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Abstract
Single molecule localisation microscopy (SMLM) can provide two-dimensional
super-resolved image data from conventional fluorescence microscopes, while
three dimensional (3D) SMLM usually involves a modification of the micro-
scope, for example, to engineer a predictable axial variation in the point spread
function. Here we demonstrate a 3D SMLM approach (we call ‘easyZloc’) util-
ising a lightweight Convolutional Neural Network that is generally applicable,
including with ‘standard’ (unmodified) fluorescence microscopes, and which
we consider may be practically useful in a high throughput SMLM workflow.
We demonstrate the reconstruction of nuclear pore complexes with compara-
ble performance to previously reported methods but with a significant reduction
in computational power and execution time. 3D reconstructions of the nuclear
envelope and an actin sample over a larger axial range are also shown.
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1 INTRODUCTION

Single Molecule Localisation Microscopy (SMLM) is used
to describe a range of imaging techniques to achieve spa-
tial resolution beyond the diffraction-limit in fluorescence
microscopes.1–3 These techniques enable super-resolved
imaging of fluorescently labelled nanoscale structureswith
transverse spatial resolution approaching that of electron
microscopy. This is achieved by acquiring a sequence of
images in which only a sparse subset of fluorophores emit
light during each camera acquisition, such that their point
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spread functions can be distinguished. Thus, the location
of each fluorophore in the image plane can be deter-
mined, for example, by centroiding the discrete images
of individual emitters, to achieve an enhanced precision
that depends on the number of photons detected. The
most commonly used SMLM techniques include Photo
Activated Localisation Microscopy (PALM),4 Stochastic
Optical Reconstruction Microscopy (STORM)5 – particu-
larly implementations based on direct photoswitching of
conventional fluorophores such as dSTORM6 and GSD-
IM7 – and techniques based on transient binding of
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diffusing fluorophores such as Points Accumulation for
Imaging in Nanoscale Topography (PAINT)8 and DNA-
PAINT.9 In general, SMLM techniques are relatively
straightforward to implement on existing epifluorescence
microscopes;10–12 we and others have demonstrated low-
cost SMLM instruments using multimode diode laser
excitation with inexpensive CMOS cameras that can help
widen access to super-resolved microscopy.
It is also possible to localise sparse emitters in the axial

(Z) direction to realise 3D SMLM by analysing the shape
of the image of each emitter where the PSF varies with
Z. This is most frequently realised in microscopes that
have been modified to exhibit significant astigmatism, for
example, through the insertion of a cylindrical lens in
the imaging path,13 as previously used to axially localise
quantum dots.14 Alternatively, the microscope PSF can
be explicitly engineered, for example, using wavefront-
shaping techniques, to provide an extended axial range of
Z localisation. The first implementation of this wavefront-
shaping approach was the double helix PSF,15 and this has
subsequently been extended to further engineered PSF.16 A
third approach involves imaging the sparse emitters at two
or more different focal planes,17 and comparing the multi-
ple PSFs corresponding to each detected emitter. These and
other 3D SMLM techniques entail modification of the flu-
orescence microscope with varying degrees of complexity
and cost; the simplest approach using cylindrical lens-
induced astigmatism provides high axial precision but is
limited to a relatively small (∼500 nm) range.
To further widen access to SMLM and other microscopy

techniques, we are developing a cost-effective open-source
microscope platform that utilises a modular microscope
stand (‘openFrame’)18 to implement our low cost ‘easyS-
TORM’ approach10 to SMLM, and we are working towards
a practical open-source cost-effective platform for auto-
mated SMLM of samples arrayed in multiwell plates.10,18
As part of our efforts to minimise cost, while maximis-
ing access and flexibility in these instruments, we explore
utilising machine learning to determine the Z-localisation
of emitting fluorophores with no modification of the fluo-
rescence microscope, that is, directly from the image data
acquired for 2D SMLM exploiting only the microscope’s
intrinsic aberration. Our approach is to obtain ‘ground
truth’ training data by acquiring calibration Z-stacks of
images of subresolution fluorescent beads in order to map
the axial and lateral variation of the microscope’s intrinsic
PSF across its field of view. This approach, which we term
easyZloc, makes no assumptions about the instrument and
can, in principle, be applied to any microscope config-
uration, that is, any combination of microscope optics
and camera, as long as a ‘calibration’ Z-stack of subres-
olution fluorescent beads is acquired before an imaging
session.

We note that Z-localisation using the microscope’s
intrinsic axial variation of experimental PSF has previ-
ously been explored using an analytic model-based fitting
approach with 2D SMLM data,19,20 and that several groups
have utilised deep learning for 3D SMLM using astig-
matic or engineered PSF.21–24 Most of this prior work uses
convolutional neural networks (CNN) to determine the
localisation of each emitter in three dimensions and typ-
ically requires significant computational resources, often
limiting them to relatively small fields of view or requiring
significant computation times that would not be practical
for some applications, particularly automated multiwell
plate SMLM where we aim to acquire and process SMLM
data from hundreds of large (>100 μm) fields of view
(FOV).
Prior work based on phase-retrieval methods leverage

Zernike polynomials to model the microscope PSF, for
example, fitting a model to a calibration image of fluores-
cent beads25 and generating simulated noise-free samples
to fit a Maximum Likelihood Estimate (MLE) of the local-
isation’s depth. In-situ PSF Retrieval (INSPR)23 extended
this approach by constructing the Zernike model directly
from experimental data while iteratively localising the
dataset. These methods assume a uniform PSF model
across the FOV of the microscope and were demonstrated
with microscopes engineered to present PSFs with sig-
nificant axial variation. An alternative paradigm for 3D
localisation methodologies relies on empirical models of
the PSF that are not constrained by an underlying Zernike
polynomial. For example, the use of a 3D cubic spline and
MLE to model a PSF was demonstrated on SMLM data
frommicroscopes with astigmatic and saddle point PSFs.26
This approach yielded an improved localisation accuracy
compared to earlier Gaussian based models and should
be applicable with any experimental PSF as no assump-
tions are made concerning a theoretical model of the PSF.
This approach was further refined into a GPU-accelerated
implementation of many different PSF modalities.19 How-
ever, these approaches also assume a constant PSF across
the FOV and could potentially be compromised in micro-
scopes with a significant lateral variation of the PSF
aberrations across the FOV, for example, due to spherical
or other aberrations.
Further approaches such as DeepLoc,27 Deep

STORM3D28 and DECODE22 have also leveraged deep
learning for whole image localisation, for example using
cubic spline models of an experimental PSF to generate
simulated training data.22 To date, these methods have
modelled laterally invariant PSFs,27 relatively complex
(and expensive to implement) tetrapod PSFs28 or highly
astigmatic/double-helix PSFs.22 To the best of our knowl-
edge only one deep learning-basedmethod, FD-DeepLoc,21
has accounted for lateral variations in PSF aberrations,
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F IGURE 1 Application of easyZloc on experimental data.

implementing a vectorial Zernike model fitted to exper-
imental PSF data, but this was demonstrated on optical
systemswith a strong astigmatism induced by a cylindrical
lens or a tetrapod PSF.
Our approach is to realise 3D SMLM with minimal per-

turbations to themicroscope hardware, leveraging existing
SMLM workflows and minimal computational require-
ments. We approach this by using established (2D) SMLM
workflows such as ThunderSTORM29 or PICASSO30 for
transverse localisation of the emitters and then deter-
mining their axial localisation using a rapid CNN-based
approach, as illustrated in Figure 1. To the best of
our knowledge, this is the first attempt to determine
Z-localisation on a ‘standard’ fluorescence microscope
(i.e. with no engineered astigmatism) using deep learn-
ing trained with experimental SMLM calibration data
acquired on the same instrument. It should be applica-
ble with a wide range of experimental PSF and does not
require a theoretical basis for the PSF, for example, from
fitting to cubic splines or a Zernike-based PSF model.
We leverage the robustness of MobileNet v331 to map

the experimental 3D spatially varying PSF, including any
optical aberrations, directly from a calibration image of flu-
orescent subresolution (TetraSpeck) beads (Section 2.2 and
Section 2.4). MobileNet v3 was selected as it is the latest
version of a computationally efficient high performance
convolutional neural network. Lateral single molecule
localisation is first undertaken using a separate software
package (PICASSO)30 to transform the acquired SMLM
data into a 2D localisation table and a set of extracted
2D images of localisations. These are then localised in Z
using our trained model. We demonstrate this approach
can provide a relatively fast and robust solution to achieve
3D localisation in almost any SMLM microscope, with-
out modification to engineer the PSF and with modest
computational requirements. When imaging fluorescently
labelled nuclear pore proteins (using easySTORM on a
standard epifluorescence microscope with HiLo illumina-
tion), we were able to resolve structures axially separated
by ∼50 nm. In a first attempt to benchmark our approach,
we also applied FD-DeepLoc and DECODE to the same
SMLM data – albeit noting that these software tools
were developed and evaluated using microscopes exhibit-

ing significant astigmatism from engineered PSF – and
found that ourMobileNet v3-based easyZloc approach pro-
vided at least comparable reconstructions of a (minimally
astigmatic) nuclear pore SMLM data set, while requiring
significantly less computational time.

2 METHODS

2.1 Single molecule localisation
microscope

Acommercial epifluorescencemicroscope frame (Axiovert
200, Zeiss) was used to acquire the easySTORM SMLM
data presented in this paper. As outlined in Ref. (10), this
instrument utilises a vibrating multimode optical fibre
to deliver excitation light from multimode laser diodes
within a commercial multiline laserbank (Multiline laser-
bank, Cairn Research Ltd). Using Köhler illumination,
this provides uniform illumination over a large (>120 μm
diameter) FOV for easySTORM.10 Sample excitation could
be switched between HiLo32 and epi-illumination using
an excitation coupling unit positioned in the back port of
the commercial frame (OptoTIRF; Cairn Research Ltd). A
custom-built hardware-based optical autofocus module18
was used to maintain focus throughout the SMLM acqui-
sitions. For the data presented in this paper, an sCMOS
camera (Photometrics Prime 95B) was used to acquire both
the training calibration data and the fluorescent SMLM
data. This microscope was fitted with a piezoelectric Z-
stage (NanoScan NZ100, Prior) and a motorised XY stage
(MS-2000, Applied Scientific Instruments) to control axial
and lateral movement. The hardware was all controlled
using μManager 2.0.33

2.2 Calibration sample preparation and
imaging

Bead samples to acquire the calibration training data
were prepared as follows: diluted 1:107 per millilitre
fluorescent polystyrene beads with a diameter of 20
nm, excitation/emission: 625/645 nm (F8782-Invitrogen
FluoSpheres𝑇𝑀 Carboxylate-ModifiedMicrospheres) were
attached to a glass 8-well chamber slide 1.5H (80827 μ-
slide8 Ibidi, GmbH) functionalised with poly-L-lysine 0.1%
(P8920 SigmaAldrich) and imaged in 0.4mL/well oxyrase-
based STORM buffer (phosphate buffer saline, 50 mM
mercaptamine, 10 mM D-lactate and 10 μL of a debris free
SAE0010-5ml EC-Oxyrase Sigma).
These beadswere imaged using a 100× 1.46 NA objective

(𝛼 Plan-Apochromat 100×/1.46 NA Oil, Zeiss) and the
Photometrics Prime 95B camera captured a FOV of 120
μm × 120 μm. Image Z-stacks were acquired over a range
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of –3 μm to +3 μm in 10 nm steps for 10 different FOVs
of fluorescent beads such that in total approximately 1000
beads were imaged. The motorised XY stage was used to
move laterally between different FOVs.
The training calibration data was acquired using a range

of camera exposure times for the 10 different stacks, vary-
ing between either 300 ms, 500 ms or 1000 ms. The power
at the sample was varied between settings of either 450
μW, 1.3 mW, and 2 mW. These low excitation powers
were chosen as to minimise bleaching of the fluorescent
beads during the acquisitions. The sample was excited at a
wavelength of 635 nm.

2.3 Calibration data preprocessing

Starting from a full-FOV bead image stack, the most in-
focus image framewas identified using themaximumpixel
intensity as a function of axial displacement (Z). Individual
beads were localised in this image using PICASSO,30 and
3D image stacks for each bead were retrieved across the
full FOV Z-stack. Similar sets of bead ROI Z-stacks from
all full FOV image Z-stacks recorded were concatenated to
produce a single training dataset.
Beadswere excluded from the set of training data for any

of the following issues: co-localisation with other beads
within the cropped 15×15 pixel frame; poor signal-to-noise
ratio (SNR, calculated as the ratio ofmaximumpixel inten-
sity to mean pixel intensity for the bead’s image stack – a
minimum value of 2 was used); or excessive noise in the
Z or X/Y axes (measured by fitting a 1D or 2D skew Gaus-
sian to the bead ROI Z-stacks in Z or X/Y respectively). The
minimum SNR threshold and maximum noise thresholds
were chosen through repeated training and evaluation of
the model on test beads. Further tuning of the parameters
was then informed by the reconstruction quality of nuclear
pore samples.
The assignment ofmodelled Z-positions for each bead in

the training data was key to removing bias from the final
model, as two closely neighbouring beads with a similar
PSF but different Z offsets could cause the model to learn
an average of the two Z positions. The relative offset (𝛿𝑍)
of each bead in a FOV was calculated by finding the pixel-
wise shift in Z whichminimises amean squared difference
of pixel intensity values between any bead and a reference
bead (chosen as the bead closest to the centre of the FOV).
The overall 𝑍 = 0 defocus was selected using the frame in
the reference bead stack with the largest image sharpness
metric, and the relative 𝛿𝑍 position of all other frames was
calculated using the Z-step size of the acquired image stack
(10 nm in this dataset).
The training dataset was formed of the 2D image, X/Y

position, and Z position of each bead. Datapoints out-

F IGURE 2 Model architecture including MobileNet V3
(small).31

side of the desired Z-range (±1 μm in our study) were
removed from the dataset; this range can be modified
to approximately match the microscope’s axial resolu-
tion (e.g. axial width of PSF). Beads were divided into
training/validation/test sets and the training images were
augmented to triple the number of training datapoints
by adding Gaussian noise (𝜇 = 0, 𝜎 = 0.005), randomly
adjusting the brightness of the image (using a Keras Ran-
domBrightness layer with a factor of 0.07534) and adding
Poisson noise (𝜆 = 226). These parameters were found
using the hyperparameter discussed in Section 2.4. Images
of PSFs were resized to 64 × 64 pixels to allow the use of
pretrained weights (see Section 2.4). Pixel intensities were
rescaled to a range of [0, 1] by dividing by the maximum
possible pixel intensity. X/Y coordinates were rescaled to a
range of [–1, 1].

2.4 Model architecture and training

The CNN model’s architecture (see Figure 2) was built
around aMobileNet V3, which is a recent version of an effi-
cient and fast CNN.31 Pretrained ImageNet-21k35 weights
were used to accelerate the training process. Future mod-
els could be trained from the weights shared in this paper
to further reduce training time.
Images of localisations were passed into the MobileNet

V3 for feature extraction. X/Y coordinates were passed
through two dense layers. Both input branches of the
model were visible in Figure 2. The concatenated embed-
ding of the image and coordinate branches of the network
was then passed through a series of dropout and dense
layers to output the predicted Z position.
The model was compiled with an AdamW optimiser36

and a mean squared error loss. Hyperparameter optimi-
sation from a Bayesian-guided search (as implemented in
Ref. 37) yielded specific augmentation parameters, dense
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layer sizes, learning rates and batch sizes. Trained models
and associated training parameters are included in the
Supporting Information. Callbacks were used to regularise
the training; learning rate reduction was applied if the
training loss stagnates, and an early stopping mechanism
halts the training if the validation loss ceases to decrease.
The model was trained on an Ubuntu desktop equipped

with an Intel Core i7-10700K CPU, a single NVIDIA RTX
3090 24GB graphic card and 128 GB of RAM, although
this far exceeds the computational requirements of the
small network size (3.4M parameters). Training our final
model took approximately 1.5 h, which was significantly
faster than for comparablemethodologies trained from the
same set of bead stacks (6 h for DECODE on the machine
listed above, 14 h for FD-DeepLoc on a Windows machine
with an AMD Ryzen Threadripper 3960X 24-Core 3.79
GHz Processor, 64.0 GB of RAM and a single NVIDIA
RTX 3080 24GB graphic card). Note that while DECODE
was trained on the samemachine as easyZloc, FD-DeepLoc
includes some Windows dependencies and was there-
fore trained on the aforementioned Windows machine of
comparable hardware specifications. We consider that the
difference between the computational hardwarewould not
significantly impact the overall difference in training time.

2.5 Sample preparation and imaging

The NUP96p proteins of the nuclear pore structure have
become an elegant de facto biological standard sam-
ple for demonstrating the capabilities of super-resolved
microscopes.38 Figure S1 shows a schematic of the arrange-
ment of these nuclear poreNUP96pproteins in twoparallel
octagonal rings of 8 clusters of NUP96p proteins where
the rings are separated by 46 nm. More information con-
cerning the nuclear pore structure, including electron
microscopy images can be found in Ref. (38). To explore
performance of easyZloc in comparison with DECODE
and FD-DeepLoc, SNAPtag-labelled NUP96 nuclear pore
proteins in the U-2OS-CRISPR-NUP96-SNAP cell line
clone38 (CLS Cell lines Services GmbH) that we have
labelled with BG-iFluor64718 were imaged using easyS-
TORM implemented on the Axiovert 200 microscope
described above. The preparation and imaging followed
the protocols shared previously.10 Briefly, cells were fix-
ated for 1 min with paraformaldehyde 2.4% in TRB
buffer (20 μM HEPES, 1 mM EGTA, 10 mM potassium
acetate, 10 mM sucrose), washed twice for 5 min each in
paraformaldehyde-free-TRB-buffer, PFH quenched 5 min
in freshly made 100 mM ammonium chloride in phos-
phate buffer saline (PBS), washed 3× in PBS, blocked for
10 min with Blocking buffer (3% bovine serum albumin
in PBS, 1 μM dithiothreitol), stained overnight with 1 μM
SNAPtag in blocking buffer, and washed 3 times prior to

imaging in oxyrase buffer. The sample was incubated for
5 min with 1:1000 TetraSpeck beads in PBS followed by
3 washes with PBS to removed unbound beads to mark
fiduciary markers. These SNAPtag-labelled nuclear pore
samples were imaged on the Axiovert 200 Zeiss micro-
scope and excited at 635 nm, using HiLo illumination32 for
the SMLM acquisition. A power density of 1 kW/cm2 at
the sample plane was used during the acquisition. 20,000
frames were acquired with a camera exposure of 30 ms.
Figure S1 presents a range of SMLM reconstructions of
nuclear pore structures.
Actin filaments stained with Phalloidin-Atto647N

(Sigma Aldrich catalogue 65906) in U2OS cells (Osteosar-
come cell line) were also imaged using the same
easySTORM microscope. Sample preparation followed
the following protocols: osteosarcome U2OS cells were
cultured for 48 h in a glass 8-well chamber slide 1.5H
(80827 μ-slide8 Ibidi, GmbH). The cells were fixated
in 4% paraformaldehyde in PBS (phosphate buffer
saline) for 10 min, permeabilised by incubation for 10
min in triton X-100 at 0.05% in PBS (permeabilisation
solution) and blocked by incubation for 10 min in PBS
supplemented with 0.05% triton X-100 and 1% albumin
(blocking solution). The actin filaments were stained with
Phalloidin-Atto647N (Sigma Aldrich catalogue 65906)
using a 1:1000 dilution in the blocking solution for 1 h
at room temperature. The cells were then washed three
times for 5 min in permeabilisation solution. To provide
fiduciary markers for lateral drift correction in postpro-
cessing, the cells were incubated for 5 min with 1:1000
TetraSpeck beads in PBS, followed by 3 washes with PBS to
removed unbound beads. This actin-labelled sample was
imaged using epi-illumination on the Axiovert 200 Zeiss
microscope, using the same objective lens and camera
as for the calibration bead stacks (see Section 2.3). The
widefield image was recorded using excitation at 635 nm
with a power density at the sample of 0.031 kW/cm2. For
easySTORM, the cells were imaged in 0.4 mL of a STORM
oxyrase/mercaptamine buffer. Initially they were illumi-
nated by a combination of two excitation wavelengths for
10 s (635 nm at 1.08 kW/cm2 and 462 nm at 1.82 kW/cm2)
to excite fluorophores into the dark state and induce
blinking. The easySTORM dataset was then acquired
using a continuous excitation power density at the sample
of 0.0837 kW/cm2. 50,000 frames were acquired with 30
ms exposure time.

2.6 Reconstruction of 3D SMLM
nuclear pore data

PICASSO30 was used for lateral single molecule localisa-
tion (X-Y) and lateral drift correction was applied using
PICASSO via fiduciary markers (0.1 μM T7279 TetraSpeck
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F IGURE 3 Performance of easyZloc on test beads. Top: each plot (1–4) was produced from a bead within the Z stack of the training data.
The position in Z of each slice in the Z stack was estimated from the peak illumination of the stack and the Z-step of the microscope system
(10 nm). The model estimates positions for each slice of the Z stack, and we see a linear correlation (orange line) with the stage movement of
the microscope. The model achieves a root mean squared error of 40.93 nm, 39.46 nm, 36.36 nm and 55.35 nm respectively on these relatively
noise-free beads. Bottom: orange dots (1–4) show the position of test beads in the FOV, demonstrating the model has learned to map laterally
varying aberrations.

Microspheres, Life Technologies). Pixel intensities were
rescaled to a range of 0 to 1 by dividing by the maxi-
mum pixel intensity (65535, the maximum unsigned 16-bit
integer), and X/Y coordinates were rescaled to a range
of –1 to 1 in accordance with the FOV of the training
data. The preprocessed data was then localised in Z using
our trained CNN model to produce a set of 3D localisa-
tions. Drift correction in Zwas implemented by calculating
the mean Z localisation of 500 sequential image frames
and fitting a smoothed cubic spline to the mean Z posi-
tion for all localisations in the frame. The Z positions
for localisations in each frame were then corrected by
subtracting any offset relative to the mean Z localisation
over time.
Nuclear pores were picked in X/Y using PICASSO’s

Render GUI and analysed individually. Each group of
localisations was modelled using a kernel density esti-
mation (KDE) with a bandwidth of 15 nm, selected to
image structures on a scale of 50 nm (as expected for the

Nup96 protein rings) without overfitting to noise. KDEs
smooth the data to minimise the impact of noise and high-
light the underlying spatial structure of data. A KDE was
applied by evaluating a Gaussian kernel over the range
of Z values of localisations in each nuclear pore. In order
to quantify the success at resolving nuclear pore struc-
ture, the reconstructed data was automatically scanned to
identify reconstructed features (i.e., peaks observed with
an applied Gaussian KDE, bandwidth = 15 nm, min peak
prominence of 0.0001 localisations/nm2) that could cor-
respond to a nuclear pore’s two layers of labelled Nup96
proteins. A nuclear pore was considered to be ‘success-
fully’ imaged if the two more prominent peaks are axially
separated by 40 to 60 nm, following the criteria in Ref.
(21). The visual contrast of the reconstructed image of the
nuclear pore layers was enhanced by applying a minimum
threshold for the spatial density. This threshold was cal-
culated as the mean of the mean peak height and the
local minima.
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F IGURE 4 Reconstructions of Nup96 proteins in a nuclear pore imaged with a 100× 1.46NA objective lens and analysed using easyZloc,
DECODE and FD-DeepLoc. Rendered X/Z images are thresholded by a minimum spatial density to increase the visual contrast of the image,
as indicated by the dotted line of each histogram. The threshold density is set automatically following the procedure detailed in Section 2.6.
The X/Y view was not thresholded has the contrast was already sufficient to identify the NPC structure. Additional comparative examples of
nuclear pore reconstructions can be found in Figure S2, where three ‘successful’ reconstructions of nuclear pores for each methodology are
displayed with the corresponding reconstruction of the same data using the other methodologies. Also provided in the Supplementary
Information is a video similarly presenting all the nuclear pores that were ‘successfully’ reconstructed by at least one methodology.

3 RESULTS

easyZloc was trained on a bead dataset obtained using the
methodology in Section 2.2. The model was evaluated on
bead data withheld from the calibration data. Figure 3
illustrates how the easyZloc model correctly learned to

map field dependent aberrations to the Z position of the
bead. The resulting Z localisation accuracy is comparable
to those reported by alternativemethodologies on the same
calibration dataset (root mean squared error of Z locali-
sation, easyZloc: 120 nm, DECODE: 148 nm, FD-DeepLoc:
156 nm).
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The values forDECODE and FD-DeepLocwere automat-
ically generated by the respective methodology’s model
training software. We note, however, the different train-
ing and test data for each methodology. easyZloc directly
utilised empirical image Z-stack image data of 20 nm
Polystyrene bead (F8782-Invitrogen FluoSpheres) fluo-
rescent beads, whereas DECODE and FD-DeepLoc were
applied using a physical model of the PSF constructed
from these 20 nm bead image data that was then used
to simulate images of the PSF which were then used
for training.
We note that while DECODE and FD-DeepLoc can

function with any modellable PSF modality, they were
designed for and demonstrated on microscopes with addi-
tional induced astigmatism. The optical systemused in our
implementation is a more challenging case for Z locali-
sation due to less pronounced changes in the PSF over
Z; DECODE and FD-DeepLoc may therefore provide a
lower axial resolution than they would if applied with an
engineered PSF.
The trained models were then applied to easySTORM

SMLM data of Nup96 nuclear pore proteins in the U-2OS-
CRISPR-NUP96-SNAP cell line clone38 (CLSCell lines Ser-
vices GmbH) that we have labelled with BG-iFluor647.18
While DECODE and FD-DeepLoc directly yield 3D local-
isation tables from the SMLM data, with our approach
the SMLM data was first analysed using PICASSO30 to
obtain the 2D localisation table, and then Z localisation
was undertaken using easyZloc.
Nuclear pore complexeswere extracted from reconstruc-

tions of the dataset by each method to explore the relative
success rates with which Nup96 layers of the nuclear pore
could be distinguished (we used this as an arbitrary def-
inition of a ‘successful’ reconstruction, as discussed in
Section 2.6). Exemplar reconstructed nuclear pore images
are shown in Figure 4, and additional examples can be seen
in Figure S2.
Figure 5 plots the number of ‘successful’ 3D nuclear

pore images reconstructed from the same easySTORM
SMLM data set using easyZloc,DECODE and FD-DeepLoc,
plotted as a function of the KDE smoothing parameter
(see Section 2.6). We note that (MobileNet v3-based) easy-
Zloc performs at least as well for KDE bandwidth values
above 7 and functions up to a KDE bandwidth >20 – at a
significantly lower computational cost (see Section 2.4).
The choice of a KDE bandwidth affects the number of

nuclear pores reconstructed. An excessively large band-
width would blur the data, causing the nuclear pore’s
layers to be indistinguishable, while a small bandwidth
can lead to overfitting of noise. Standard bandwidth tuning
methods, as discussed in Ref. (39), resulted in unresolv-
able reconstructions due to oversmoothing of the data.
We note that KDEs have been utilised in previous work21

F IGURE 5 Comparison of the number of ‘successfully’
resolved nuclear pores for each Z localisation methodology applied
to the same dataset. The criteria to assess nuclear pore
reconstructions are detailed in Section 2.6.

F IGURE 6 3D reconstruction of a cell nucleus imaged with a
1.46 NA objective lens (𝛼 Plan-Apochromat 100×/1.46 NA Oil,
Zeiss), coloured by depth, as produced by easyZloc. Scale bar length
is 1 μm.

although the methodology for selecting the value of the
KDE bandwidth was not discussed.
The depth colour-coded 3D SMLM reconstruction in

Figure 6 illustrates the depth range of easyZloc applied
to the same easySTORM SMLM data (following 2D local-
isation using PICASSO) of Nup96 nuclear pore proteins
within the cellular nuclear envelopes, in a large (>100 μm)
FOV. The data processing for this entire FOV required less
than 10 min of compute on a Linux computer (hardware
details are listed in Section 2.4). The equivalent reconstruc-
tions using DECODE required significantly more compu-
tational time (2.74 h) on the same machine as easyZloc,
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F IGURE 7 3D SMLM reconstruction of actin labelled with Phalloidin-Aexa 647N in osteosarcome U2OS cells imaged with a 1.46 NA
objective lens (𝛼 Plan-Apochromat 100×/1.46 NA Oil, Zeiss) objective lens using easyZloc following 2D localisation using PICASSO. Scale bar
is 1 μm.

while FD-DeepLoc required 0.3 h on a similar machine
using Windows (see hardware details in Section 2.4).
Figure 7 shows a 3D SMLM reconstruction of easyS-

TORM image data (following 2D localisation using
PICASSO) of actin filaments in osteosarcome U2OS cells.
Here easyZloc provides depth information over 2 μm, and
we can see evidence of overlapping tubulin filaments in the
isometric views of the small FOV.

4 DISCUSSION

We have presented a fast and lightweight machine
learning-based methodology for axial localisation of
SMLM data, easyZloc, which can be used in standard epi-
fluorescencemicroscopes without specifically engineering
an axially varying PSF. Requiring only the additional
acquisition of a calibration Z-stack of images of subresolu-
tion fluorescent beads, easyZloc can be implemented with
existing 2D SMLM workflows using established 2D local-
isation software. Since easyZloc performs only a subtask
within the overall SMLM localisation task – sequentially
identifying the defocus of individual localisations from
an extracted FOV centred on that localised emitter –

it is less computationally demanding than 3D localisa-
tion software tools that identify multiple localisations in
their inputs and determine the full 3D localisation of the
SMLM dataset. Furthermore, the use of empirical train-
ing data circumvents the need formathematical modelling
of the PSF, allowing for the deep learning model to read-
ily account for lateral variation in the microscope. Finally,
the use of the latest lightweight deep learning architec-
ture (MobileNet V3 small) means that the methodology
requires comparatively modest computational resources
and a short execution time. We thus believe this approach
has broad potential to widen access to 3D SMLM and may
be useful when scaling to higher throughput in automated
SMLM instruments.
We note that the choice of the core CNN architecture,

MobileNet V3 (small version), was made after consider-
able hyperparameter exploration using the nuclear pore
Nup96 cell line as a test sample. Vision Transformers40
were originally used but suffered from overfitting issues,
while not improving the frequency or clarity of nuclear
pore reconstructions. ResNets41 and VGG42 architectures
presented similar issues. We surmise that these more pow-
erful methodologies may surpass easyZloc in speed and
precision if given a larger quantity or variety of training
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data, and/or when implemented on more powerful deep
learning architectures.
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