum across filaments in the 
reconstructed image is ~51 nm (Fig. 4d), within the range meas-
ured for the training data (Supplementary Fig. 7a). Similar images 
are obtained by ANNA-PALM using the widefield images alone 
(Supplementary Fig. 12), although with lower quality, as discussed 
above. Stitching the reconstructed images together yields a single 
super-resolution image that contains approximately 7 billion 20 nm 
× 20 nm pixels and covers an area of 1.8 mm × 1.8 mm, thereby 
spanning almost five orders of magnitude in spatial scales (Fig. 4b,d, 
Supplementary Fig. 12b, and Supplementary Video 2).

ANNA-PALM is robust to experimental perturbations
ANNA-PALM can reconstruct accurate super-resolution images 
from sparse data because it was trained on similar images before. 
This raises the question of whether an ANN trained in one experi-
mental condition can be successfully applied to another condition. To 
test this, we used the A-net as trained above to analyze microtubule 
images of cells exposed to drugs affecting the cytoskeletal network. 
We first treated U373 cells with 1 µM of taxol, an antimitotic agent 
that inhibits the depolymerization of microtubules and increases 
their bending rigidity29,30. In a sparse PALM image of these cells  
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Figure 5 Robustness of ANNA-PALM to experimental perturbations. (a–l) Sparse PALM images and ANNA-PALM reconstructions using an ANN 
trained on PALM images of microtubules in untreated cells and applied without retraining to sparse localization images of microtubules in different 
experimental conditions: untreated control cells (a–c); cells treated with 1 µM of taxol (d–f); cells treated with 1 µM of nocodazole (g–i); untreated 
cells imaged with DNA-PAINT (j–l). (a,d,g,j) Sparse localization images obtained from the first k frames of the acquired image sequence, with k = 500, 
800, 300, and 400 for a, d, g, and j, respectively. (b,e,h,k) ANNA-PALM reconstructions using the sparse localization images immediately to the left as 
input. (c,f,i,l) Dense localization images obtained from K = 60,000 frames. Pixel values are linearly mapped to colors from the look-up table in Figure 3.  
Black and white correspond to values Vmin and Vmax, respectively, with Vmin = 0 for all panels, and Vmax = 10, 120, 90, 25, 150, 40, 18, 150, 50, 18, 
120, and 200 for panels a, b, c, d, e, f, g, h, i, j, k, and l, respectively.



©
 2

01
8 

N
at

u
re

 A
m

er
ic

a,
 In

c.
, p

ar
t 

o
f 

S
p

ri
n

g
er

 N
at

u
re

. A
ll 

ri
g

h
ts

 r
es

er
ve

d
.

nature biotechnology  advance online publication �

A rt i c l e s

(k = 800, k∆t = 8 s), the microtubule network was barely recog-
nizable (Fig. 5d). By contrast, the ANNA-PALM reconstructions 
clearly display a complex microtubule network and agree well 
with the dense PALM image obtained from K = 60,000 frames  
(K∆t = 10 min) (Fig. 5d–f). These images show a greater density of 
straighter and more parallel filaments with less frequent crossings 
than in the untreated cells (Fig. 5a–c), consistent with microtubule 
stabilization and increased rigidity30.

Next, we treated cells with 1 µM of nocodazole, a drug that, in con-
trast, promotes microtubule depolymerization and is expected to more 
dramatically alter the cytoskeletal network31. Again, whereas the sparse 
PALM image obtained from k = 300 frames (k∆t = 3 s) contained little 
exploitable information (Fig. 5g), the ANNA-PALM reconstruction 
offer clear and detailed views of the disrupted microtubule network 
(Fig. 5h), exhibiting a much smaller number of filaments, with higher 
curvature, than in untreated cells. These reconstructions are in good 
(though not perfect) agreement with dense PALM images obtained 
from K = 60,000 frames (K∆t = 10 min) (Fig. 5i). Thus, ANNA-PALM, 
when trained on microtubules in one experimental condition, may be 
successfully applied to new experimental conditions without retrain-
ing, thereby highlighting the method’s robustness to biologically  
relevant structural alterations.

We further asked if ANNA-PALM is also robust to changes in tech-
nical imaging conditions. To address this, we performed localization 
microscopy on microtubules by simultaneously changing multiple 
important imaging parameters relative to the training data. Instead of 
PALM/STORM, we used DNA-PAINT, a technique where single-mol-
ecule detection relies on transient binding of fluorophore-conjugated 
short DNA strands to complementary, antibody-conjugated, DNA 
strands32, rather than on fluorophore blinking. The continuously 
emitting, freely diffusing dyes lead to higher background noise in 
DNA-PAINT compared to PALM/STORM. Moreover, we used pri-
mary mouse antibodies instead of rat antibodies, Cy3 dyes instead of 
Alexa-647 dyes, and an EMCCD instead of a sCMOS camera. Despite 
all these differences, when ANNA-PALM is applied without retrain-
ing on a sparse microtubule image (k = 400 frames, k∆t = 12 s), the 
reconstructed image still agrees very well with the dense DNA-PAINT 
image obtained from K = 60,000 frames (K∆t = 30 min) (Fig. 5j–l). 
These data demonstrate the high robustness of ANNA-PALM to 
changes in experimental imaging conditions.

ANNA-PALM adapts to different biological structures
To demonstrate that ANNA-PALM is not restricted to filamentary 
structures, we turned to nuclear pores, a very different biological 
structure, and another popular target of super-resolution imaging 
studies33–35. We retrained A-net simultaneously on microtubule 
images and on a single PALM image of the nucleoporin gp210 in 
immunolabeled nuclear membranes of Xenopus frog eggs33,35  
(K = 30,000). With the switch (Fig. 1) set to microtubules (‘MT’), this 
newly trained A-net can still reconstruct sparse images of microtubules 
as when trained exclusively on microtubule data (Supplementary  
Fig. 13a–c). We then applied the same A-net with the switch set to 
nuclear pores (‘NPC’) to reconstruct a new sparse PALM image of 
gp210 obtained from the first k = 3,000 frames (Fig. 6a). The spar-
sity of this image makes it difficult to clearly distinguish individual 
nuclear pores. ANNA-PALM, however, produces a much clearer 
image, containing many easily identifiable ring-like structures, as 
expected for nuclear pores33 (Fig. 6b), and in good agreement with 
the dense PALM image obtained from K = 30,000 frames (even though 
the latter shows mostly incomplete, open rings, presumably due to 
suboptimal labeling) (Fig. 6c). An automated procedure based on 

cross-correlation with a ring template indeed identified ~2.7 times 
more putative nuclear pores from the ANNA-PALM image than the 
sparse PALM image (Supplementary Fig. 14a–c). Moreover, com-
puted pore locations are in good agreement with a corresponding, 
second color PALM image of wheat germ agglutinin (WGA), a lectin 
that concentrates in the inner nuclear pore channel35 (Supplementary 
Fig. 14 d–f). These results show that ANNA-PALM can successfully 
analyze non-filamentary structures, when properly retrained, and that 
a single ANN, with a simple computational switch, can reconstruct 
very different types of structures.

Finally, we imaged TOM22, a protein of the mitochondrial outer 
membrane36. Whereas, at the resolution of our experiments, micro-
tubules and nucleoporins are essentially one-dimensional and zero-
dimensional structures, respectively, mitochondrial membranes are 
two-dimensional surfaces. Furthermore, their complex three-dimen-
sional (3D) morphology might seem less predictable than filaments or 
nuclear pores, potentially hampering ANNA-PALM reconstruction. 
Despite these differences, after being trained on nine PALM images of 
TOM22 (with frame numbers ranging from K = 24,000 to K = 40,000), 
ANNA-PALM reconstructions of distinct sparse PALM images  
(k = 400 frames) display mitochondrial morphologies in good agree-
ment with the dense PALM images (Fig. 6d–f), although the pro-
tein’s localization along the membrane is less well reproduced. Taken 
together, our results illustrate the versatility of ANNA-PALM and its 
applicability to images of very different structural content.

DISCUSSION
We introduce ANNA-PALM, a computational method based on deep 
learning, that reconstructs high-quality, super-resolution images from 

PALM (k = 3,000) ANNA-PALM (k = 3,000) PALM (K = 30,000)

PALM (k = 400) ANNA-PALM (k = 400) PALM (K = 30,000)

a b c

d e f

500 nm

5 µm

Figure 6 ANNA-PALM reconstructions of nuclear pores and mitochondria. 
(a–f) Sparse PALM and ANNA-PALM images of nuclear pores (a–c) 
and mitochondria (d–f). (a) Sparse PALM image of the immunolabeled 
Xenopus nucleoporin gp210 obtained from the first k = 3,000 frames. 
Note that individual nuclear pores are hard to identify. (b) ANNA-PALM 
reconstruction of image a. (c) Dense PALM image obtained from all 
K = 30,000 frames. (d) Sparse PALM image of the immunolabeled 
mitochondrial outer membrane protein TOM22, obtained from the first  
k = 400 frames. (e) ANNA-PALM reconstruction of image d. (f) Dense 
PALM image obtained from all K = 30,000 frames. Pixel values are 
linearly mapped to colors from the look-up table shown in Figure 3. Black 
and white correspond to values Vmin and Vmax, respectively, with Vmin = 0 
for all panels, and Vmax = 3, 51, 3, 3, 128, and 18 for panels a, b, c, d, e, 
and f, respectively.
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sparse, rapidly acquired, single-molecule localization data and/or 
widefield images. Our method enables considerable gains in acqui-
sition time compared to standard localization microscopy without 
increasing active fluorophore density, thereby preserving spatial 
resolution. In fact, ANNA-PALM even improves spatial resolution 
when applied to images of lower resolution than the training data 
(Supplementary Figs. 7a and 10), and greatly diminishes the detri-
mental effect of drift. The improvement in imaging efficiency afforded 
by ANNA-PALM alleviates the incompatibility between high-resolu-
tion and high-throughput microscopy by enabling super-resolu-
tion imaging of thousands of cells within a few hours or even less  
(Fig. 4 and Supplementary Fig. 12). This will facilitate super-resolution  
studies of rare events, cellular heterogeneity, and of partly stochas-
tic structures such as cytoskeletal polymers or chromosomes, whose 
characterization requires statistics on many configurations37,38. ANNA-
PALM may also be beneficial for high-throughput imaging screens, for 
example, of drug treatments or gene knockouts39–41. In addition, we 
envision applications to super-resolution imaging of large samples by 
stitching together multiple images of spatially adjacent fields. The ability 
to generate images spanning many orders of magnitude in scale could 
be well adapted to expansion microscopy, a super-resolution technique 
that physically increases sample size, but often requires tiling many 
fields of view to image even a single cell42,43. With correlative micros-
copy44, it might also be possible to train ANNA-PALM to reconstruct 
electron microscopy (EM) images from fluorescence images, potentially 
extending the method to molecular resolutions currently out of reach 
of localization microscopy. Adaptation of ANNA-PALM to 3D4,45 and 
multicolor46,47 localization microscopy should be relatively straightfor-
ward. Localization microscopy of cellular dynamics remains very chal-
lenging3,48. By using far fewer frames (or even only widefield images), 
ANNA-PALM could dramatically improve the temporal resolution of 
live-cell localization microscopy without sacrificing spatial resolution 
or increasing phototoxicity and photobleaching. Thus, ANNA-PALM 
provides multiple novel avenues for multiscale imaging beyond con-
ventional spatiotemporal resolution limits.

Nevertheless, important caveats should be stressed. First, although 
ANNA-PALM can be applied successfully to very different types of 
images (Fig. 6), the method fails in the absence of statistical redun-
dancies between molecular localizations, for example, for entirely ran-
dom distributions of molecules. Second, ANNA-PALM requires prior 
training on dense PALM images with structures similar to those in the 
images to be reconstructed. We showed that ANNA-PALM is robust, 
that is, does not require retraining, for some experimentally induced 
changes in structures and variations in imaging parameters (Fig. 5). 
However, indiscriminate application of ANNA-PALM to very different 
structures without retraining, or incorrect setting of the switch, may 
result in artifacts (Supplementary Fig. 13h). Third, even when applied 
to data similar to the training images, ANNA-PALM can produce errors, 
as can any reconstruction method in a context of information scarcity. 
The frequency of errors can be reduced by increasing the number of 
recorded frames, at the cost of reduced acceleration (Figs. 2, 3 and 
Supplementary Figs. 4,8 and 9). In addition, ANNA-PALM can use 
widefield images to estimate the reliability of reconstructions, thereby 
helping their interpretation, providing some protection against arti-
facts and indicating when retraining may be needed (Supplementary  
Figs. 11 and 15). Future work, for example, using Bayesian deep learn-
ing49, may provide additional assessments of reconstruction uncertainty 
and shed more light on the scope and limitations of our approach.

As a purely computational technique, ANNA-PALM does not necessi-
tate any changes to existing microscopy systems, but only requires one or 
a few standard PALM images for training. To facilitate its adoption and 

future development, we make our source code, an ImageJ plugin and a 
cloud-computing-based web application, available on https://annapalm.
pasteur.fr/ along with sample data. Because the performance of deep-
learning methods improves with the amount and variety of training 
data, we designed our web application to enable sharing of data and 
trained ANNs. As ANNA-PALM will learn from an increasingly large 
and diverse collection of images, it should reach even higher accuracy or 
efficiency and further expand its scope of application in the future.

METHODS
Methods, including statements of data availability and any associated 
accession codes and references, are available in the online version of 
the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE METHODS
Artificial neural network. Our ANN, called ‘A-net’, is based on the pix2pix 
architecture20, which is a special conditional generative adversarial network 
(cGAN)22 for image-to-image ‘translation’, that is, mapping from one type 
of image to another. The A-net consists of three distinct neural networks: 
(i) a generator network G  that produces the reconstructed super-resolution 
image, (ii) a network Q called ‘low-resolution estimator’ that produces the 
low-resolution error map, (iii) a cGAN discriminator network D  that provides 
the adversarial loss (Fig. 1a). The generator network G  builds on the U-net 
architecture, and consists of an encoder-decoder network with skip connec-
tions21 and 16 convolutional layers. Its inputs and outputs are image patches 
containing (256m) × (256m) pixels, where m is an integer (we used m = 1 or 2,  
but this can be adjusted for different sizes of CPU/GPU memory or input 
images). The input of G is a sparse PALM image, a widefield image scaled up 
to the same size (see below), and a computational switch number that allows 
the network to switch between different types of image structures (e.g., nuclear 
pores or microtubules). The switch setting is encoded numerically and cou-
pled by convolutional operations into the A-net encoder. The output of the 
generator G  is a reconstructed image (called ANNA-PALM reconstruction 
or ANNA-PALM image elsewhere) of the same size as the input images. The 
low-resolution estimator Q has four convolutional layers. It takes the (256m) 
× (256m) dense PALM image patch or the ANNA-PALM image patch as input 
and outputs a low-resolution image with (64m) × (64m) pixels. The cGAN 
discriminator network D has five convolutional layers. Its inputs are three 
(256m) × (256m) pixel image patches (the sparse PALM image, the scaled-
up widefield image, and either the ANNA-PALM reconstruction or the cor-
responding dense PALM image), and its output is a (30m) × (30m) image 
whose pixel values indicate whether the corresponding input patch is real 
(i.e., an experimentally obtained conventional PALM image) or produced by 
the generator G . All convolutional layers are followed by batch normaliza-
tion50. Dropout layers27 (with dropout probability P = 0.5) are introduced in 
the central layers of the A-net generator and turned on during training, but 
switched off during inference. Activation functions are rectified linear units 
(ReLU) x → sup (x, 0) or ‘leaky’ ReLUs x → sup (x, 0) +inf (εx,0) with ε =0.2 
(ref. 51), except for the last layer of G , which uses the hyperbolic tangent x → 
tanh (x) and the last layer of Q, which uses a sigmoid function x → (1+ exp 
(−x))−1. The A-net architecture is fully described in Supplementary Note 1 
and Supplementary Tables 1–4.

Training objectives and error map. Each of the three networks mentioned 
above (G, Q and D) is associated to a distinct objective function—also called 
loss—and hereafter denoted LG, LQ, and LD, respectively. These loss functions 
are specified in detail below. In the following equations, for notational simplic-
ity, we designate the sparse input image as S, the low-resolution (widefield) 
input image as W, the corresponding dense PALM image (i.e., the target) as 
T, and the A-net’s output as A = G  (S, W) (in Fig. 1a, images S, T and A are 
labeled Pk, PK, and Ak, respectively); the computational switch indicating the 
image type is denoted M. Low-resolution images produced by the low-reso-
lution estimator network Q from A and T are designated as WA = Q(A) and  
WT = Q (T), respectively.

The generator loss function LG  is the sum of three terms. The first term of  
LG is the super-resolution reconstruction error, hereafter called L SuperRes ( G ).  
This term penalizes the difference between the generator output A and the 
target image T. Based on a recent analysis of loss functions for image restora-
tion with neural networks25, we defined this difference as a weighted average 
of two quantities: (i) the multiscale structural similarity index (MS-SSIM) 
between A and T and (ii) a modification of the L1 norm, where the absolute 
difference between A and T is smoothed by a Gaussian kernel: 
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where E denotes expectation; pdata (S, T, W, M) is the joint probability 
density of the sparse PALM images S, dense PALM images T, widefield images  
W and switch settings M from the training data set; MS_SSIM (A,T) is the 
multiscale structural similarity index between A and T; Gs  is a Gaussian 
smoothing kernel; * denotes convolution; |A − T| is the absolute difference 
image (i.e., pixel (i,j) has value |A (i,j) − T (i,j)|) and ρ ∈ [0,1] is a scalar weight 
that balances the relative contributions of MS-SSIM and the modified L1 norm 
and is set to ρ = 0.84 as in ref. 25.

The second term of LG  is called LLowRes(G ,Q) and measures the consist-
ency between the low-resolution images WA and WT predicted by the low- 
resolution estimator network Q: 

L G  LowRes data
, _ ,, , , ~ , , ,Q MS SSIMp A T( ) = − ( ) ( ) ( )E S T W M S T W M W W1 
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data

1 G 

Alternatively, in the above objective function, WT can be replaced by the actu-
ally observed widefield image W, although with our data this led to slightly 
lower reconstruction quality. The low-resolution estimator network Q is 
trained simultaneously with the generator G to produce a low-resolution 
image from the dense PALM image T that is consistent with the observed 
low-resolution image W. This training is done based on the following objec-
tive function: 

LQ pQ MS SSIM Q( ) = − ( )[ ]( ) ( )E T W T W T W, ~ , _ ( ),data 1

Note that the reconstructed low-resolution image Q(T) is four times smaller 
than the dense PALM image T, as described in Supplementary Note 1. 
Because the input widefield image W can have a different size, we use bilinear 
interpolation to resize W to the same size as Q(T) (If needed, a scaling factor  
different from 4 can be obtained by adding or removing downsampling  
layers in network Q). At inference time, the low-resolution estimator Q is also 
used to produce the error map, as shown in Figure 1b, and Supplementary  
Figures 6, 11 and 15. This error map is defined as: 

E A W A W A WQ MS SSIM Q Q( , ) _ ( ), ( )= − ( )( ) × +( )1

High (respectively low) values of the error map indicate large (respectively 
small) inconsistencies between the reconstructed super-resolution image  
A and the observed widefield image W.

The third term of LG  draws from recent work on generative adversarial 
networks (GAN)20,22,52 and is noted LcGAN (G ,D). In a GAN, a generator 
network G  learns to transform random input vectors z (drawn from a prob-
ability density pz (z)) into new samples of a data probability density pdata (x). 
In our case, the data samples x are the dense PALM images T. The generator 
G  learns by working against a discriminator network D  that simultaneously 
learns to discriminate between original data samples and samples generated 
by G . Adversarial training thus consists in playing a minmax game such that 
G D L G DG D
* *, argmin max ,( ) = ( )GAN , with an objective function of the 

form22: L G D D D GGAN data z log, log~ ~( ) = ( )[ ]+ − ( )( )[ ]( ) ( )E Ex x z zx zp p 1 , or 
equivalently by simultaneous optimization of two coupled loss functions:

D D D G

G

D

*
~ ~

*

argmax log= ( )[ ]+ − ( )( )[ ]( )
=

( ) ( )E Ex x z zx zp pdata z log 1

aargmin ~
G

pEz z zz log( ) − ( )( )[ ]( )






 1 D G

In a conditional GAN (cGAN), the generator and the discriminator have 
an extra input vector c and the first objective function above becomes: 
L G D DD , log ,, ~ , ~ , ~( ) = ( )[ ]+( ) ( ) ( ) ( )E Ec x c x c c z zc xp p pdata data z logg 1− ( )( )[ ]D Gc c z, , ,  
such that the generator learns a conditional probability den-
sity pdata (x|c); the second objective function likewise becomes 
L G D D GcGAN , ~ , ~( ) = − ( )( )[ ]( ) ( )Ec c z z zp pdata z log 1 . In our A-net, we replaced the 
logarithmic losses above by least square losses52, as they empirically yielded 
better results. Thus, we used the objective functions:
 
L G D D DD , ,, ~ , ~ , ~( ) = ( ) − +[ ]( ) ( ) ( ) ( )E Ec x c x c c z zc x cp p pdata data z1 2 ,, ,G c z( )( )[ ]2  

and L G D D GcGAN data z, , ,~ , ~( ) = − ( )( )[ ]( ) ( )Ec c z z c c zp p 1 2 . In our case, the 
input c is the sparse PALM image S combined with the upsampled version   
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L = ( )B W of the widefield image W, where B  denotes bilinear interpolation. 
Note that in practice the noise z in our ANN was introduced only through the 
use of dropout layers, as in the pix2pix implementation20. Thus, the objective 
functions are:
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In the end, combining the three loss terms described above, we implemented 
the following optimization problem:
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The weights α, β, and γ are hyperparameters, which we set manually to  
α = 50, β = 25, and γ = 1 for most experiments. In absence of widefield images 
W, β was simply set to zero. The reported results are not very sensitive to 
these parameters.

We trained the A-net end-to-end using stochastic gradient descent (SGD) 
with Adam53 and a batch size of 1 with 200,000 or more iterations (back-
propagation steps). Our implementation was adapted from affinelayer’s 
TensorFlow54 implementation, which is ported from the Torch implementa-
tion of pix2pix20. Both network training and inference were performed on 
Tesla P100, Tesla M40, Tesla K80, or GTX Titan XP graphical processing units 
(GPUs) from Nvidia. A-net training from scratch typically takes from hours to 
days on a single GPU. Once trained, the A-net takes only ~1 second or less to 
reconstruct a super-resolution image of 2,560 × 2,560 pixels (corresponding 
to an entire FoV). Training time could be further reduced by pretraining (or 
transfer learning), use of GPU clusters, or optimized data augmentation.

Experimental training images and data augmentation. Experimental train-
ing data are obtained from standard localization microscopy data (dense PALM 
images). To achieve good performance, ANNs generally necessitate large 
amounts of training data. However, ANNA-PALM typically requires PALM 
images from no more than 10 FoVs (of 55 µm × 55 µm each) and can even be 
trained with a single FoV. This is possible thanks to an extensive on-the-fly 
data augmentation strategy, as described below. Each of the dense PALM train-
ing images corresponds to a list of localizations (fi, xi, yi)i = 1..n, where fi ∈ [1,K] 
is the index of the diffraction-limited frame from which localization (xi, yi) 
originates, and K is the total frame number. PALM images are obtained as plain 
2D histograms of these localizations with typical pixel sizes of 10–20 nm. From 
each list of localizations (corresponding to a dense PALM image of a single 
FoV), we generate 10–30 pairs of input and target images (S,T) for training. To 
define the target image T, we take a random consecutive subset [kT, kT + 0.95K] 
of 95% of all available K frames (kT is chosen randomly between 0 and 0.05K) 
and create the 2D histogram image based on localizations from those frames 
only, i.e. from all (xj, yj) such that f k k Kj T T∈ + , .0 95 . To define the sparse 
input image S, we take random subsets of 300–500 consecutive frames from 
the first half of the image sequence and similarly create a 2D histogram of the 
localizations from those frames only. When a widefield image W is available, 
this image must first be aligned with the corresponding dense PALM image T. 
This is done using an FFT-based phase correlation algorithm55 after histogram 
equalization of image T, smoothing by convolution with a Gaussian kernel 
of standard deviation 6 pixels, and resizing with bilinear interpolation to the 
same size as image W. The registered widefield image W is then scaled up using 
bilinear interpolation to an image L = ( )B W  with the same size as image T.

During training, for each iteration of SGD, we crop the images S, L and T 
with a randomly placed 712 × 712 pixel-sized region R  = [xmin, xmin + 712] × 
[ymin, ymin + 712]. We then use random geometric transformations and apply 
them identically to the three images. Specifically, we rotate the images by a 

random angle between 0 and 360 degrees, apply elastic transformations56, and 
then crop the center region of size 512 × 512 pixels. In addition to geometric 
transformations, we also introduce realistic noise from experimental back-
ground images. This is done by manually outlining regions of background in 
selected PALM training images, splitting these regions into small patches of 
40 × 40 pixels, grouping them according to their summed pixel values, then 
assembling them into a larger image with the same size as T. During training, 
these semi-synthetic noise images are randomly selected and added to the 
input image S without altering T or W. Finally, we normalize the input image 
S by subtracting its mean and dividing by the standard deviation. If a widefield 
image W is provided, its pixel values are scaled to a minimum of 0 and a maxi-
mum of 1. Otherwise, W is replaced by an image containing zeros only. The 
target image T is truncated at a maximum value of 255 and then scaled to have 
a minimum of 0 and a maximum of 1. For the switch M, we used an integer 
number to define the type of training images (e.g., 0 for microtubules, 1 for 
nucleoporins, 2 for mitochondria). When training on different types of images 
(e.g., microtubules and nucleoporins; Supplementary Fig. 13), we assign the 
corresponding switch value to M and use it as additional input to the A-net 
together with images S and W, as described in Supplementary Note 1.

Image simulations. Our procedure to simulate localization microscopy 
(PALM) images of microtubules is illustrated in Supplementary Figure 1. To 
simulate microtubule filaments, we used a Langevin dynamics simulation28 
that generates random configurations of semiflexible curves with a specified 
rigidity (persistence length), starting from a random initial configuration 
(Supplementary Fig. 1a,b). The initial configurations were generated with a 
Python library named cpolymer and the Langevin dynamics was implemented 
using the molecular dynamics code LAMMPS57. Although the simulation gen-
erates 3D polymer chains, we only considered their 2D projections, consisting 
of Np connected positions x yk k k Np

, ..( ) = 1 . To obtain smooth filaments, we 
further interpolated these connected segments using spline functions with the 
Scipy function scipy.interpolate.splev. Next, we turned these 2D curves into 
a gray scale image of 800 × 800 pixels, with an assumed pixel size of 7.8 nm, 
using the Python library Matplotlib. This image was further convolved with a 
Gaussian kernel of standard deviation 1.5 pixels, resulting in a smooth image 
I (i, j) as shown in Supplementary Figure 1c, and normalized to a probability 
density ΣΣi jI i j, ,( ) =( )1, with all I i j,( ) ≥( )0 . This image was used to mimic 
a “perfect” PALM image of filaments corresponding to an infinite number of 
localizations (n = ). Such perfect images were used as targets during ANN 
training for simulated data and defined as ground truth for the quantification 
of reconstruction quality by MS-SSIM (Fig. 2g). During training, we applied 
the same rotations and elastic transformations described for experimental 
data in the previous section.

Localization microscopy images obtained from a finite number of locali-
zations n <  (sparse PALM images S) can be considered as a sampling of 
the probability density I(i,j) with n samples. These images can therefore 
be simulated by applying Poisson noise to a rescaled version of the perfect 
PALM image, that is: S(l,I) = P (lI/Imax), where Imax is the maximum value of  
I, P  (µ) denotes the Poisson probability distribution of mean µ and where the 
peak parameter λ controls the level of sampling. In order to simulate sparse 
PALM images for various levels of sampling, we varied the peak value λ  
following a log-normal distribution where ln l( ) has mean −0.5 and standard 
deviation 0.001 and applied Poisson noise using the numpy library function 
random.poisson. An example of a simulated sparse PALM image is shown 
in Supplementary Figure 1d. Besides finite sampling, localization micros-
copy images are corrupted by additional noise sources such as false detections  
from background noise due to out-of-focus light or unspecific binding of  
antibodies. To mimic this, we first created a probability density Ib = I *
G bs  for the background noise by convolving I with a Gaussian kernel G bs  
of large standard deviation sb  = 25 pixels, and applied Poisson noise with  
λ = 0.06. To create training images, we added this background noise image 
to the sparse PALM image S above (Supplementary Fig. 2). We did not 
add background noise to the test images used during inference (Fig. 2). To  
simulate the widefield images (Fig. 2a), we first blurred the perfect PALM 
image by convolution with a Gaussian kernel of standard deviation 8 pixels, 
then added Gaussian noise with zero mean and standard deviation chosen 
randomly between 0.5 and 1.5.
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For simulations of nuclear pore images (Supplementary Fig. 15), we 
applied a similar procedure, except that the perfect PALM images were 
obtained by randomly distributing circles of diameter 150 nm in the plane 
(avoiding overlaps) and placing eight Gaussian spots (of standard deviation  
1.7 pixels) at equal distance from each other on each circle to mimic the octog-
onal shape of nuclear pores.

Sample preparation. For microtubule imaging experiments (Figs. 3–5 and 
Supplementary Figs. 8–10), except those using DNA-PAINT (Fig. 5j,l),  
U-373 MG (Uppsala) cells were cultured in Dulbecco’s Modified Eagle 
Medium: Nutrient Mixture F-12 (DMEM/F12; Gibco), supplemented with 
10% (v/v) fetal bovine serum (FBS; Gibco), 1% (v/v) penicillin-streptomycin 
(Gibco), in a 5% CO2 environment at 37 °C on 18-mm cleaned coverslips 
in 12-well plates. 24 hours after plating, cells were pre-extracted for 10 s in  
0.25% (v/v) Triton X-100 (Triton) in BRB80 (80 mM PIPES, 1 mM MgCl2,  
1 mM EGTA, adjusted to pH 6.8 with KOH) supplemented with 4 mM EGTA, 
and immediately fixed for 10 min with 0.25% (v/v) Triton + 0.5% glutaralde-
hyde in BRB80, followed by reduction for 7 min with 0.1% NaBH4 solution in 
PBS and another washing step in PBS. Cells were directly incubated for 1 h at 
room temperature in PBS with 1:500 rat alpha-tubulin antibodies (Bio-Rad 
MCA77G), followed by three washing steps with PBS, and then incubated for 
45 min in PBS with 1:500 anti-rat Alexa-647 conjugated secondary antibodies 
from donkey (Jackson ImmunoResearch Laboratories, ref. 712-605-153).

For the DNA-PAINT experiment on microtubules (Fig. 5k–m), U-373 cells 
stuck on 18 mm diameter coverslips were fixed at 37 °C with 4% PFA and 0.25% 
glutaraldehyde in PHEM buffer and permeabilized in 0.3 % Triton X-100, fol-
lowed by reduction in a 0.1% NaBH4  solution as above. Next, cells were incu-
bated for 1 h with 1:500 primary mouse antibodies against alpha-tubulin. The 
sample was washed three times in PBS, then incubated with 1:100 anti-mouse 
oligo-conjugated antibodies from Ultivue Kit 2 for DNA-PAINT imaging32. 
After washing the sample three times in PBS, and just before imaging, 2 nM of 
complementary oligos coupled to Cy3 fluorophores were added to the sample.

Nuclear pore imaging data of gp210 and WGA (Fig. 6a–c and Supplementary 
Fig. 14) were kindly provided by J. Sellés and O. Falklaris (Institut Jacques 
Monod, Paris) and obtained from nuclear membranes of Xenopus frog eggs 
prepared as described previously35.

For mitochondria imaging experiments (Fig. 6e,f), COS7 cells were cul-
tured under the same conditions as U-373 cells above using phenol-red free 
DMEM medium and fixed with 4% PFA in PBS for 10 min. The sample was 
blocked with 3% BSA in PBS for 20 min and immunostained with 1:500 mouse 
antibodies against TOM22 (Sigma, ref. T6319) in wash buffer (PBS with 0.5% 
BSA) for 1 h. After extensive washing with wash buffer, the sample was incu-
bated with 1:500 anti-mouse secondary antibodies from donkey conjugated 
to Alexa-647 dyes (Jackson ImmunoResearch Laboratories, ref. 715-605-151) 
in wash buffer for 30 min. After washing five times with wash buffer and two 
times with PBS, samples were post-fixed with 2% PFA in PBS for 10 min and 
washed five times with PBS.

For all localization microscopy experiments except DNA-PAINT, we used 
a photoswitching buffer58 composed of 50 mM Tris-HCl + 10 mM NaCl + 
10% (w/v) glucose + 168 AU/mL glucose-oxidase + 1,404 AU/mL catalase + 
1% 2-mercaptoethanol. For microtubule imaging experiments, we used this 
buffer to fill a square hole that was manually cut in a parafilm sheet, which 
was deposited on a rectangular coverglass. The round coverslips were sealed 
with nail polish.

Image acquisition in localization and high-throughput microscopy. We 
performed single-molecule localization microscopy experiments (PALM/
STORM and DNA-PAINT) on custom built microscopy systems, as previously 
described58–60. The system used for PALM/STORM imaging of microtubules 
is based on an inverted microscope body (Nikon Ti Eclipse) equipped with 
either a 60× 1.49 NA oil immersion objective (Nikon) or a 60× 1.2 NA water 
immersion objective (Nikon) and with the Perfect Focus System active.  
A 642-nm wavelength laser with 500 mW power was used to excite Alexa-647 
fluorophores and an AOTF (AA Opto Electronic) was used to modulate laser 
excitation. Sequences of diffraction-limited single-molecule image frames 
were acquired either on a sCMOS camera (Hamamatsu ORCA-Flash4.0), 
which can capture images of 2,048 × 2,048 pixels (for Figs. 4 and 5a–i), 

or on an EMCCD (Andor IXON ULTRA 897) with 512 × 512 pixels (for  
Figs. 3 and 6d–f). Both cameras were controlled by MicroManager software61. 
For experiments using the sCMOS camera, the effective pixel size was 108 nm 
and we used a 512 × 512 pixels region of interest, which resulted in an imaged 
FoV of 55.3 µm × 55.3 µm. For experiments using the EMCCD camera, we 
used a 2× telescope and the effective pixel size was 107 nm, resulting in a 
FoV of 54.8 µm × 54.8 µm. The exposure time was set to ∆t = 10 ms or 30 ms 
per frame. The number of frames acquired ranged from k = 1,000 (Fig. 4) to 
K=60,000 (e.g., Fig. 5c) per FoV.

For the DNA-PAINT experiment (Fig. 5j,l), we used an inverted Nikon Ti-
E Eclipse microscope equipped with a 100× 1.49 NA TIRF objective (Nikon) 
and with the Perfect Focus System active. A 561-nm wavelength laser with  
500 mW power was used to excite Cy3 dyes. Highly inclined laser illumi-
nation was used to reduce out-of-focus background signal. Images were 
acquired on an EMCCD camera as above, with a 1.5× telescope, resulting in 
an effective pixel size of 106 nm and a FoV of 54 µm × 54 µm. The sample 
was mounted in a magnetic sample holder filled with the imaging buffer pro-
vided in the Ultivue kit. Exposure time was set to ∆t = 30 ms and the EM gain 
of the EMCCD was set to 300. The laser power was increased until isolated  
fluorescent spots were observed. For the experiment shown in Figure 5g,i,  
K = 60,000 frames were acquired.

The Xenopus nuclear pore data (Fig. 6a–c and Supplementary Fig. 14), were 
acquired on a Zeiss Elyra P.S.1 microscope as described previously35.

For high-throughput imaging of microtubules (Fig. 4), we used the Multi-
Dimensional Acquisition tool in Micro-manager to define the positions of 
1,089 FoVs of 55.3 µm × 55.3 µm on a 33 × 33 grid, with overlaps of 1 µm; 
the stage was automatically shifted to each of these 1,089 positions. We first 
acquired only widefield images, taking five frames at each of these positions 
(the first two were ignored because of motion blur), in a total acquisition time 
of 12 minutes. Then, the laser power was raised to bleach out preactivated 
molecules and k =1,000 frames of single-molecule images were acquired at 
each of the 1,089 positions, in a total acquisition time of 3 hours and 8 minutes. 
Raw image frames were written directly to a remote storage server via Samba 
networking protocol.

Localization microscopy image analysis. The input to ANNA-PALM 
reconstruction is a localization image, defined as a 2D histogram of n single- 
molecule positions (xi, yi)i = 1..n. The histogram bin, that is, the pixel size 
of the localization image, was set to 7.8 nm for the simulated data (Fig. 2  
and Supplementary Figs. 1–6,15) and 20 nm for the experimental data 
(Figs. 3–6 and Supplementary Figs. 7–14). The positions (xi, yi)i = 1..n 
were obtained by analyzing sequences of diffraction-limited frames using 
standard single-molecule localization algorithms. For experimental micro-
tubule images, we used the ThunderSTORM62 plugin of ImageJ, applying 
wavelet filters for detection and weighted least squares Gaussian fitting for 
precise estimation of subpixelic positions. We used the cross-correlation 
feature in ThunderSTORM for drift correction, and filtered out the least 
certain localizations based on the fitted Gaussian’s standard deviation and 
the χ2 of the residual. Localizations in consecutive frames separated by 
less than 20 nm were assumed to originate from the same molecule and 
merged into a single localization. The final number n of localizations was ~7  
million for the full 55 µm x 55 µm FoV of the images shown in Figure 3 
and Supplementary Figures 8 and 9 (obtained from K = 30,000 frames). 
For the high-throughput experiment (Fig. 4 and Supplementary Fig. 12),  
the number of localizations per 55 µm × 55 µm FoV ranged from  
n = 2,949 to n = 1,442,048 with an average <n> = 610,983 and standard  
deviation σ(n) = 273,606. The total number of localizations across all 1,089 
FoVs was ≈665 million. ThunderSTORM analyses were performed either on 
high-end workstations or on Institut Pasteur’s high-performance computer 
(HPC) cluster. For the high-throughput experiments, we used Python scripts 
to run ThunderSTORM in batch mode (without user intervention) on the 
HPC cluster and assembled mosaic images (Fig. 4a,b and Supplementary 
Fig. 12a,b) using a stitching plugin of ImageJ63.

The nuclear pore images were analyzed using the ZEN software from 
Zeiss as previously described35. For the DNA-PAINT experiments, we 
used PALMTT, a modified version of the single-molecule tracking algo-
rithm MTT64, based on Matlab (Mathworks). This algorithm uses Gaussian 
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smoothing and thresholding for detection, and Gaussian fitting for precise 
estimation of subpixelic positions. Drift correction was performed compu-
tationally by tracking fluorescent beads used as fiducial markers.

Quality metrics and sampling resolution. In order to quantitatively 
assess the quality of PALM images and ANNA-PALM reconstructions, we  
calculated the multiscale structural similarity index (MS-SSIM) between 
either image and the ground truth (Fig. 2g and Supplementary Figs. 5,9).  
For the simulated data, the ground truth was simply defined as the  
“perfect” PALM image, corresponding to an infinite number of localizations  
(see ‘Image simulations’ above, Fig. 2e and Supplementary Fig. 1c). 
For the experimental data, the ground truth was defined as the ANNA-
PALM reconstruction of a dense PALM image obtained from all available  
frames (e.g., Supplementary Fig. 9c). Before calculation of the MS-
SSIM, all simulated images were linearly normalized without clipping to a  
maximum value of 255.

In order to evaluate the effect of sampling on the resolution of PALM 
images, we computed the double mean distance, RNyq = 2<d> between near-
est neighbors in the underlying sets of localizations48 as a function of locali-
zation number (Supplementary Fig. 3d). For the simulated sparse PALM 
data, sets of localizations were obtained by interpreting each image S as a 
2D histogram of localizations, and creating a random subpixelic position  
(xk, yk)k = 1..m within each pixel (i,j), as many times as given by the pixel value 
m = S (i, j) (therefore resulting in a set of n S i ji j= ∑ ( ), ,  localizations). The 
quantity RNyq (n) = 2<d(n)> decreases towards zero with increasing number 
of localizations, n. A Nyquist criterion introduced in ref. 48 suggests that the 
resolution is limited by sampling to no less than RNyq, implying that at least 
n N R R≥ = ( )−

Nyq Nyq
1  localizations are needed to achieve a given resolution 

R. However, a more stringent and realistic criterion3 prescribes a fivefold larger 
number of localizations to reach resolution R: n ≥ N5×Nyq = 5 × NNyq, implying 
that the sampling limit to resolution is R5×Nyq = 2<d(n/5)>. Accordingly, if this 
condition is met, the resolution is no longer limited by sampling, but only by 
the localization precision, Rloc ≈ 2.3σloc, where σloc is the standard deviation 
of localization errors along each coordinate. In general, the resolution of a 
PALM image, as limited by both sampling and localization precision, can be 
written: R R R d n= ( ) = ( )×max maxNyq loc loc5 2 5 2 3, ( / ) , .< > s .

Life Sciences Reporting Summary. Further information is available in the 
Life Sciences Reporting Summary.

Code availability. The source code of ANNA-PALM is available from  
https://annapalm.pasteur.fr/.

Data availability. The localization data used in this paper can be downloaded 
directly from https://annapalm.pasteur.fr/.
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For further information on the points included in this form, see Reporting Life Sciences Research. For further information on Nature Research 
policies, including our data availability policy, see Authors & Referees and the Editorial Policy Checklist.

Please do not complete any field with "not applicable" or n/a.  Refer to the help text for what text to use if an item is not relevant to your study. 
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    Experimental design
1.   Sample size

Describe how sample size was determined. the number of samples was chosen such as to provide at least a few super-resolution images 
of good quality

2.   Data exclusions

Describe any data exclusions. super-resolution images of low quality were discarded

3.   Replication

Describe the measures taken to verify the reproducibility 
of the experimental findings.

the same ANNA-PALM algorithm has been applied to 2 types of simulated data(microtubules 
and nuclear pore) and 3 types of distinct real structures(microtubules, nuclear pore 
complexes and mitochondria). We verified the results with many different localization 
numbers or frame numbers, using images from several different regions or fields of view 
(1,089 for the high throughput experiment of Fig 4). Replication experiments are shown in 
Supplementary Figures 4, 8, and 10.

4.   Randomization

Describe how samples/organisms/participants were 
allocated into experimental groups.

not relevant for this study

5.   Blinding

Describe whether the investigators were blinded to 
group allocation during data collection and/or analysis.

not relevant for this study

Note: all in vivo studies must report how sample size was determined and whether blinding and randomization were used.

6.   Statistical parameters 
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the 
Methods section if additional space is needed). 

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)

A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same 
sample was measured repeatedly

A statement indicating how many times each experiment was replicated

The statistical test(s) used and whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of any assumptions or corrections, such as an adjustment for multiple comparisons

Test values indicating whether an effect is present 
Provide confidence intervals or give results of significance tests (e.g. P values) as exact values whenever appropriate and with effect sizes noted.

A clear description of statistics including central tendency (e.g. median, mean) and variation (e.g. standard deviation, interquartile range)

Clearly defined error bars in all relevant figure captions (with explicit mention of central tendency and variation)

See the web collection on statistics for biologists for further resources and guidance.
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   Software
Policy information about availability of computer code

7. Software

Describe the software used to analyze the data in this 
study. 

Data were analyzed using : Python v3.6 (with numpy v1.12+, scipy v1.0.0), ImageJ v1.49+, 
the ImageJ plugin ThunderSTORM v1.3, and Matlab R2016b (Mathworks). 
Original software developed for ANNA-PALM are described in detail in the manuscript and 
the Online Methods section and are made available as zipped archive and via a dedicated 
web interface (see "Code accessibility" statement in the Online Methods section).

For manuscripts utilizing custom algorithms or software that are central to the paper but not yet described in the published literature, software must be made 
available to editors and reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). Nature Methods guidance for 
providing algorithms and software for publication provides further information on this topic.

   Materials and reagents
Policy information about availability of materials

8.   Materials availability

Indicate whether there are restrictions on availability of 
unique materials or if these materials are only available 
for distribution by a third party.

All unique materials are readily available from the authors or from commercial providers

9.   Antibodies

Describe the antibodies used and how they were validated 
for use in the system under study (i.e. assay and species).

For PALM/STORM imaging of microtubules, we used primary rat antibodies against alpha-
tubulin (Bio-Rad MCA77G, batch number 160) at dilution 1:500 and anti-rat secondary 
antibodies conjugated to Alexa-647 (Jackson ImmunoResearch Laboratories, ref. 
712-605-153, lot number: 127046) at dilution 1:500. These antibodies have been validated by 
Western blotting and previous microscopy studies on U373 cells (e.g. Camand et al. J Cell Sci 
2012; PMID: 22275437). 
 
For DNA-PAINT imaging of microtubules, we used primary mouse antibodies against alpha-
tubulin from Sigma (reference T5168-.2ML, lot number 086M4773V) at a 1:500 dilution and 
secondary anti-mouse-D1 oligo-conjugated antibodies from Ultivue Kit 2 for DNA-PAINT (lot 
number 200462) at a dilution 1:100. 
 
For imaging mitochondria, we used used primary mouse antibodies against the mitochondrial 
import receptor Tom22 (Sigma,  ref. T6319, clone 1C9-2) at dilution 1:500 and secondary 
anti-mouse antibodies conjugated to Alexa-647 (Jackson Immunoresearch, code number 715 
605 151, lot number 127051) at dilution 1:500. The antibody has been validated by the 
supplier with Western blotting and ICC/IF as stated on the supplier's webpage.

10. Eukaryotic cell lines
a.  State the source of each eukaryotic cell line used. For microtubule imaging, we used U-373 MG (Uppsala) cells provided by C. Leduc and S. 

Etienne-Manneville (Institut Pasteur, Paris). 
 
For nuclear pore imaging, we used data from Xenopus oocytes provided by O. Faklaris 
(Institut Jacques Monod, Paris). 
 
For mitochondria imaging, we used COS7 cells from ATCC (https://www.lgcstandards-
atcc.org/Products/All/CRL-1651?geo_country=fr)

b.  Describe the method of cell line authentication used. U-373 MG (Uppsala) cells and COS7 cells were authenticated by ATCC. 
 

c.  Report whether the cell lines were tested for 
mycoplasma contamination.

Cell lines were not tested for mycoplasma contamination as this was not deemed necessary 
for the purpose of this study.

d.  If any of the cell lines used are listed in the database 
of commonly misidentified cell lines maintained by 
ICLAC, provide a scientific rationale for their use.

No commonly misidentified cell lines were used in this study

    Animals and human research participants
Policy information about studies involving animals; when reporting animal research, follow the ARRIVE guidelines

11. Description of research animals
Provide all relevant details on animals and/or 
animal-derived materials used in the study.

no animals were used in this study
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Policy information about studies involving human research participants

12. Description of human research participants
Describe the covariate-relevant population 
characteristics of the human research participants.

this study did not involve human research participants
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