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Abstract. Super-resolution optical fluctuation imaging (SOFI) achieves super-resolution (SR) imaging through
simple hardware configurations while maintaining biological compatibility. However, the realization of large
field-of-view (FoV) SOFI imaging remains fundamentally limited by extensive temporal sampling demands.
Although modern SOFI techniques accelerate the acquisition speed, their cumulant operator necessitates
fluorophores with a high duty cycle and a high labeling density to ensure that sufficient blinking events are
acquired, which severely limits the practical implementation. For this, we present a novel framework that
resolves the trade-off in SOFI by enabling millisecond-scale temporal resolution while retaining all the
merits of SOFI. We named the framework the transformer-based reconstruction of ultra-fast SOFI (TRUS),
a novel architecture combining transformer-based neural networks with physics-informed priors in
conventional SOFI frameworks. For biological specimens with diverse fluorophore blinking characteristics,
our method enables reconstruction using only 20 raw frames and the corresponding widefield images,
which achieves a 47-fold reduction in raw frames (compared to the traditional methods that require more
than 1000 frames) and sub-200-nm spatial resolution capability. To demonstrate the high-throughput SR
imaging ability of our method, we perform SOFI imaging on the microtubule within a millimeter-scale FoV
of 1.0mm? with total acquisition time of ~3 min. These characteristics enable TRUS to be a useful high-
throughput SR imaging alternative in challenging imaging conditions.
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activated fluorophores and precisely localizing their centroids® .

While SMLM techniques have provided unprecedented insights
into biomolecular organization, their practical applications are

1. Introduction

Fluorescence microscopy has revolutionized biological imaging

by enabling non-invasive visualization of subcellular structures"-,
yet its spatial resolution is fundamentally constrained by the
diffraction limit (~200 nm). This barrier has been broken by
super-resolution (SR) microscopy, which has undergone rapid
development in recent decades®™. Among these techniques,
single-molecule localization microscopy (SMLM) achieves
nanoscale resolution (<20 nm) by temporally isolating sparsely
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hindered by stringent requirements on the preparation of biologi-
cal samples™ ", such as high photon requirements, certain photo-
switching kinetics, and balanced label density.
Super-resolution optical fluctuation imaging (SOFI) has
emerged as a powerful technique with higher universal appli-
cability and minimalist optical configuration, enabling nano-
scale visualization of biological structures through temporal
higher-order statistical analysis"'™'*. However, conventional
SOFI implementations typically require hundreds to thousands
of frames to achieve reliable SR reconstruction by high-order
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cumulant calculations, imposing fundamental limitations in im-
aging speed'>'%. In the context of accelerated SOFI processing,
Vandenberg et al. utilized the uncertainty quantification mecha-
nism to dynamically adjust virtual pixel weights based on their
intensity variance distributions. The optimization enables a
twofold reduction in fluorescence image acquisition require-
ments"”. Jiang et al. utilized two wavelet-based filters in the
temporal and spatial domains of the raw image stack to improve
the fluctuating signal extraction capability, achieving twofold
spatial resolution enhancement by reconstructing from 25 raw
frames'"®. Recent fast-SOFI approaches, such as SACD, have
attempted to reduce frame counts through a post-deconvolution
step, which has made significant progress in SOFI imaging"?'.
However, the reconstruction performance of these approaches is
limited by the availability of sufficient blinking events.
Consequently, these requirements constrain the duty cycle of
the fluorophore and the label density of the sample for high-
quality reconstruction. The reliance on specific labels such as
quantum dots or photoswitchable fluorescent proteins further
demands significant expertise, sacrificing the initial benefits
of SOFI concerning sample accessibility™**!,

Recent advances in deep learning have significantly acceler-
ated progress in SR fluorescence microscopy. Deep learning ap-
proaches primarily enhance temporal resolution by reducing the
number of raw data frames required for reconstruction, thereby
enabling faster overall acquisition. For instance, structured illu-
mination microscopy (SIM) has utilized neural networks with
non-uniform illumination patterns to achieve high-quality
reconstruction from a few frames™*>*.. Furthermore, deep learn-
ing techniques have been employed to refine results from
SMLM with insufficient data™' or dense emitter®**” acquisi-
tion, accelerating the imaging process while maintaining satis-
factory quality. These applications offer promising alternatives
for achieving fast SOFI. However, current state-of-the-art meth-
ods predominantly rely on conventional convolutional neural
networks (CNNs). These CNN-based networks demonstrate
limitations in accurately completing missing information within
SOFI reconstructions, primarily due to their inherent local
receptive fields imposed by convolutional kernels. This archi-
tectural constraint can lead to a loss of fine features in the re-
constructed images.

To solve the limitation mentioned above, we present a para-
digm-shifting framework that combines deep neural networks
with SOFI fundamentals to enable robust and universal SR im-
aging from ultra-sparse temporal samplings (21 frames).
Drawing inspiration from ANNA-PALM™ and self-supervised
learning-assisted SOFI™*, we develop a hybrid architecture
named transformer-based reconstruction of ultra-fast SOFI
(TRUS) that synergizes physics-based prior knowledge with
data-driven feature learning. The proposed TRUS employs a
dual-path design: 1) A physics-regularized branch that encodes
domain-specific knowledge of SOFI point spread function
(PSF) properties, and 2) a transformer-enhanced convolutional
branch that learns spatial correlations from sparse SOFI imaging
reconstructed from only 20 frames and an additional widefield
image. Through training with SOFI datasets, the network learns
to reconstruct high-fidelity SR images while effectively recov-
ering missing information caused by extreme temporal under-
sampling.

Experimental validation demonstrates unprecedented perfor-
mance, achieving at least 1.28-fold spatial resolution enhance-
ment with a 47x reduction in acquisition frames (21 frames
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versus 1000 frames) compared to conventional second-order
SOFI requirements. Systematic evaluations on simulated data
demonstrated that our framework achieves 0.4-1.5 dB peak
signal-to-noise ratio (PSNR) gain compared to previous fast-
SOFI pipelines. Additionally, the algorithm maintained spa-
tiotemporal resolution enhancement across tested biological
variations with a single training protocol, suggesting possible
structural generalization capabilities that merit further investiga-
tion. Leveraging the enhanced temporal resolution of TRUS, we
achieved high-throughput SR imaging of microtubules, cover-
ing a 1 mm? field-of-view (FoV) in approximately 3 min.
Furthermore, the system demonstrated efficiency in dual-color
imaging, capturing a 0.25 mm? FoV of cytoskeletal architecture
in just 1.5 min. The proposed methodology shows significant
potential for deployment in modern high-throughput biological
experimentation systems.

2. Methods
2.1. Principles of SOFI and System Setup

In conventional imaging approximations, a biological specimen
is typically modeled as a collection of N discrete, independently
fluctuating emitters, spatially localized at positions r;. Each
emitter exhibits time-varying molecular brightness characteris-
tics, with the cumulative fluorescence signal detected at spatial
coordinate r and temporal point ¢ being mathematically ex-
pressed as

N
I(r,0) =) h(r—ry) X (D). (1)
k=1

In this framework, # and s correspond to the microscope’s
PSF and the temporally modulated fluctuation intensity of
blinking emitters, respectively. Building on the foundational
approach of SOFI—a methodology that evaluates pixel-wise
temporal correlation cumulants along the ¢ axis to achieve res-
olution enhancement—specifically, computation of the second-
order temporal cumulant G, under 7 time-lag conditions yields

G,(r,7) = (8I(r,1) - SI(r, t + 7)), 2)
where 61(r, ) is defined as

SI(r,t) = I(r,t) — (I(r,1));. 3)

By substituting Eq. (1) into Eq. (2), we obtain the following
modified expression:

Gy(r.7) = Y h(r—r;) X h(r—ry)
ik

X (6s;(r, 1) - 88, (1, t + 7)), ()]

Under the premise of uncorrelated molecular fluctuations
(i.e., statistically independent temporal variations among indi-
vidual molecules), the cross-correlation components in the
governing equation vanish for all i = k. Consequently, the
second-order temporal cumulant reduces to a linear superposi-
tion of squared PSF terms, each scaled by its respective second-
order temporal cumulant function c;(r). Formally, this yields
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Gy(r.7) = Y _h(r—r)? x (8s;(r. 1) - 85;(r.t + 7)),

= Zh(r— r)? x c;(7). (5)

The effective spatial extent of the reconstructed PSF in this
formulation undergoes a v/2-fold compression through tempo-
ral cumulant analysis [Fig. 1(a)].

The experimental setup schematic is depicted in Fig. 1(b),
featuring a dual-color imaging system employing 488 and
640 nm excitation lasers. These wavelength-specific beams
are combined through a series of optical components for

simultaneous sample excitation. The 488 nm laser beam is first
redirected by a mirror M1 and subsequently combined with the
640 nm beam using a dichroic mirror D1. The co-aligned beams
are then coupled into a single-mode fiber for spatial filtering.

Following fiber output, the combined beam undergoes
expansion and collimation to achieve optical-axis parallelism
before being focused onto the back focal plane of the objective
lens.

The subsequent fluorescence emission is collected by the
same objective and is spectrally separated using a dichroic mir-
ror D3 before detection. An optical component in the system,
dichroic mirror D2, serves two functions: reflecting residual ex-
citation light and efficiently transmitting the fluorescence
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Fig. 1 (a) Schematic showing the principle of super-resolution optical fluctuation imaging. The
image shows an example of two adjacent emitters, which could not be resolved due to the optical
diffraction limit. By computing the autocorrelation (AC) result of intensity for each pixel with time-
lags 7, two fluorophores could be distinguished successfully. (b) The diagram of our experimental
setup: M1-M2, mirrors; D1-D3, dichroic mirrors; L1-L4, lenses; LBC, laser beam coupler; SMF,

single-mode fiber.
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signals. This spectral separation enables simultaneous imaging
through two distinct detection channels, each equipped with
cameras for wavelength-specific signal acquisition.

2.2. Workflow of the TRUS Framework

The temporally sparse SOFI reconstruction challenge essen-
tially constitutes a specialized image completion problem within
the computational imaging paradigm. Drawing inspiration from

the ANNA-PALM framework™', we propose a hypothesis:
Temporally sparse SOFI acquisitions integrated with widefield
intensity measurements contain inherent spatiotemporal correla-
tions that enable robust SR reconstruction via optimized neural
network architectures called TransNet, which combines the trans-
former and CNN. A physics-informed regularization module is
systematically integrated into the network training paradigm to
ensure generalizability. This hybrid architecture synergistically
combines data-driven learning with domain-specific physical

a .
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Fig. 2 Workflow of TRUS framework. (a) Schematic showing the TRUS training procedure. In the
forward propagating process, a sparse SOFI| image (reconstructed from 20 frames) and an addi-
tional widefield image are first fed into the network to generate an initial output image (TRUS), and
then the weights of the network are updated according to the partial derivative of the objective
function, and an iteration is complete. This iteration continues until the minimum value of the ob-
jective functions is obtained. (b) In the inference procedure, the optimal model weights are loaded
into the network in advance. The SOFI image (reconstructed from 20 frames) and corresponding
widefield image are acquired and fed into the network for TRUS reconstruction.
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Fig. 3 Reconstruction comparison of different test targets with the second-order SOFI, SACD, and
TRUS framework. (a) Simulated widefield image and (b) corresponding ground-truth image.
(c) Results reconstructed by second-order SOFI, SACD, and TRUS at 0.5 on-time ratio (defined
as the proportion of time fluorophores remain in the active state). (d) Results reconstructed by
second-order SOFI, SACD, and TRUS at 0.067 on-time ratio (defined as the proportion of time
fluorophores remain in the active state). (e) The values of the structural similarity index measure
(SSIM) and peak signal-to-noise ratio (PSNR) of TRUS (yellow line), SACD (green line), and sec-
ond-order SOFI (purple line) versus on-time ratio.

priors, enabling simultaneous preservation of structural fidelity
and robust spatiotemporal resolution enhancement across hetero-
geneous imaging conditions.

The workflow of the proposed TRUS framework is demon-
strated in Fig. 2. The input of the network is a widefield image
combined with the corresponding sparse SOFI image recon-
structed from 20 frames. The ground-truth image is the conven-
tional second-order SOFI reconstructed from 3000 frames. The
synergistic integration of the widefield with sparse SOFI image
has been demonstrated to achieve superior reconstruction of in-
tricate subcellular features relative to other initializations (de-
tails in the Supplement 1, Note 1). The following network
structure is a typical encoder—decoder architecture with
transformer blocks (described in Sec. 2.3). For high-
fidelity SOFI reconstruction, we developed a dual-domain ob-
jective function that synergistically integrates data-driven
reconstruction fidelity with physical prior regularization, effec-
tively preserving resolution enhancement while maintaining
nanoscale structural accuracy (described in Sec. 2.3).

2.3. Network Architecture Design and Training

Conventional CNNs suffer from locality, spatial-sharing, and
static parameters, which cannot retrieve lost features from
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non-local features™. Compared to CNNs, the transformer

shows its superiority in image restoration tasks because its at-
tention operators are better able to capture long-range depend-
encies through explicit interaction with global features. Inspired
by the shifted window (swin) transformer™, we integrate a
swin-transformer block into the CNN-based encoder—decoder
architecture to further improve the performance of CNN. The
network called TransNet consists of four spatial squeeze blocks
and four spatial excitation blocks connected by two swin-trans-
former blocks (details shown in Fig. S1 in the Supplement 1).

To validate the performance of the network, we conducted a
comprehensive comparison between TransNet and the classical
U-Net architecture using SIM as a reference. The comparison
analysis in Fig. S2 in the Supplement 1 reveals that U-Net re-
constructions exhibited limitations in feature preservation, with
pronounced structural detail loss compared to ground-truth im-
ages. In contrast, TransNet demonstrates superior performance
in maintaining biological ultrastructure fidelity while effectively
suppressing reconstruction artifacts.

In our dataset, the image triplets consist of 1) widefield
microscopy images, 2) corresponding sparse SOFI recon-
structed from 20-frame sequences using bSOFI processing,
and 3) conventional second-order SOFI images reconstructed
from 3000-frame sequences using the same bSOFI algorithm®",
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A total of 20 FoV acquisitions at 512 pixel x515 pixel resolution
are collected. For data augmentation, these image sets undergo
random cropping and rotation operations, generating 600 sub-
image pairs with 128 pixel x 128 pixel dimensions.

The objective function is defined as

arg min{MAE(f ® sofiPSF, y) + aRyessian (/) }, (6)

where f is the output of the network and y represents the ground
truth. The mean absolute error (MAE) is widely used to recon-
struct structure details. The sofiPSF used in Eq. (6) is the equiv-
alent second-order SOFI PSF. The PSF has the same cut-off
frequency f . with the second-order SOFI image calculated from
decorrelation analysis”®”. The resolution calculated based on the
cut-off frequency and the Abbe criterion should be equivalent.
This equivalence can be leveraged to determine the numerical
aperture (NA),

2-pielsize _ 0.51. -
fe NA

The PSF is simulated using the Bessel function of the first
kind. Further narrowing the difference between the convoluted
network output and conventional second-order SOFI imaging
could improve resolution. The Hessian matrix corresponds to
the continuity constraint™ with a scale factor a empirically
set to 0.1.

The Hessian regularization is defined as

Ritessian () = Y _|fux (M + 15 (P + 2 [f (D%, ®)

where |f (), |fyy(r)], and |f,(r)| are defined as the second-
order difference along the x axis, y axis, and x—y axis,
respectively.

Network training is specifically performed on microtubule-
containing samples using a learning rate of 1 x 10~*, with op-
timization continuing for 30,000 minibatch iterations until
model convergence was achieved. Network training and infer-
ence are performed on RTX 2080Ti graphical processing units
(GPUs) from NVIDIA. Once trained, the TransNet takes only
~2 s or less to reconstruct an SR image of 512 pixel x 512 pixel
(corresponding to an entire FoV).

3. Results

3.1. Validating the Performance of TRUS on Simulated
and Experimental Images

As a first demonstration of the TRUS method with robustness,
we simulated wire-like samples labeled by fluorescent dyes with
different on-time ratios (defined as the proportion of time fluo-
rophores remaining in the active state). The simulations were
based on the previously published “SOFI Simulation Tool” soft-
ware package”". Our simulations (details in the Supplement 1,
Note 3) spanned an extensive on-time ratio spectrum from 0.069
to 1.0 to simulate various type of fluorophores, employing a la-
beling density (defined as the number of emitters in a micron
square micron)® of 5/pm? with 663 emitters in 133 pm?, with
the pixel size set to 60 nm with 1.2 NA. As demonstrated in
Fig. 3(c), both second-order SOFI and SACD techniques suc-
cessfully reconstruct the complete nanostructure at an inter-
mediate on-time ratio of 0.5. However, as shown in Fig. 3(d),
their performance significantly deteriorates under suboptimal
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conditions, failing to resolve the full structural details when
the on-time ratio dropped to 0.067. In contrast, TRUS success-
fully recovers the flattened structure in both experimental set-
tings. Quantitative evaluations using the structural similarity
index measure (SSIM) and PSNR reveal distinct performance
trends: conventional second-order SOFI and SACD exhibit
marked degradation in reconstruction quality at both extremes
of the on-time ratio range (0.069-0.2 and 0.8-1). In contrast,
TRUS consistently preserves high reconstruction fidelity across
the full range (SSIM = 0.88, PSNR = 23 dB), directly demon-
strating its robustness to diverse fluorophore blinking behaviors
[Fig. 3(e)]. Furthermore, TRUS outperformed second-order
SOFI across a broad range of label densities (from 89/pm?
to 9/pum?; see details in Fig. S3 in the Supplement 1), indicating
its robustness in biological samples with varied labeling
conditions.

To further validate our approach, we conducted a compara-
tive analysis of SACD, conventional second-order SOFI recon-
structed from 3000 frames, and TRUS against SIM using outer
mitochondrial membrane specimens labeled with Alexa Fluor
647. High-fidelity reference data were acquired through nine-
phase high-fidelity SIM™' (HIFI-SIM) imaging, followed by
647 nm laser excitation at 2 kW /cm? intensity in a conventional
STORM imaging buffer™. This dual-mode acquisition protocol
ensures a direct comparison of SR performance under identical
biological and optical conditions. Figure 4 reveals that cumulant
operator-based fast SOFI methods, such as SACD, fail to recon-
struct the full structure from only 20 frames when benchmarked
against reference standards. Quantitative evaluation using
PSNR and gradient magnitude similarity deviation (GMSD)
metrics®” shows a performance differential: TRUS achieves
the highest PSNR (26.3 dB), comparable to that of fourth-order
SOFI (23.3) and SACD (24.5 dB) reconstructed from 3000
frames. In contrast, SACD reconstructed from only 20 frames
failed to resolve the structure, yielding a significantly lower
PSNR of 19.1 dB. GMSD analysis, which assesses structural
information preservation, indicates that TRUS best maintains
biological feature fidelity, achieving the lowest (best) score
(0.106). We further assessed spatial resolution using Fourier
ring correlation (FRC) and decorrelation analysis on SOFI,
SACD, TRUS, and HIFI-SIM results (see Fig. S4 in the
Supplement 1 for details). The results show that TRUS recon-
structed from 20 frames provides enhanced resolution compared
to second-order SOFI and achieves spatial resolution equivalent
to other methods (SACD, fourth-order SOFI, and HIFI-SIM).

3.2. Quantitative Analysis of TRUS Super-Resolution
Capabilities in Different Structures

To quantitatively characterize the resolution enhancement of
TRUS, we performed Fourier spectral analysis in Fig. S4 in
the Supplement 1 comparing four imaging modalities: widefield
microscopy, second-order SOFI, SIM, and TRUS. Frequency
domain quantification reveals that TRUS preserved the high-
frequency spectral amplitude relative to SIM, while widefield
and SOFI exhibited progressive attenuation. Notably, TRUS
(181 nm) successfully maintains spatial frequencies with the
same capability as SIM (183 nm), while second-order SOFI ex-
hibits reduced spatial resolution (241 nm), highlighting its rel-
ative limitation in this aspect.

Subsequently, we systematically evaluated the superior per-
formance of TRUS through comprehensive analyses employing
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Fig.4 Comparison of (a) SACD reconstructed from 20 frames, (b) SACD reconstructed from 3000
frames, (c) second-order SOFI reconstructed from 3000 frames, (d) fourth-order SOFI recon-
structed from 3000 frames, and (e) TRUS, with (f) HIFI-SIM as a reference. Scale bar: 5 um.

more complex and biologically representative samples, includ-
ing outer mitochondrial membrane (labeled with Alexa Fluor
647, details in the Supplement 1, Note 4), actin filaments (la-
beled with Alexa Fluor 488), and microtubules (labeled with
Alexa Fluor 647) in Figs. 5(a)-5(c). All the biological samples
were excited using 488 or 640 nm lasers with 1-2 kW /cm? il-
lumination intensities in the STORM imaging buffer. The cor-
responding intensity profiles demonstrate that TRUS achieves
sub-200-nm spatial resolution, enabling precise visualization
of subcellular architectures. Comparative analysis indicates that
TRUS significantly enhanced imaging quality compared to con-
ventional second-order SOFI, consistently achieving superior
structural resolution with enhanced detail preservation and con-
tinuity across all experimental conditions. For instance, our
methodology successfully resolves the characteristic hollow
morphology of outer mitochondrial membrane through process-
ing of a limited dataset comprising merely 20 frames and a
corresponding widefield image using the TRUS algorithm
[Fig. 5(a)]. Furthermore, the decorrelation analysis® in
Fig. 5(d) statistically corroborates that TRUS could extend the
spatial resolution of the widefield image twofold across tested
biological variations with a single training protocol.

3.3. Fast Dual-Color and 3D Imaging by TRUS

To experimentally validate the temporal resolution of TRUS, we
imaged two distinct subcellular structures of fixed COS-7 cells.
The outer mitochondrial membrane was labeled with Alexa
Fluor 488, and microtubules were labeled with Alexa Fluor
647 (details in the Supplement 1, Note 4). The fluorophores
were sequentially excited using 488 and 640 nm lasers
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with respective illumination intensities of 1 and 2 kW /cm?.
A series of 20 frames were captured at 20 ms exposure time
per frame, accompanied by a single widefield reference frame
obtained with 50 ms exposure and an extended acquisition of
3000 frames at 20 ms exposure time from the same region
for subsequent second-order SOFI analysis. Based on the con-
ventional second-order SOFI reconstruction (reconstructed from
3000 frames), the observation of the whole structure of the
microtubule and outer mitochondrial membrane is impossible.
While the TRUS results all display sharp and continuous fila-
ments and clearly reveal many structural details of membranes
with 142-fold temporal resolution enhancement (21 frames
against 3000 frames), TRUS provides additional resolution
enhancing performance compared to conventional second-order
SOFI. As shown in Fig. 6(b), with the assistance of the TRUS,
hollow structures are clearly resolved and well maintained,
while second-order SOFI could not provide sub-200-nm details.
Furthermore, we extend the TRUS validation to dual-color spec-
imens comprising immunolabeled actin and microtubule net-
works. Co-localized imaging analysis demonstrates TRUS’s
capability to resolve adjacent actin filaments that remain unre-
solved in second-order SOFI reconstruction, while preserving
structural continuity (Fig. S5 in the Supplement 1).
Additionally, we conducted z-stack acquisition spanning the
entire cytoplasmic volume of COS-7 cells (0-5 pm axial range)
to assess the volumetric imaging capabilities of TRUS. This
evaluation reveals a significant temporal advantage [Fig. 6(d)]:
TRUS completes volumetric acquisition in 2.25 s, whereas sec-
ond-order SOFI required 100 s acquisition time (20 ms/frame
exposure, 1000-frame dataset) for equivalent spatial sampling,
achieving 44-fold acceleration. As demonstrated in Fig. 6(e),
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Fig.5 TRUS framework universally extends the spatial resolution of SIM under different biological
samples. (a)-(c) Representative widefield images and corresponding results reconstructed by
conventional second-order SOFI and TRUS of outer mitochondrial membrane, F-actin, and micro-
tubule samples. Magnified views of the regions marked by the white boxes are shown on the right
side. The line profiles of intensity across the white line are shown. (d) Statistical resolution com-
parisons of second-order SOFI and TRUS in the cases of outer mitochondrial membrane, F-actin,
and microtubule samples. Resolution enhancements were measured by the decorrelation analy-
sis (n = 5, right). Scale bars: 6 pm (left), 1.5 um [right, (a)-(c)].

TRUS achieves faithful reconstruction of continuous cytoskele-
tal filaments while preserving the intrinsic optical sectioning
capability inherited from SOFIL. Compared with the widefield
image, TRUS reveals effective suppression of defocused back-
ground signals. Crucially, TRUS demonstrates superior resolv-
ing power versus conventional second-order SOFI requiring
1000-frame acquisitions (20 ms/frame), successfully distin-
guishing microtubule filament pairs separated by 180 nm,
achieving twofold resolution improvement over the original wi-
defield image (389 nm) defined by the decorrelation analysis.

3.4. TRUS Enables High-Throughput Super-Resolution
Imaging

The remarkable enhancement in temporal resolution provided
by TRUS enables SR imaging capable of capturing a signifi-
cantly greater number of cells and FoVs per unit time. To quan-
titatively demonstrate this capability, we performed multi-region
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imaging in 100 partially overlapping FoVs (partitioned into a
10 x 10 grid with dimensions of 125 pm x 125 pm per
FoV), successfully resolving over 200 cells containing immu-
nolabeled microtubules. Subsequent acquisition of 100 datasets,
each comprising 20 frames (20 ms exposure time) and widefield
images (50 ms exposure time) collected within a 1.8 s interval
per FoV, was completed in a total of ~3 min, with execution
time dominated by mechanical stage stabilization delays. For
comparative analysis, conventional second-order SOFI of equiv-
alent FoVs was performed using extended acquisition parame-
ters (1000 frames per FoV, 20 ms exposure), necessitating
~35 min of total imaging time. Comparative analysis on four
distinct ranges of interest in Fig. 7(b) reveals fundamental
limitations: widefield microscopy inherently lacks the spatial
resolution to resolve subcellular structures, while conventional
second-order SOFI shows discontinuity. In contrast, TRUS
reconstruction consistently yields super-resolved images of
exceptional quality, enabling unambiguous visualization of
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Fig. 6 TRUS application in dual-color imaging and three-dimensional imaging. (a) Representative
widefield images and results reconstructed by second-order SOFI (reconstructed from 3000
frames), sparse SOFI (reconstructed from 20 frames), and TRUS of microtubule (red) labeled with
Alexa Fluor 647 and outer mitochondrial membrane (green fire blue) labeled with Alexa Fluor 488.
(b) Subcellular structures in the regions marked by the white boxes in (a). (c) Intensity profiles
along the corresponding yellow line shown in (b). (d) Color-coded, 3D distributions of microtubule
in COS-7 cells labeled with Alexa Fluor 647 obtained with second-order SOFI (left) and TRUS
(right). (e) Horizontal section views of widefield, sparse SOFI (reconstructed from 20 frames),
second-order SOFI (reconstructed from 1000 frames), and TRUS from (d). (f) Intensity profiles
along the corresponding white line shown in (e). Scale bars: 10 pm in (a), 2 pm in (b), and
6 pm in (c), (d).
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Fig. 7 High-throughput super-resolution (SR) imaging with TRUS. (a) Application of TRUS (with
20 frames and an additional widefield) to high-throughput SR imaging of a 1.0 mm? area.
Microtubules are identified in COS-7 cells labeled with Alexa Fluor 647. (b) Enlarged views of
the white boxed regions in (a) and line profiles of intensity across the white line. (c) Decorrelation
resolution enhancement factor (compared with widefield) maps over the entire FoV of the second-
order SOFI image (top) and TRUS image (bottom). Scale bars: 100 pm in (a) and 5 pm

in (b).

microtubule networks. Quantitative assessment confirms that
spatial resolution achieved the sub-200-nm level after TRUS
reconstruction, with full width at half-maximum measurements
across individual microtubule filaments ranging from 158 to
171 nm (mean &£ s.d. = 165 nm £ 4 nm). To systematically
evaluate the spatial resolution enhancement across the extended
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FoV, we quantitatively compare the spatial resolution improve-
ment factors between SOFI and TRUS methodologies at
each sub-field (n = 100). The quantified enhancement metrics
are subsequently integrated into a composite resolution map
[Fig. 7(c)], revealing that TRUS demonstrates a consistent
1.28-fold improvement in effective spatial resolution relative
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Table 1 Comparison of Temporal Resolution in Different Imaging Modes

Imaging mode FoV

Reconstructing method Temporal resolution

Single FoV imaging 74.5 ym x 74.5 pm

3D imaging 50 pm x50 pm x 5 pm

Large FoV imaging 1 mmx1mm

Second-order SOFI 20,000 ms
TRUS 450 ms

Second-order SOFI 100,000 ms
TRUS 2250 ms

Second-order SOFI 35 min
TRUS 3 min

to conventional second-order SOFI throughout the entire 1 mm?

imaging area [Fig. 7(a)]. This resolution enhancement remains
spatially invariant across different tissue regions, as evidenced
by the homogeneous color distribution in the enhancement map
[Fig. 7(c)].

Furthermore, we established a high-throughput dual-color
imaging platform capable of simultaneous acquisition in both
spectral channels (Fig. S6 in the Supplement 1). We employed
a multi-region acquisition strategy comprising 25 strategically
overlapping FoVs arranged in a 5 x 5 grid matrix. Each FoV
(125 pm x 125 pm) was spatially registered with 17% lateral
overlap to ensure continuous sample coverage. Through this ap-
proach, we achieve high-resolution visualization of cytoskeletal
architecture, identifying 20 cells exhibiting co-localization of
immunolabeled microtubules and filamentous actin networks
throughout the entire 0.25 mm? imaging area. The result reveals
that TRUS enabled synchronized detection of emission signals
under 488 and 647 nm excitation wavelengths, maintaining tem-
poral resolution while effectively observing a millimeter-scale
FoV. The acquisition durations of different imaging modes have
been summarized in Table 1.

4. Conclusion

We introduce TRUS as a rapid acquisition framework for SOFI-
based high-throughput imaging. This architecture enables high-
fidelity SR reconstruction from merely 20 raw frames and an
additional widefield image that is 2 orders of magnitude fewer
than conventional SOFI requirements. Simultaneously, it
achieves twofold spatial resolution improvement over the wide-
field image and demonstrates encouraging generalization poten-
tial across tested variations. Building upon the transformer’s
holistic feature extraction capability and integration of phys-
ics-driven training strategy, our method achieves a 44-fold ac-
celeration in temporal resolution across broad emitter blinking
dynamics. With the assistance of TRUS, we successfully dem-
onstrate uniform spatial resolution improvement (average =
2.17-fold, n = 100) within a 1 mm? FoV within 3 min of ac-
quisition time. The framework’s reduced acquisition demands
and enhanced tolerance to non-ideal labeling conditions enable
rapid, gentle, and high-throughput SR imaging, demonstrating
broad applicability for biological investigations.

While TRUS demonstrates encouraging generalization po-
tential, future work is required to validate its performance on
rarer morphologies. Integrating ADMMP or FISTA iteration
into the network training procedure might further improve
the generalization performance of TRUS. Besides, its current
implementation remains constrained by the system-specific
PSF model. Although the impact of ideal PSF variation could
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be reduced by Fourier interpolation (Fig. S7 in the Supplement
1), aberrations, motion blur, and other complex distortions may
exceed this model’s representational capacity, leading to recon-
structing failure. Future extensions of TRUS could leverage
physics-aware diffusion models to enable cross-platform adapt-
ability™. Notably, integrating blind PSF estimation”” during
training might offer potential for improved aberration consis-
tency. In our experiment, we incorporated additional data aug-
mentation to enhance TRUS performance by mitigating the data
hunger inherent in transformer architectures. However, the in-
tegration of physics-informed constraints with few-shot learning
strategies—such as transfer learning and meta-learning—may
serve as a promising approach to mitigate dataset size limita-
tions. The combination of these approaches has the potential
to transform TRUS into a versatile, turnkey solution, thereby
extending the high spatiotemporal resolution and high-through-
put imaging capabilities of TRUS to a broad range of fluores-
cence imaging techniques, facilitating the discovery of crucial
biological insights.
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