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Bio-friendly and high-precision  
super-resolution imaging through  
self-supervised reconstruction structured 
illumination microscopy
 

Jiahao Liu1,6, Xue Dong2,6, Huaide Lu3,6, Tao Liu1,6, Wei Liu4,6, Xinyao Hu3, 
Quan Meng2, Amin Jiang3, Tao Jiang3, Xiaohan Geng3, Haosen Liu5, Jun Cheng1, 
Edmund Y. Lam    5, Yan-Jun Liu    4  , Shan Tan    1   & Dong Li    2 

Deep-learning-based structured illumination microscopy (SIM) has 
demonstrated substantial potential in long-term super-resolution 
imaging of biostructures, enabling the study of subcellular dynamics and 
interactions in live cells. However, the acquisition of ground-truth (GT) data 
for training poses inherent challenges, limiting its universal applicability. 
Current approaches without using GT training data compromise 
reconstruction fidelity and resolution, and the lack of physical priors in 
end-to-end networks further limits these qualities. Here we developed 
self-supervised reconstruction (SSR)-SIM by combining statistical analysis 
of reconstruction artifacts with structured light modulation priors to 
eliminate the need for GT and improve reconstruction precision. We 
validated SSR-SIM on common biological datasets and demonstrated 
that SSR-SIM enabled long-term recording of dynamic events, including 
cytoskeletal remodeling in cell adhesion, mitochondrial cristae remodeling, 
interactions between viral glycoprotein and endoplasmic reticulum, 
endocytic recycling of transferrin receptors, vaccinia-virus-induced actin 
comet remodeling, and mitochondrial intercellular transfer through 
tunneling nanotubes.

Super-resolution (SR) fluorescence microscopy is a powerful tool 
for visualizing subcellular structures and their dynamic behaviors1–4.  
However, the substantially higher photon budget required for SR 
imposes critical limitations on live-cell applications, stemming pri-
marily from cumulative phototoxicity, accelerated photobleaching 
and compromised temporal resolution. Among existing SR techniques, 
structured illumination microscopy (SIM)2 stands out through superior 
photon efficiency combined with compatibility with diverse fluores-
cent probes, making it well suited to low-perturbation, long-term and 
multicolor SR imaging5. Nevertheless, SIM SR images often encounter 
reconstruction artifacts that ruin spatial resolution, particularly under 

low signal-to-noise ratio (SNR) conditions. These artifacts manifest 
as structured noise patterns that often mislead interpretations of  
biological structures, thereby raising fundamental concerns about the 
reliability of the SIM method.

To complement SIM techniques, regularized algorithms were devel-
oped initially by leveraging domain-specific prior knowledge to distin-
guish between biological structures and stochastic noise6,7, yet these 
exhibit a limited capacity for resolving fine-grained subcellular features. 
Recent advancements in deep-learning-based (DL)-SIM methods8–11 have 
demonstrated high reconstruction accuracy in a data-driven way, yet 
their practical implementation faces fundamental constraints: acquiring 
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whereas the biostructures maintain adequate consistency. However, 
our systematic analysis reveals that these prerequisites are violated 
in live-cell SR imaging due to the low temporal consistency of active 
microstructures (Extended Data Fig. 1a–e) and long-range spatial cor-
relation of SIM artifacts (Supplementary Fig. 1). When self-supervised 
methods are deployed without addressing these intrinsic challenges, 
their integration into SIM reconstruction can produce biased outputs 
with degraded accuracy and resolution. Current end-to-end neural net-
work architectures further exacerbate the degradation by neglecting the 
underlying physical principles, leading to incomplete high-frequency 

reliable ground-truth (GT) data remains prohibitively challenging for 
light-sensitive and fast-evolving bioprocesses under diverse imaging 
scenarios (Supplementary Note 1). Although machine learning-SIM12 
attempts to circumvent this limitation by generating training sets from 
natural image datasets, its effectiveness is constrained by the inherent 
domain gap between natural scene statistics and biological microstruc-
ture characteristics. An alternative approach involves the incorpora-
tion of temporally or spatially interleaved self-supervised denoising 
frameworks13,14, which depend critically on the theoretical assump-
tion that noise components are temporally or spatially uncorrelated 
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Fig. 1 | SSR-SIM method. a,b, Assessments of temporal interval (TI)-SSR (a) and 
spatial interval (SI)-SSR (b) strategies using synthetic hollow vesicles (diameter: 
120 nm). Central line: medians; limits: 75% and 25%; whiskers: maximum and 
minimum. c, The SSR-SIM signal-consistent imaging sequence, halving each 
SR timepoint (TP) to yield training pairs with consistent and aligned biological 
structures. The orders of orientations and phases of the SIM patterns are 
indicated above. d, SSR-SIM training workflow and neural network architecture. 
e, The PPA block delivers the structured light pattern priors into activating 

informative image features. Convolutional layers (Align-conv.) are used to 
adjust feature map dimensions. f, SSR-SIM reconstruction of CCPs, MTs and 
F-actin from the BioSR dataset. Experiments were repeated independently for 
five cells with similar results. Scale bars, 1 μm. g, SSIM (left axis, dashed line) and 
NRMSE (right axis, solid line) comparisons of learning-based SIM reconstruction 
(n = 10 per APC). The higher the SSIM or the lower the NRMSE, the higher the 
reconstruction precision. SCUNet-SIM, U-Nets through skip-layer connections 
for SIM8; rDL-SIM, rationalized DL-SIM.
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component recovery. Collectively, these limitations highlight the 
need for a physics-informed SIM reconstruction framework capable of 
high-precision SR imaging without GT dependency.

In this study we present SSR-SIM to address these challenges. 
We first investigated factors influencing the performance of existing 
self-supervised image restoration algorithms upon their introduc-
tion into live-cell SR imaging. By applying theoretical constructs, we 
developed a signal-consistent imaging sequence coupled with an 
end-to-end SSR framework, enabling direct learning of high-quality 
reconstruction models from noisy raw SIM data without external GT 
datasets. Moreover, we designed a ‘physics-informed hybrid archi-
tecture integrating convolutional neural networks (CNNs) and trans-
formers’ (PHCT) to perform high-precision SIM reconstruction. PHCT 
simultaneously captures local and long-range subcellular features 
through convolutional layers and self-attention mechanisms, while 
enhancing high-frequency components using a physics-based pattern 
activation (PPA) block rooted in harmonic SR theory. Validation on the 
BioSR9 dataset demonstrates that SSR-SIM outperforms nonlearning 
SIM denoising and deconvolution algorithms as well as supervised 
and unsupervised DL-SIM models. Extensive experiments further 
confirm SSR-SIM’s capability for artifact-free visualization with both 
high-spatiotemporal resolution and long-term imaging capability 
across diverse biological systems, including real-time monitoring of 
cytoskeletal and organelle remodeling, intracellular protein transport, 
intercellular communication and viral propagation.

Results
Principle of SSR
Unlike supervised methods that rely on GT data, self-supervised image 
restoration algorithms enable learning high-quality biological image 
representation from the degraded data themselves and have demon-
strated efficacy in diffraction-limited microscopy denoising. These 
approaches train neural networks using spatially10,14,15 or temporally10,16 
sampled imaging sequences, to preserve components consistent across 
sampling intervals (presumed to reflect latent biostructures) while 
eliminating stochastic components such as noise. To ensure effective-
ness, three fundamental prerequisites must be met: (1) biological signal 
identity between source data and their sampled components, (2) bio-
logical signal identity between sampled pairs and (3) statistical noise and 
artifact independence between sampled pairs. However, SIM artifacts 
manifest as complicated visual patterns distinct from common noise in 
conventional diffraction-limited imaging (Supplementary Fig. 1), and 
matrix-vector analysis further revealed that the data reconstruction 
pipeline integrates noise from several acquisitions into artifacts with 
long-range spatial correlation (Supplementary Note 2). Consequently, 
spatially sampling reconstructed SIM images yields sample pairs where 
noise and artifacts lack statistical independence, which violates prereq-
uisite (3). Second, the imaging intervals and camera sampling rate are 
in practice configured to maximize total imaging time and field of view 
(FOV). However, when tuning these parameters from ideal values to prac-
tical values (where interframe displacement occurs and sampling rate 
approaches the Nyquist rate; Supplementary Note 3), reconstruction 
precision and the resolving proportion of hollow vesicles deteriorated 
substantially (Fig. 1a,b and Extended Data Fig. 1f–k), due to increased 
signal difference violating prerequisites (1) and (2).

To solve the issues, we propose a signal-consistent imaging 
sequence (Fig. 1c) that yields two groups of raw images, d1 (x) and d2 (x), 
with identical excitation patterns and biological signals while ensuring 
independent occurrences of noise. Unlike image pre- or postdenoising 
(Supplementary Note 4), SSR-SIM directly executes SR reconstruction. 
To this end, we construct the loss function of SSR-SIM by introducing 
the linear reconstruction operator ℛ (built on conventional SIM recon-
struction implementation17) as the explicit prompt. The loss function 
is formulated as ||ℛ [d2 (x)] − ΓΘ [d1 (x)] ||

2
2, where ΓΘ is a neural network 

with learnable parameters Θ (Supplementary Fig. 2), and we show the 

learning scheme of SSR-SIM (Fig. 1d). By sampling using hardware 
adaptations rather than image postprocessing, SSR-SIM guarantees 
biological signal identity and noise and artifact independence between 
sampled pairs, enabling effective removal of spatially correlated arti-
facts without compromising reconstruction precision. We proved that 
optimized SSR-SIM models have the same theoretical reconstruction 
accuracy as GT-supervised models and validated this by training PHCT 
models in a supervised and self-supervised manner (Supplementary 
Notes 5 and 6). Throughout the optimizations, the trends of validation 
indices are almost identical (Supplementary Fig. 3) and the structural 
details and cut-off frequency of SR images inferred by the two models 
are identical (Extended Data Fig. 2). SSR-SIM model training and infer-
ence can be conducted on a single imaging dataset, yet its implementa-
tion may encounter an additional challenge: how to train robust SIM 
models using a small-scale training dataset. Regarding this, besides 
conventional data augmentation such as random cropping, we pro-
posed two ad hoc data augmentation methods for SIM, shuffling train-
ing data that possess the same illumination patterns and using 
arbitrary-angle rotation before random cropping (Supplementary  
Fig. 4). The proposed data augmentation method reduces training data 
requirements from 50–100 pairs of raw images to as few as five pairs 
(Supplementary Fig. 5), facilitating zero-shot and few-shot reconstruc-
tion of a single time-lapse image sequence or small-scale image datasets.

Development and validation of PHCT architecture
Unlike wide-field microscopy, which uses uniform illumination, 
SIM illuminates the samples using dense periodic patterns to yield 
frequency-space modulation of SR components. In high numerical 
aperture (NA) SIM systems, the excitation patterns become too dense 
to be resolved in raw images (Extended Data Fig. 3a). For instance, our 
homebuilt SIM system operates with an excitation NA of up to 1.42, 
close to the objective NA of 1.49, resulting in line spacing of 0.172 μm 
(488-nm excitation), which is below the Rayleigh resolution limit of 
0.215 μm. Furthermore, the line spacing, angles and initial phases of 
the sinusoidal illumination patterns vary over time due to mechani-
cal and environmental instability, as well as temperature fluctuations, 
complicating data reconstruction. As the excitation NA increases, the 
reconstruction accuracy of DL-SIM models declines sharply, character-
ized by misleading structures and a reduction in peak SNR (PSNR) indexes 
(Extended Data Fig. 3b). This degradation is probably because commonly 
used CNN architectures struggle to detect the increasingly dense excita-
tion patterns. Despite their effectiveness at handling processes in accord 
with translation invariance18, CNNs are limited in extracting SR informa-
tion from modulated Moiré fringes with dense and translation-sensitive 
patterns. Furthermore, CNN-based image restoration architectures 
possess a limited receptive field, typically smaller than 64 × 64 pixels 
(about 4 × 4 μm2 in our SIM system), which is insufficient for capturing 
nonlocal, long-range pixel dependencies of biostructures in large-FOV 
systems (for example, up to 1,536 × 1,536 pixels and 94 × 94 μm2).

To address these limitations, we developed a PHCT architecture 
that incorporates physical information of illumination patterns as 
priors into a hybrid CNN and transformer framework (Fig. 1d and 
Supplementary Fig. 2). PHCT begins with a residual local feature block 
(RLFB)19 to extract shallow features from diffraction-limited raw data. 
These features are then delivered into an efficient transformer block 
(ETB)20 to capture long-range pixel dependencies within contextual 
features. Unlike conventional vision transformers21 requiring quadratic 
computational complexity, ETB has linear computational complexity 
by using an additional convolution-assisted channel integration and is 
advantageous for efficient large-FOV image reconstruction. The effec-
tiveness of RLFB and ETB was validated quantitatively through ablation 
studies (Supplementary Fig. 6). To incorporate physical knowledge 
of excitation patterns and structured light modulation explicitly, we 
designed a PPA block (Fig. 1e) that enriches the intermediate features 
with structurally coded frequency information in a 2× upsampled 
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feature space. Ablation studies on the PPA, along with experiments on 
simulated and biological images (Extended Data Figs. 3 and 4), dem-
onstrated that PPA is effective and essential for high-NA SIM imaging. 
Finally, a RLFB-ETB cascade refines the output from the PPA block. 
The ultimate features are upsampled using a pixel-shuffle layer and 
convolved to generate the SR image in upsampled space.

We evaluated the overall performance of the PHCT-powered 
SSR-SIM on the BioSR9 dataset. In addition to the conventional SIM, 
competitive algorithms with different data processing pipelines (recon-
struction, predenoising, postdenoising and postdeconvolution) and 
different learning manners (nonlearning, supervised learning and 
unsupervised learning) are involved in the comparison experiments, 
and we provide a brief introduction to these algorithms (Supplemen-
tary Note 7). Statistical metrics such as PSNR, structured similarity 
index (SSIM) and normalized root mean square error (NRMSE), dem-
onstrated that the proposed SSR-SIM quantitatively outperforms other 
state-of-the-art (SOTA) SIM methods across varying fluorescence con-
ditions (Fig. 1g and Supplementary Tables 1–3), with average photon 
counts (APCs) of raw data ranging from 25 to 600. Representative 
patches illustrate that SSR-SIM results effectively preserve recognizable, 

high-resolution biological microstructures and closely resemble the 
GT (Extended Data Fig. 5). By integrating Monte Carlo dropout (MCD) 
layers22, SSR-SIM-MCD further provides self-supervised model uncer-
tainty characterization, which is helpful for determining the applicability 
of pretrained models (Extended Data Fig. 6). PHCT has only 0.33 million 
(total internal reflection fluorescence (TIRF)/grazing incidence (GI)-SIM) 
and 0.80 million parameters (three-dimensional (3D)-SIM), making 
it lightweight and efficient. PHCT reconstruction of 512 × 512 × 9 raw 
images (TIRF/GI-SIM) and 512 × 512 × 15 × 8 raw volumes (3D-SIM) takes 
about 17 ms and 194 ms, respectively, achieving SOTA reconstruction 
speeds (Supplementary Fig. 7). Altogether, these results affirm the 
feasibility and effectiveness of the SSR-SIM framework and highlight 
the architectural superiority of PHCT over other SOTA SIM methods.

SSR-SIM enables high-fidelity imaging of diverse 
cytoskeletons and organelles
The cytoskeleton and organelles constantly undergo dynamic remod-
eling while executing and coordinating various cellular functions. Fila-
mentous actin (F-actin), endoplasmic reticulum (ER), microtubules 
(MTs) and mitochondrial cristae exhibit intricate subcellular structures 
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that require SR microscopy for precise visualization. However, high 
fluorescence doses used in conventional SR imaging often damage the 
biological structures and affect their dynamic behaviors. DL methods 
can reduce the photon budgets by improving low-SNR reconstruc-
tion, yet they necessitate clean SR images as GT. Here we assessed the 
capability of SSR-SIM on these samples without collecting extra train-
ing data. First, we transfected COS-7 cells with LifeAct-mEmerald and 
imaged F-actin structures over 4 h and 15 mins with the signal-consistent 
imaging sequence (Fig. 2a and Supplementary Video 1) and TIRF-SIM 
illumination. Actin dynamics exhibit active remodeling throughout 
imaging cycles, quantified by interframe alterations in filament simi-
larities and segmentation masks (Supplementary Fig. 8). We found that 
SSR-TIRF-SIM resolves dense F-actin, whereas other SOTA SIM denois-
ing and reconstruction methods resulted in artifact-contaminated 
and resolution-compromised F-actin structures (Fig. 2b–g and 
Supplementary Figs. 9a, 10 and 11). With high spatiotemporal resolu-
tion and extended imaging period, we further observed the formation, 
development and dissolution of a nanoscale ring of F-actin in cell anchor-
ing and migration (Supplementary Fig. 9b), monitored the cytoskeleton 
remodeling in cell adhesion (Supplementary Fig. 12 and Supplementary 
Video 2), and captured structural changes in the cytoskeleton through 
rapid imaging of 10,000 frames (Supplementary Video 3).

When combined with GI illumination23, SSR-GI-SIM can observe ER 
structures (Calnexin-Halo, COS-7 cells) while minimizing motion arti-
facts (Fig. 2h and Supplementary Fig. 13). Furthermore, SSR-GI-SIM ena-
bles clear identification of microtubule skeleton (Ensconsin-mEmerald, 
COS-7 cells) under extremely low light illumination (APCs: 33.3 ± 4.9 
(mean ± s.d.), n = 9,000), whereas other methods fail to resolve com-
plete tubules (Fig. 2i, Supplementary Fig. 14 and Supplementary Video 
4). Mitochondrial cristae are densely stacked within mitochondria, 
resulting in small cristae-to-cristae distances. For instance, recent stimu-
lated emission depletion microscopy studies24 reported an average 
distance of 90 ± 24 nm (mean ± s.d.) between adjacent mitochondrial 
cristae in COS-7 cells. Mitochondria are particularly susceptible to 
phototoxicity, and such damage can alter their membrane permeability, 
leading to structural deformation characterized by spherical swell-
ing and matrix dilution, and ultimately causing cell apoptosis. In the 
context of conventional DL-SIM, obtaining GT data for mitochondrial 
components is challenging due to their sustained and rapid remodeling. 
Nonetheless, the SSR-GI-SIM effectively learns to reconstruct noisy 
imaging data autonomously, enabling clear visualization of mitochon-
drial cristae and their remodeling events, including penetration, fission, 
fusion and rotation (Fig. 2j–l and Supplementary Fig. 15). SSR-GI-SIM 
facilitates continuous recording of mitochondrial cristae over 2,000 
timepoints, with high spatiotemporal resolution and resolving internal 
cristae junctions effectively (Supplementary Video 5). Furthermore, we 
evaluated the capacity of SSR-SIM to maintain cell viability in live-cell SR 
imaging by monitoring Ca²⁺ levels using Fluoforte dye, because large 
changes in Ca²⁺ levels often correspond to cellular stress and the pos-
sible triggering of apoptosis or death25,26. In negative controls, imaging 
was restricted to Fluoforte (488 nm) with the ER channel (561 nm) disa-
bled. For the others, the 561-nm laser power was adjusted to ensure clear 
visualization of ER mesh and filamentous structures. Fluoforte fluores-
cence analyses (Extended Data Fig. 7a–c) show that Ca²⁺ levels under 
SSR-GI-SIM irradiation conditions exhibited minor fluctuations compa-
rable to negative controls. In contrast, conventional GI-SIM irradiation 
frequently induced sudden Ca²⁺ level changes, indicating that cells are 
in stressed states. We further demonstrate that SSR-GI-SIM irradiation 
maintained stable ER fluorescence without observed photobleaching, 
indicating sustained long-term SR imaging (Extended Data Fig. 7d–j).

Multicolor SSR-SIM imaging of rapid subcellular interactions
In mammalian cells, ER forms a complex network spanning the entire 
cell, which is crucial for protein modification and translocation. Syn-
thesized proteins are directed to various destinations for further 

modification. The fluorescently labeled vesicular stomatitis virus gly-
coprotein (VSVG) serves as a valuable tool for tracking the bioprocesses 
of individual transporters27. However, VSVG possesses a high moving 
speed, the ER undergoes constant vibration and chemical fixation can 
fragment ER structures, together making it challenging to collect GT 
data for conventional DL-SIM algorithms. One compromise9 is to use a 
Gaussian low-pass filter on SR images of fast-moving biostructures to 
smooth moving artifacts to improve supervised data, but at the cost of 
reduced spatial resolution. Conversely, our proposed SSR-SIM removes 
the need to obtain GT images and allows for high spatiotemporal reso-
lution imaging of the colocalization and proximity and interactions 
between VSVG and ER (Calnexin-Halo) (Fig. 3a and Supplementary 
Video 6). The results obtained by SSR-GI-SIM showed that VSVGs were 
enveloped by the connection points of ER networks (Fig. 3b), the ER 
rings (Fig. 3c) and the fenestrations of ER sheets (Fig. 3d) suspended 
between the centers of two ER tubules (Fig. 3e), and attached to a single 
isolated ER tubule (Fig. 3f, over 80.75 s). We noted that the rapid move-
ment of VSVG can lead to the remodeling of ER networks (Fig. 3g) and 
even the fission processes of ER sheets (Fig. 3h,i and Supplementary 
Video 7). Furthermore, the paradigm of ER hitchhiking, initially dis-
covered in fungi28 and observed recently in mammalian cells, involves 
the participation of ER in the vesicle movement of lysosomes23 and 
peroxisomes10. Here we observed ER hitchhiking during interactions 
between ER and VSVG (Extended Data Fig. 8a,b), suggesting that ER 
hitchhiking is probably a widespread mechanism in protein transloca-
tion. We also observed that ER forms a ring-like structure to assist in 
the movement of VSVG, and the ER ring was depolymerized following 
the hitchhiking process (Extended Data Fig. 8c–e).

SR imaging of endocytic recycling, involving Rab11a and trans-
ferrin receptor (TfR) complexes29, poses challenges due to their 
nanoscale structures, rapid movement and quick photobleaching. 
With SSR-GI-SIM, we were able to record continuously more than 1,500 
SR timepoints of endocytic recycling by reducing the fluorescence dose 
(Supplementary Video 8). Specifically, we introduced a TfR1-mCherry 
fluorescent label in SUM159 cells stably expressing Rab11a-GFP and 
performed SR imaging within approximately 1 μm from the slide (near 
the bottom plasma membrane) by using a GI light sheet (1.37 excitation 
NA) at 0.2-s intervals. We show that SSR-GI-SIM enables artifact-free 
reconstruction of Rab11a and TfR1 raw data that are too noisy to be 
reconstructed by other SIM methods (Fig. 3j). Compared with SOTA 
deconvolution methods (for example, sparse deconvolution SIM 
(Sparse-SIM)), SSR-GI-SIM prevents over-smoothing and maintains 
reconstruction accuracy of biostructures in low-intensity areas rid-
dled with artifacts (Supplementary Fig. 16). We observed two distinct 
morphologies of the Rab11a and TfR1 complex: tubular recycling cargo 
and disk-shaped structures (Fig. 3j,k). During rapid transport, Rab11a 
and TfR1 displayed a tubular morphology, with lengths ranging from 
0.4 μm to 2.4 μm. Upon reaching the plasma membrane, the complexes 
exhibited solid disk or hollow ring-like structures. Further, we observed 
that the fluorescence signal of TfR1-mCherry disappeared before that 
of Rab11a-GFP in the final stage of internal recycling (Fig. 3l,m). We 
observed that the disappearance of TfR1-mCherry and Rab11a-GFP 
signals coincided with the occurrence of out-of-focus fluorescence 
(Fig. 3n), indicating the recycling of TfR1 and the cytoplasmic release 
of Rab11a. Taken together, these results demonstrated that SSR-SIM 
allows for high-quality, high-spatiotemporal resolution imaging of 
rapid subcellular interactions in light-sensitive samples.

SSR-SIM investigation of intercellular dynamics and 
VACV-induced actin comet tail
Vaccinia virus (VACV)—a close relative of the monkeypox virus30 
and an invaluable model for studying virus–host interactions—uses 
actin-based fast motility (VACV-induced actin tail) to enhance viral 
dissemination31. However, SR imaging of VACV infection is challenging 
due to the potential inactivation of the virus by strong lasers. As a result, 
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HiFi-SIM. Yellow and white arrows point to example structures with different 
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http://www.nature.com/naturemethods


Nature Methods | Volume 23 | February 2026 | 395–404 401

Article https://doi.org/10.1038/s41592-025-02966-y

currently published results by SIM suffer from excessive artifacts and 
insufficient resolution enhancement31,32, and manifested VACV-induced 
actin comet tails in solid and single-tail structures, just like those results 
obtained by diffraction-limited microscopy. Unexpectedly, through 
SSR-TIRF-SIM imaging, we observed that the actin comet tails in COS-7 
cells stably expressing LifeAct-mEmerald and A4-mCherry (a viral core 
protein) appeared hollow, with several tails trailing behind the viral par-
ticles (Fig. 4a–c and Supplementary Video 9). This was further validated 
in Vero cells (Extended Data Fig. 9). The previous misunderstanding 
of the VACV-induced actin comet tail structures is probably owing 
to the degenerated SR imaging precision, as we observed with other 
SIM methods. After initiating the actin comet tails and commencing 
movement, the viral particles may pause occasionally, only to resume 
their movement after several seconds. We also observed virus-actin cir-
cling before and after viral anchoring (Extended Data Fig. 9b,c), which 
might be owing to the instability caused by actin fast polymerization 
and depolymerization. Furthermore, SSR-TIRF-SIM recorded that, in 
the extracellular environment, both the virus and actin comet tails 
became unstable and moved out of the imaging focal plane, possibly 
due to the inability to sustain actin recruitment (Fig. 4d). SSR-TIRF-SIM 

also captured that a single viral particle could induce the generation 
of more than one cluster of actin comet tails (Fig. 4e). Furthermore, 
SSR-TIRF-SIM recorded the consecutive event that viral particles 
anchored near the cell membrane, recruiting actin to form actin clouds, 
inducing the formation of hollow actin comet tails and surfing along 
the cell membrane (Fig. 4f and Extended Data Fig. 9d,e).

Tunneling nanotubes (TNTs)—a recently uncovered mode of 
cell-to-cell communication—enable the selective exchange of orga-
nelles between cells, playing a pivotal role in maintaining cellular 
homeostasis during both physiological functions and pathological 
conditions33,34. Achieving a comprehensive and detailed record of 
mitochondrial dynamics within TNTs demands continuous SR imag-
ing lasting for hours with large imaging FOV. However, excessive laser 
excitation poses the risk of inducing vibrations and potentially leading 
to ruptures within the TNTs themselves. SSR-GI-SIM demonstrates 
the potential for offering prolonged SR monitoring of TNTs during 
invasive processes. In our study, we used SSR-GI-SIM imaging to visu-
alize the mitochondria (TOMM20-mEmerald and PKmito ORANGE 
(PKMO)) in COS-7 cells, capturing images every 20 s for more than 
3 h (Fig. 4g, Supplementary Fig. 17a,b and Supplementary Video 10). 
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of actin comet tails in COS-7 cells expressing LifeAct-mEmerald (cyan) 24 h 
after the induction of VACV expressing A4-mCherry (yellow), compared with 
HiFi-SIM. b, Actin cloud surrounding a static VACV particle. Experiments were 
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tails during viral particle movement. d, Viral particles movement out of the cell 
membrane and imaging plane. e, A single viral particle associated with several 

actin comet tails (white arrow). f, Morphological changes of actin clouds and 
actin comet tails during viral particle movement. g, Time-lapse SSR-GI-SIM 
images of mitochondrial transfer through TNT across COS-7 cells expressing 
TOMM20-mEmerald (green) and stained by PKMO (magenta) over 3 h and 12 min. 
Experiments were repeated independently for three cells with similar results.  
h,i, Mitochondrial fission events at 12 min (h) and 1.5 h (i) after mitochondria 
enter the tunneling nanotube. Gamma, 0.7 (a–f) and 0.6 (g–i). Scale bars, 5 μm 
(a,g), 1 μm (b,c) and 3 μm (d–f,h,i).
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When comparing SSR-GI-SIM with other SIM methods, we observed 
that SSR-GI-SIM consistently identified the mitochondrial cristae, 
even when mitochondria were compressed by the nanotubes. In con-
trast, other SOTA SIM methods failed to detect these cristae structures 
(Supplementary Fig. 17c–g). Notably, the high-quality SSR-GI-SIM 
images reveal that mitochondrial fission events occur during transport 
through the TNT, approximately 12 min and 93 min after mitochon-
dria exited the original cell and passed through the TNT (Fig. 4h,i), 
mirroring the fission dynamics observed within cells. Collectively, 
these results uncovered unprecedented structures and dynamics in 
virus–host interactions and in TNTs, indicating that SSR-SIM is likely 
to serve as a complement to techniques in the field of virology and 
intercellular communication.

SSR-3D-SIM visualization of mitochondrial dynamics
3D-SIM offers a twofold resolution improvement across all spatial 
dimensions and enables optical sectioning. Although it facilitates 
time-lapse volume SR imaging, 3D-SIM is applied predominantly to 
fixed samples due to limitations in imaging speed and risks of excessive 
photodamage. For instance, imaging a volume with a height of 5 μm 
requires approximately 38 axial scans and 570 raw images, resulting in 
an imaging cycle exceeding 6.8 s (comprising 10 ms for each exposure 
and 2 ms for each readout), longer than the roughly 0.1 s needed for a 
TIRF and GI-SIM snapshot. Furthermore, the photobleaching and pho-
totoxicity from 570 instances of wide-field illumination are greater than 
those from nine instances of TIRF and GI illumination. Consequently, 
3D-SIM imaging of dynamic or light-sensitive samples presents consid-
erable challenges. By reducing each exposure we can shorten the imag-
ing cycle and decrease photodamage, but it causes noisy raw data that 
are hard to reconstruct. Here we highlight the applicability of SSR-SIM 
to improve 3D-SIM imaging. We constructed 3D-PHCT by replacing the 
two-dimensional (2D) convolutional layers in PHCT with 3D convolu-
tional layers to extract and integrate axial SR information. To further 
reduce the computational burden caused by the 3D convolution, we 
streamlined the network architecture and used only half the 3D-RLFBs 
and 3D-ETBs. We evaluated 3D-PHCT-powered SSR-SIM on a benchmark 
dataset containing three types of biological structure: MTs, the outer 
mitochondrial membrane (OMM) and the inner mitochondrial mem-
brane (IMM), compared with 3D-RCAN11 and 3D deep Fourier channel 
attention network (3D-DFCAN)9. Representative image patches (Fig. 5a) 
and PSNR and SSIM metrics (Fig. 5b) showcased the visual and statisti-
cal superiority of SSR-SIM. Next, we conducted SSR-3D-SIM imaging of 
mitochondrial cristae with an axial scanning depth of 5 μm, comparing 
it with conventional 3D-SIM through depth-color-coded orthogonal 
views (Fig. 5c) and volume rendering (Fig. 5d). SSR-3D-SIM yielded 
high-fidelity SR volumes with high spatiotemporal resolution, enabling 
clear identification of mitochondrial cristae and mitochondrial network 
remodeling events (Fig. 5e,f). Furthermore, with ultra-low excitation, 
SSR-3D-SIM facilitates the recording of more than 300 3D-SR volumes 
of mitochondrial dynamics (Supplementary Video 11).

Discussion
Advances in DL have enhanced the SR precision and image quality when 
GT data are available. In this study, we developed an SSR framework and 
a physics-informed hybrid reconstruction model for SIM to address 
challenges related to data availability and reconstruction fidelity. Our 
approach, termed SSR-SIM, eliminates the dependency on additional 
training datasets, achieves higher-precision reconstruction visually 
and quantitatively, and extends SIM’s advantages of imaging speed, 
minimal photodamage and fluorescence compatibility to a wide range 
of samples. Nevertheless, the SSR-SIM method still has limitations. As 
an image reconstruction algorithm rather than an image generation 
algorithm, SSR-SIM imaging requires a minimum number of photons 
to ensure reconstruction feasibility. To overcome spatially correlated 
reconstruction artifacts, SSR-SIM uses repeated sampling in acquiring 

training data, necessitating double exposure times. Despite this con-
straint, the SSR-SIM system supports exposure times as short as 0.1 ms, 
which remains sufficient for the vast majority of bioprocesses. Using 
SSR-SIM, we have discovered several unusual biological phenomena. 
For instance, VSVG induces tearing deformations in ER sheets during 
the movement of VSVG, VACV hijacks actin to facilitate its propaga-
tion and mitochondria in TNTs can still undergo fission. These find-
ings underscore the broader applicability of SSR-SIM in biological 
research. Moreover, SSR-SIM possesses remarkable generalizability 
to other microscope techniques: (1) the concept of the SSR framework 
applies to uniformly illuminated microscopy deconvolution tasks (for 
example, wide-field, confocal and light-sheet microscopy). Besides 
the sinusoidal structured excitation used in standard SIM systems, the 
concept of SSR can also be extended to generalized systems, such as 
multifocal SIM35, lattice light-sheet microscopy36 and imaging scanning 
microscopy (ISM)37, with the theoretical constructs unchanged; (2) 
enabling training and inference on the same imaging dataset elimi-
nates the generalization errors since the training data are also the test 
data, making SSR-SIM user-friendly and accessible without requiring 
users to have DL expertise and (3) the PPA block in PHCT illustrates how 
prior knowledge of structured light modulation can be integrated into 
end-to-end reconstruction networks. Combining PPA with the latest 
advances in the field of computer vision, researchers can continually 
construct a series of SOTA end-to-end SIM reconstruction networks 
to improve SIM techniques. In conclusion, SSR-SIM holds potential 
for broadly uncovering biological phenomena, owing to its superior 
spatiotemporal resolution, enhanced SR precision, comprehensive 
applicability, prolonged imaging capability and modular expandability.
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Methods
Multi-SIM setup
The hardware part of SSR-SIM was built on our homemade Multi-SIM23 
based on an inverted fluorescence microscope (Ti2E, Nikon) equipped 
with a TIRF objective (CFI SR HP Apochromat TIRF 100XC Oil, 1.49 NA, 
Nikon). Four lasers of 405 nm (catalog number LBX-405-300-CSB, 
Oxxius), 488 nm (catalog number Sapphire 488-500 LPX, Coherent), 
560 nm (catalog number Sapphire 488-500 LPX, Coherent), 640 nm 
(catalog number LPX-640L-500-CSB, Oxxius) were combined colline-
arly and then passed through an acoustic-optical tunable filter (catalog 
number AOTFnC-400.650-CPCH-Tn, AA Quanta Tech) to switch the 
desired laser and adjust the laser power and illumination duration. The 
lasers were expanded by using a 4 f optical system, and the expanded 
light was modulated by a system consisting of half-wave plates, a polar-
izing beam splitter and a spatial light modulator (SLM) (catalog number 
QXGA-3DM, Forth Dimension Display). The grating patterns on the SLM 
were generated with excitation NA ranging from 1.26 to 1.42, resulting 
in 50–200 nm light penetration depth (the distance of light entering 
the cover glass) in TIRF-SIM38, 200 nm–5 μm in GI-SIM23 and more than 
5 μm in 3D-SIM17. In TIRF-SIM and GI-SIM, the grating patterns were 
repeated at three orientations with three phases, and in 3D-SIM the 
grating patterns were repeated at three orientations with five phases 
per slice. This yields nine (TIRF/GI-SIM) or 15 (3D-SIM) raw frames per 
SR timepoint. In this study, we constructed signal-consistent imaging 
sequences by repeating SLM grating patterns, and raw exposure twice 
and halving each illumination duration, to generate samples with 
consistent signals and differentiated noise. The grating patterns and 
their constructed sequences were preburned into SLM, and the running 
order of these sequences of grating patterns can be tuned dynamically 
by the upper computer. The diffracted light passed through a mask that 
permits the passage of ±1 order beams in TIRF/GI-SIM cases, and 0 order 
and ±2 order beams in 3D-SIM cases, respectively. The lights were then 
delivered into a homemade half-wave plates and quarter-wave plates 
for changing the polarization directions and focused on the back focal 
plane of the objective lens. The beams were interfered ultimately at 
the objective’s focus plane to generate harmonic illumination. In the 
3D-SIM setup, the conjugation of the SLM plane to the objective focus 
plane was adjusted carefully by using 100-nm fluorescence beads. The 0 
order, ±1 orders and ±2 orders optical transfer functions were recorded 
for the reconstruction. The emission fluorescence was collected by the 
same objective and separated by a multiband dichroic mirror (catalog 
number ZT 405/488/560/640 tpc-22.5deg-UF3, Chroma), and finally 
detected by a scientific complementary metal oxide semiconductor 
camera (Orca Flash 4.0 v.3, Hamamatsu, or Kinetix, Photometrics). 
Before each imaging experiment, we imaged multicolor 100-nm fluo-
rescence beads and constructed affine matrices according to the rela-
tive positions of beads in camera targets. The affine matrices are then 
used in digitized calibration of different wavelengths. To measure the 
camera background, we acquired and averaged >100 noise images in 
a dark field with the laser turn-off to obtain the camera background, 
which is subtracted from the raw data to remove fixed pattern noise.

Cell maintenance and sample preparation
COS-7 (ATCC, CRL-1651) and Vero (NCACC, SCSP-520) cells were grown 
in DMEM (Gibco, catalog number 11965092) supplemented with 10% 
FBS (Gibco, catalog number 10099141C) and 1% penicillin and strep-
tomycin (Thermo Fisher, catalog number 15140122); SUM159 cells 
(from K. He) were grown in DMEM/Ham’s F-12, (GlutaMAX) supple-
mented with 10% FBS, 1% penicillin-streptomycin, 5 μg ml−1 bovine 
insulin, 10 mM of HEPES (Corning) and 1 μg ml−1 hydrocortisone. All 
cell lines were cultured at 37 °C and 5% CO2. Cells were seeded onto 
collagen-coated coverslips (50 mg ml−1) and cultured until ~70% con-
fluency. Transfections were conducted using Lipofectamine 3000 
(Invitrogen, catalog number L3000150) following standard protocol. 
The plasmid constructs included LifeAct-mEmerald, LifeAct-mRuby, 

Ensconsin-mEmerald, Clathrin-GFP, Calnexin-Halo, KDEL-mCherry, 
VSVG-mEmerald, Rab11a-GFP, TfR1-mCherry, TOMM20-mEmerald and 
TOMM20-mScarlet. In ER experiments, cells transfected with HaloTag 
plasmids were treated with warm DMEM containing 30 nM JF646 or 
JF549 (Promega) for 30 min (followed by medium replacement and 
incubation) before imaging. The cells used for recording IMM dynamics 
were treated with warm DMEM containing 250 nM PKMO or PKMDR24 
(PKMITO ORANGE, Standard Imaging) at 37 °C for approximately 
10 min before imaging. In experiments inducing and recording actin 
comet tails, COS-7 cells were first infected with a retrovirus system to 
express LifeAct-mEmerald, and then infected with A4-mCherry-labeled 
VACV approximately 24 h before imaging; Vero cells were infected with 
a retrovirus system to express LifeAct-mRuby, infected with VACV 
and stained with Hoechst stain before imaging. Lentiviral particles 
were generated by transient transfection of HEK293T cells using 
Lipofectamine 3000. HEK293T cells were seeded in six-well plates 
and transfected with 1.5 μg of psPAX2, 0.5 μg of pMD2.G and 2 μg of 
a lentiviral vector plasmid when they reached 50–70% confluency. 
The medium was replaced with warm DMEM containing 10% FBS 10 h 
post-transfection, and viral supernatant was harvested twice at 48- and 
72-h post-transfection. For lentivector transductions, cells at a density 
of 1 × 105 cells ml−1 in six-well plates were infected with 1 ml viral super-
natant and selected with 2 μg ml−1 puromycin at 72 h postinfection for 
several days. In experiments measuring cellular activity (with ER imag-
ing), COS-7 cells were stained with HaloTag-BriDye for 30 min, followed 
by medium replacement and a 5-min incubation and then stained with 
Fluoforte (ENZ-51017) for 1 h by following its protocol before imaging. 
During all imaging experiments, cells were maintained in a live-cell 
imaging system (Okolab) at 37 °C and 5% CO2.

PHCT architecture and training details
We designed a PHCT to improve end-to-end SIM reconstruction. The 
detailed architecture is illustrated in Supplementary Fig. 2. Specifically, 
the RLFB19 is a lightweight CNN block consisting of three cascaded 
residual blocks followed by enhanced spatial attention (ESA)39, used 
respectively to extract low-level features and aggregate the image 
features according to the spatial contents:

RLFB (x) = ESA (x + RB(M) (x)) , (1)

where x ∈ ℝF×H×W  is the input features with channel number F (F = 48 
in our experimental setting), and RB(M) denotes M cascaded residual 
blocks (RBs), each of which is given by:

RB (x) = x + LReLU (Conv3×3 (x)) , (2)

where Convk×kA→B denotes the k × k convolutional layer mapping features 
with channel number A into features with channel number B, and LReLU 
denotes the LeakyReLU activation function with slope 0.05. The 1 × 1 
convolution layers are first used at the beginning of ESA to reduce the 
channel number for reducing the computational complexity of the 
spatial attention map, yielding y = Conv1×1F→16 (x), and the spatial attention 
map is then generated by:

AttESA (x) = Conv
1×1
16→F (Conv

1×1 ( y) + Up (Conv3×3 (MP (SConv3×3 ( y))))) ,
(3)

where SConv3×3 denotes a 3 × 3 convolution layer with a stride of 2, and 
the MP represents the maximum pooling layer with 7 × 7 kernel and a 
stride of 3. The use of the large pooling window and the stride convolu-
tion layer enlarges the receptive field of spatial attention. An up-sample 
layer (denoted by Up) is then used to reshape the attention map to the 
same spatial dimensions as the input feature y, and a 1 × 1 convolutional 
layer is then used to align the channel number. Finally, the output 
feature is given by:
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ESA (x) = x × Sigmoid (AttESA (x)) , (4)

where Sigmoid denotes the sigmoid function.
Afterward, the ETB20 is used, which includes a multihead trans-

posed attention20,40 module (MDTA) for modeling fine-grained 
long-range pixel dependence among image contents, and a 
feed-forward network (FFN) used to enhance feature flow. MDTA 
applies a layer normalization on input features, expands the channel 
number of the features with 1 × 1 convolutional layer (from 48 to 144 
in our experimental setting), and generates query (q = Wqx), key (k = 
Wkx) and value (v = Wvx) from channel expanded features by a 3 × 3 
depth-wise convolutional (denoted by DConv) layer (that is, convolu-
tional layer with group number equal to channel number), given by:

q, k, v = ϕ3 (DConv
3×3 (Conv1×1F→3F (LN (x)))) , (5)

where LN denotes the layer normalization and ϕM denotes the operation 
that splits a tensor into the specified number of M chunks. The attention 
map is then calculated as Softmax (qkT/α) v, where α is a learnable scaling 
parameter. Combined with a skip connection, the MDTA module is 
given by:

MDTA (x) = x + Softmax (qkT/α) v. (6)

MDTA is followed by a gated FFN to improve the informative fea-
ture flow, which is given by:

{
x1, x2 = ϕ2 (DConv

3×3 (Conv1×1F→6F (LN (x))))

FFN (x) = x + Conv1×13F→F (x2 × GELU (x1))
. (7)

where GELU denotes the Gaussian error linear unit activation function:

GELU (x) = 0.5x(1 + 2
√π

∫
x/√2

0
e−t2 dt) . (8)

Next, we used PPA to extract and enhance detailed structures 
with SR information spatial position encoding. The overall PPA is 
formulated as

PPA (x) = Sigmoid (Conv3×34P→F (PS↓ (Conv
3×3
F/4→P (PS↑ (x)) × pattern))) , (9)

where PS↓ denotes the pixel-shuffle layer41 and PS↑ denotes the pixel 
unshuffle layer. PPA starts with determining the pattern parameters 
and constructing illumination patterns in 2× up-sample space. Param-
eter determination for each imaging is performed in the data preproc-
essing (Supplementary Note 8) and the generation of the pattern for 
each training patch is performed throughout the online data augmenta-
tion. A pixel-shuffle layer is then used to rescale the features, yielding 
features with channel number F/4, 2× spatial size, and a 3 × 3 convolu-
tional layer is used to endow structurally coded position information 
of each pixel, yielding input features with channel number P, where P 
is 9 in TIRF/GI-SIM and 15 in 3D-SIM, respectively. Thereby, the features 
have the same dimension as the patterns. The features are multiplied 
by the patterns afterward and are delivered into a pixel unshuffle layer 
(the up-/down-sample ratio is 2), a 3 × 3 convolutional layer and a Sig-
moid activation function to restore the original spatial and channel 
dimensions. The pixel-wise product of the encoded features and the 
illumination patterns integrates physical knowledge about harmonic 
light modulation into the DL models, thus allowing the network to 
grasp and boost the position-encoded SR information hiding in feature 
maps. Applying the convolution theorem amounts to performing band 
shifting at the prescribed frequency, very similar to what we do in 
conventional SIM reconstruction.

The output of the PPA block is integrated by a RLFB, an ETB and 
a global skip connection. The output of the last ETB is fed into an 
up-sample module consisting of a convolutional layer increasing the 
channel number of the feature by 4×, a pixel-shuffle layer executing 
2× upsample and a convolutional layer compressing the number of 
channels into 1 to output reconstructed SR images. Taking together, 
the overall PHCT is formulated jointly as:

⎧⎪
⎨⎪
⎩

y = Conv3×3P→F (x)

z = ETB (RLFB (PPA (ETB (RLFB ( y)))))

PHCT (x) = Conv3×3F→1 (PS↑ (Conv
3×3
F→4F ( y + z)))

. (10)

In 3D-PHCT (Supplementary Fig. 18), all the 2D convolutional layers 
are replaced with 3D convolutional layers, and the pattern activation 
of the 3D-PPA block is performed in the in-focus plane. Furthermore, 
considering that calculating 3D convolutional layers requires more 
CUDA memory capacity and the raw data of 3D-SIM can be much larger 
than TIRF/GI-SIM data, we need to simplify 3D-PHCT. Specifically, we 
removed the 3D-RLFB and 3D-ETB before the 3D-PPA block. The pre-
processing of input data includes camera background removal and 
normalization. To avoid numeric instability caused by the impact of 
sporadic camera dead points and salt-and-pepper noise, data normali-
zation is given by di ← di/percentile (di,99.9%), where subscript i indexes 
the ith data point (that is, training sample) in a training minibatch and 
the percentile (x,p%) outputs the intensity value that ranks p%. To aug-
ment the training set, we shuffled training raw frames with the same 
illumination patterns (offline; Supplementary Fig. 4) and performed 
arbitrary-angle random rotation and random cropping (online). To train 
2D PHCT, each minibatch consists of 16 noisy raw image patches at 
128 × 128 × 9 and noisy reconstructed image patches at 256 × 256, 
respectively. To train 3D-PHCT, each minibatch consists of four noisy 
raw image patches at 8 × 96 × 96 × 15 (z-x-y-15) and noisy reconstruction 
at 8 × 192 × 192, respectively. The learning rate is typically initialized as 
3 × 10−4 and decayed to 1 × 10−6 in 200,000 minibatch iterations with the 
cosine annealing strategy. The model weights are initialized with Kaim-
ing normal distribution and trained with ADAM optimizer42 with β1 = 0.9, 
β2 = 0.999 and ε = 1 × 10−8. The training and inference were performed 
on a computer workstation equipped with an Intel(R) Core(TM) 
i9-10900x CPU at 3.7 GHz and an NVIDIA GeForce RTX 3090 graphic 
processing cards (GPU) with Python v.3.8.10 and PyTorch v.1.13.1.

Self-supervised uncertainty quantification
SSR-SIM allows for self-supervised assessment of neural network 
reconstruction uncertainty. Based on current uncertainty quanti-
fication methods reported in computer vision22, we implemented 
a GT-free approach using Monte Carlo dropout (MCD) for model 
uncertainty quantification. To assess model uncertainty of SSR-SIM 
models, we applied MCD with P = 0.05 before all learnable parameters 
(Extended Data Fig. 6a,b), specifically adding MCD layers preceding all 
convolutional and attention layers. MCD layers were enabled during 
both training and inference phases. Notably, using MCD can cause 
marginal performance degradation. For instance, on the F-actin data-
set (BioSR), we observed a 0.07–0.18 dB decrease in validation PSNR 
after MCD integration. During inference, a trained SSR-SIM model with 
MCD generates several stochastic samplings (typically n = 10), yielding 
varied outputs. Calculating the mean and s.d. across these outputs 
produces the final reconstruction and its corresponding uncertainty 
map (Extended Data Fig. 6c). To demonstrate uncertainty quantifi-
cation effectiveness, we trained MCD-enabled SSR-SIM models on 
microtubule data (Domain A) and Clathrin-coated pits data (Domain 
B), then tested both on microtubule data (Domain A). Results indicate 
that the model trained on out-of-distribution data (Domain B) exhibits 
suboptimal reconstructions and elevated uncertainty when tested on 
in-domain data (Domain A) (Extended Data Fig. 6d,e). Furthermore, we 
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computed model uncertainty across 10,000 frames of fast SSR-SIM 
F-actin imaging. Despite the absence of GT, the MCD-enabled SSR-SIM 
model delivers robust reconstruction characterization, maintain-
ing consistently low uncertainty throughout the entire SR imaging 
sequence (Supplementary Fig. 11a,c and Supplementary Video 3).

Evaluation experiments on BioSR dataset
We evaluate the SSR-SIM and other considered methods quantita-
tively on the published BioSR9 dataset. The BioSR dataset includes 
four types of cytoskeleton and organelle: F-actin (LifeAct-mEmerald, 
COS-7 cells) imaged with TIRF-SIM, MTs (Ensconsin-mEmerald, COS-7 
cells) imaged with GI-SIM, CCPs (Clathrin-GFP, SUM159 cells) imaged 
with TIRF-SIM and ER (KDEL-mEmerald, COS-7 cells) imaged with 
GI-SIM. However, considering that the ER images were contaminated 
by motion artifacts, we adopt only the first three biostructures. In our 
evaluation experiments, the GT data are obtained by the conventional 
Wiener-filter-based SIM reconstruction of the highest intensity (almost 
noise-free) raw images. To avoid edge effects, the SR images were 
cropped centrally from 1,004 × 1,004 to 960 × 960, and correspond-
ingly the raw images were centrally cropped from 502 × 502 × 9 to 
480 × 480 × 9. The dataset of each structure contains more than 50 
samples. The first ten samples are used for evaluation and the others are 
used for training. To evaluate a wide range of SNRs and to circumvent 
the mismatch between noisy raw data and GT that arises from sample 
movement in live-cell imaging, noisy raw images are generated by 
superimposing Poisson and Gaussian noise:

d (x) = 𝒫𝒫 [α × d(GT) (x)
APC (d(GT) (x))

] + nG (x) + b (x) , (11)

where d(GT) (x) is the noise-free raw images (we used the term GT because 
d(GT) (x) is the GT data for wide-field image denoising and rationalized 
DL-SIM denoising10), 𝒫𝒫 denotes the Poisson process, α is the APC of 
aimed noisy raw images, nG (x) ∼ 𝒩𝒩 (0,σ2) where σ is the s.d. of the Gauss-
ian noise (σ = 10 in our experimental setting) and b (x) denotes the cam-
era background. We used a series of α (25, 45, 70, 120, 180, 240, 300, 360, 
420, 480, 540, 600) to produce noisy raw images at varying SNR levels.

Statistics and reproducibility
To visualize image data with high dynamic ranges, colorization, multi-
channel merging and gamma correction were performed by using Fiji 
v.1.5.4f43. The gamma values used were provided in figure captions. The 
rolling ball44 and wavelet-based background removal algorithms45 were 
performed by using the Fiji plugin and PyWavelets v.1.7.0 Python scripts, 
respectively, to subtract excessive out-of-focus fluorescence back-
ground in SR images. In Fig. 3f,i and Extended Data Fig. 9e, the moving 
trajectory of VSVG proteins and VACV particles, along with temporal 
color-coded visualizations of their trajectories, were analyzed and plot-
ted using TrackMate v.7.6.1 (ref. 46) within Fiji. To calculate the recon-
struction errors (Fig. 5a and Extended Data Figs. 4 and 5), we first 
normalized GT images using x ← x/percentile (x,99.9%) , where 
percentile (x,p%)  is the intensity value at the pth percentile. We then 
aligned the intensity range of the evaluated images to the normalized 
GT using least squares. Residuals were calculated by subtracting the 
aligned evaluated images from the normalized GT images. These residu-
als were visualized using the ‘seismic’ colormap (Extended Data Figs. 4 
and 5) and the ‘SQUIRREL-FRC’ colormap (Fig. 5a, color bars are attached 
in figures). Both colormaps represent zero values as white and distinctly 
color positive/negative values, enabling simultaneous visualization of 
error direction without requiring absolute or squared residuals. Orthog-
onal views of 3D-SIM raw and reconstruction images (Fig. 5a,c) were 
generated by using Fiji. Depth-color-coded images from 3D-SIM recon-
struction (Fig. 5c) were generated by rendering each slice with colors 
extracted from the Jet colormap (Fiji), followed by maximum intensity 
projection of the x-y-z-t stack in the z-dimension.

The calculation formula and implementation of the APC, PSNR/
SSIM/NRMSE metrics and decorrelation analysis47 are provided in Sup-
plementary Note 9. The metric data in Figs. 1a,b and 5b and Extended 
Data Figs. 1f–i and 3b are presented in Tukey box-and-whisker format. 
The box’s lower and upper bounds represent the 25th and 75th per-
centiles, with the interquartile range (IQR) defined as the box length. 
The lower whisker extended to the greater of the minimum value 
or the 25th percentile minus 1.5 × IQR, whereas the upper whisker 
extended to the lesser of the maximum value or the 75th percentile 
plus 1.5 × IQR. Intensity profiles of line segments of interest in the image 
(Fig. 2b–g,k and Supplementary Fig. 9a) were extracted using Fiji and 
normalized and plotted using Matplotlib. In Extended Data Fig. 1j,k, 
the resolving proportion of the synthetic hollow vesicles was visual-
ized using color-coded matrices (colormap: coolwarm_r, Matplotlib). 
In Extended Data Fig. 2, to characterize frequency resolution, Fourier 
spectrum analysis and decorrelation analysis were performed and 
visualized using Fiji and MATLAB R2021a. The overall figure layout was 
finalized using Adobe Illustrator.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The published BioSR dataset9 was used to validate SSR-SIM and other 
SIM algorithms (Fig. 1f and Extended Data Figs. 2, 4 and 5). Due to 
the substantial size of long-term live-cell imaging data, depositing 
the complete dataset in a public repository is not currently feasible. 
However, representative F-actin imaging datasets for training and 
testing SSR-SIM models are publicly available via figshare at https://
doi.org/10.6084/m9.figshare.30406366.v1 (ref. 48). Any additional 
live-cell imaging datasets are available from the corresponding authors 
upon request. Source data are provided with this paper.

Code availability
The SSR-SIM Python code is available on GitHub at https://github.
com/HUST-Tan/SSR-SIM (MIT license). Example training and testing 
datasets and pretrained models are available via figshare at https://
doi.org/10.6084/m9.figshare.30406366.v1 (ref. 48).
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Extended Data Fig. 1 | Assessments of different SSR sampling strategies for 
high spatiotemporal resolution imaging. a,b, Simulation of moving hollow 
vesicles (diameter: 120 nm) under temporal (a, TI-SSR) and spatial (b, SI-SSR) 
sampling strategies. The alignment error (AE, defined as 100% minus the cosine 
similarity between paired sampled noisy images) and generalization error 
(GE, defined as 100% minus the cosine similarity between a sampled noisy 
image and its corresponding source image) are shown. c, AE for TI-SSR across 

varying average displacements per frame (10-50 nm) at a fixed camera sampling 
rate of 60 nm/pixel. d,e, AE (d) and GE (e) for SI-SSR across varying camera 
spatial sampling rates (20-80 nm/pixel); no sample displacement was applied. 
f-i, NRMSE and SSIM metrics of TI-SSR and SI-SSR outputs under deviated 
self-supervised prerequisites (n = 100). Central line, medians; limits, 75% and 25%; 
whiskers, maximum and minimum. j,k, Proportion of resolved hollow vesicles 
under different sampling settings.
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Extended Data Fig. 2 | Comparison of supervised and self-supervised iterative 
optimization of PHCT. a, The noisy raw image of F-actin with spectrum (middle) 
and decorrelation analysis (right). Kc denotes the cut-off frequency measured in 
the ratio of the Nyquist frequency. b, The corresponding ground-truth (GT) 

image. c,d, Validation image patches and metrics for supervised optimization (c) 
and self-supervised optimization (d) at iteration numbers 1,000, 2,000, 3,000, 
5,000, and 200,000. Scale bar, 2 μm (a,b).
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Extended Data Fig. 3 | Assessments of the impact of excitation pattern 
density on deep learning-based SIM. a, The pattern line spacing varies 
with the excitation NA. Yellow arrows point to representative regions in the 
high-excitation-NA reconstruction. Experiments were repeated independently 

for 5 ROIs with similar results. b, PSNR and SSIM comparisons of PHCT with/
without the PPA block at varying excitation NA and pattern line spacing, n = 20. 
Central line, medians; limits, 75% and 25%; whiskers, maximum and minimum. 
Scale bar, 1 μm (a).
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Extended Data Fig. 4 | Ablation study of the PPA block. Representative SSR-SIM 
images of microtubules and F-actin using PHCT, with and without the PPA block. 
Arrows highlight fine microfilament connections and adjacent microtubules. 

PSNR, SSIM, and NRMSE values are attached for reference. Experiments were 
repeated independently for 5 ROIs (in different cells) with similar results. APC, 
average photon count of raw data. Scale bar, 2 μm.
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Extended Data Fig. 5 | Comparison of SSR-SIM with other SIM algorithms. Red arrows indicate representative hollow ring structures of CCPs, adjacent microtubules, 
and dense F-actin. The NRMSE metric for each reconstruction is provided. Experiments were repeated independently for 5 ROIs with similar results. APC, average 
photon count. Scale bar, 1 μm.
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Extended Data Fig. 6 | Reconstruction and uncertainty quantification 
of SSR-SIM models via Monte Carlo Dropout. a, Schematic of the SSR-SIM 
architecture. Input/output layers are shown in blue and hidden layers in orange. 
b, Diagram of the Monte Carlo Dropout (MCD) strategy used for uncertainty 
quantification. MCD (dropout rate p = 0.05) was applied before all learnable 
layers during both training and inference. c, Multiple stochastic reconstructions 
generated from a single input using the trained SSR-SIM model with MCD.  

d,e, The mean reconstruction (d) and standard deviation (uncertainty, e) 
computed from the multiple outputs shown in c. Models were trained on 
microtubule data (MTs, Domain A) and Clathrin-coated pits data (CCPs, Domain 
B), and tested on microtubule data (Domain A). For each training condition, 
the final mean reconstruction and the corresponding uncertainty maps are 
displayed. Experiments were repeated independently for 5 cells with similar 
results. Scale bars, 10 μm (c) and 3 μm (d).
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Extended Data Fig. 7 | Assessment of cellular activity and photobleaching 
under conventional SIM and SSR-SIM imaging. a, Ca2+-level response in 
Fluoforte-dyed and Calnexin-Halo-expressing COS-7 cells under negative control 
condition (Fluoforte excited in 488-nm laser, without 561-nm-channel excitation 
or SIM illumination) (n = 14). Imaging for each ROI was acquired over 10 minutes 
(600 time points); same for all subsequent panels. b,c, Ca2+-level response 
over time during conventional SIM (b) and SSR-SIM (c) live-cell imaging (n = 15 

each). d,e, Endoplasmic reticulum (ER) fluorescence signals over time during 
conventional SIM (d) and SSR-SIM (e) imaging. (n = 15 each). f, Representative Ca2+ 
signal images under negative control condition. g-j, Representative Ca2+ signal 
(g,i) and ER images (h,j) before and after conventional SIM and SSR-SIM imaging. 
Experiments (f-j) were repeated independently for 15 cells with similar results. 
Scale bars: 15 μm (full-field views in f-j) and 5 μm (zoomed-in regions in g-j).
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Extended Data Fig. 8 | SSR-SIM imaging of VSVG and sheet-like ER interaction. 
a, SSR-SIM imaging of co-movement of VSVG and ER structures. b, Time-lapse 
images of the dynamic events in cyan-boxed region (a). c, A separate image 
showing additional VSVG and ER interactions. d, Time-lapse images of the 
dynamic events in yellow-boxed regions (c). e, The y-t plots corresponding to the 

trajectories indicated in d. Orange arrows indicate the 256 s and 300 s time  
points in the sequence. All experiments were repeated independently for  
more than 3 ROIs with similar results. Gamma, 0.7 (a-e). Scale bars, 2 μm  
(a,b), 5 μm (c), and 1 μm (d).
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Extended Data Fig. 9 | SSR-SIM imaging of actin comet tails in Vero 
cells infected with Vaccinia Virus (VACV). a, Vero cells stably expressing 
LifeAct-mRuby (Orange Hot) and stained with Hoechst dyes (Cyan Hot). 
Experiments were repeated independently for 3 cells with similar results. 

b-d, Time-lapse images of VACV particles and actin comet tails. e, Movement 
trajectory of the VACV particle indicated in d. The white arrow denotes the 
position at the 94-second time point. Gamma, 0.7 (a-d). Scale bars, 5 μm 
 (a), 2 μm (b-d).
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