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Recent Advances in Structured Illumination Microscopy:
From Fundamental Principles to AI-Enhanced Imaging

Heng Zhang, Yunqi Zhu, Luhong Jin, Haixu Yang, Jianhang Wang, Sergey Ablameyko,
Xu Liu,* and Yingke Xu*

Structured illumination microscopy (SIM) has emerged as a pivotal
super-resolution technique in biological imaging. This review aims to
introduce the fundamental principles of SIM, primarily focuses on the latest
developments in super-resolution SIM imaging, such as the light illumination
and modulation devices, and the image reconstruction algorithms.
Additionally, the application of deep learning (DL) technology in SIM imaging
is explored, which is employed to enhance image quality, accelerate imaging
and reconstruction speed or replace the current image reconstruction
method. Furthermore, the key evaluation metrics are proposed and discussed
for assessment of deep-learning neural networks, especially for their
employment in SIM. Finally, the future integration of artificial intelligence (AI)
with SIM system and the perspective of smart microscope are also discussed.

1. Introduction

To acquire deep insights into the structures and behaviors
of subcellular compartments, scientists have been constantly
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pushing the boundaries of micro-
scopic observation to reveal the dy-
namic interactions underlying the vital
functions of cells. Super-resolution
microscopy (SRM) has revolutionized
imaging techniques, which breaks
the optical diffraction limit and al-
lows for observing cellular struc-
tures with unprecedented detail.[1–4]

Among all the various SRM methods,
structured illumination microscopy
(SIM) has gained immense popularity in
biological research due to its versatility
in addressing a wide range of biologi-
cal questions.[5] SIM is able to resolve
structures in the 100–200 nm range,
including organelles, macromolecular

structures and larger complexes.[5,6] It offers several ben-
efits when comparing with other SRM methods, for in-
stance with improved imaging speed, and the ability to ad-
dress biological questions without the need for complex sam-
ple preparation.[7] In contrast to single-molecule localiza-
tion microscopy (SMLM) techniques such as stochastic op-
tical reconstruction microscopy (STORM)[8] and photoactiva-
tion localization microscopy (PALM),[9] which sacrifice tem-
poral resolution for spatial resolution, and stimulated emis-
sion depletion microscopy (STED),[10,11] which typically re-
quires powerful depletion lasers, SIM has emerged as a
highly desirable approach for multi-color dynamic imag-
ing of live cells. SIM achieves a balanced compromise be-
tween temporal and spatial resolution, allowing the study
of dynamic processes in living cells with minimal optical
perturbation.[12–14]

The concept of SIM was first proposed by Mats Gustafsson,
who realized that the resolution of conventional fluorescence mi-
croscopy could be improved by illuminating the sample with a
series of stripe patterns, each shifted by a known distance. This
idea was further developed by Gustafsson in the early 2000s
and has since been widely adopted by researchers in the field
of super-resolution microscopy.[7,15,16] SIM is performed by ac-
quiring multiple images of the same sample under different il-
lumination patterns, and then computationally combining these
images to produce a single reconstruction with up to ∼2-fold res-
olution enhancement. This technique has become increasingly
popular in recent years due to its ability to permit multi-color
live cell super-resolution imaging without the need for extensive
sample preparation.[17] In addition, SIM has also been success-
fully combined with other imaging modalities, such as STED,[18]
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Table 1. Comparison of sinusoidal SIM, Spot-scanning SIM, and Lattice SIM techniques.

Types Variants Advantages Disadvantages Refs.

Sinusoidal SIM TIRFM-SIM, GI-SIM, Hessian-SIM,
3D-SIM, 4-beam 3D SIM, etc.

Utilizes sinusoidal light patterns to
illuminate specimen, resulting in lower
hardware requirements and complexity.

Employs a Fourier-based reconstruction
algorithm that decomposes raw images

into frequency components.

Offers lower resolution and acquisition
speed compared to other SIM

techniques.

[58,64,67]

Spot-scanning SIM ISM, iSIM, Airyscan, 2P-SIM, MSIM etc. Employs a focused light beam that scans
the sample point by point, allowing

modulation of the spatial frequency of
the illumination pattern by varying the

beam focus.
Uses a pixel-wise deconvolution-based

reconstruction algorithm, which
generally requires less computational
complexity. Suitable for tissue imaging.

Requires more sophisticated hardware,
including a laser source and a highly
sensitive detector typically such as a

photomultiplier tube (PMT).

[3,24–26]

Lattice SIM Lattice Light Sheet, Polarization-SIM,
Lattice SIM2

Uses an array of illumination patterns
(lattice) to excite multiple regions of the
sample simultaneously, significantly

increasing imaging speed and reducing
photon-induced photobleaching.

Employs a multi-frame deconvolution
process for image reconstruction,

allowing parallel processing of acquired
data to produce high-resolution images.

Requires a more sophisticated setup,
including a customized spatial light
modulator and additional optical

components.

[27,28]

Interferometric SIM 4Pi-SIM,
I5S

I2SIM

Uses interferometric microscopy to achieve
isotropic optical resolution through

interference in both the illumination and
detection wavefronts, achieving 100 nm

axial resolution.

More complex optical design to combine
interferometric microscopy with SIM;
slower imaging speed and longer data

processing time

[68–70]

Light-sheet[19–22] and expansion microscopy (ExM),[23] to further
enhance its imaging capabilities and increase versatility in ad-
dressing various biological problems. In this review, we aim
to provide a comprehensive overview of the latest progress
in SIM imaging, including the developments of its hardware
and software implementations, and recent advances in deep
learning techniques which have been integrated with SIM
to further improve its spatiotemporal resolution and imaging
quality.

2. Basic Knowledge of SIM

2.1. General Principles

By using structured patterns of light to illuminate the spec-
imen, SIM improves spatial resolution beyond the diffrac-
tion limit. There are several variations of SIM, which in-
clude sinusoidal SIM,[5] point-scanning SIM[3,24–26] and lat-
tice SIM[27,28] (see their comparisons in Table 1). The si-
nusoidal SIM is the most basic version of SIM that uses
a sinusoidal light pattern to illuminate the specimen, cre-
ating moiré fringes that are detected by the imaging sys-
tem (Figure 1a). Typically, a spatial light modulator (SLM)[29]

or a digital micromirror device (DMD)[30] is applied to gen-
erate the structured illumination patterns, which are de-
tected by sensitive charge-coupled device (CCD) or scien-
tific complementary metal-oxide-semiconductor (sCMOS) cam-

era. After the acquisition, Fourier-based reconstruction algo-
rithm was employed to decompose these 9–15 raw images
into frequency components.[31] The high-frequency informa-
tion is then extracted and combined to construct a super-
resolution image. sinusoidal SIM and its variations such
as 3D-SIM, total internal reflection fluorescence-SIM (TIRF-
SIM) etc., have been effectively applied in various biological
studies.[13]

Point-scanning SIM uses a focused beam of light to sequen-
tially scan the sample in a raster pattern (Figure 1b). By vary-
ing the beam focus, the spatial frequency of the illumination
pattern can be modulated, enabling the acquisition of high-
resolution data. A point-scanning SIM setup typically includes a
laser source, a scanning system such as galvo mirrors to direct
the light beam, and a highly sensitive detector such as a pho-
tomultiplier tube (PMT) for image acquisition. The reconstruc-
tion algorithm for point-scanning SIM is based on pixel-wise
deconvolution, which combines the acquired data (the amount
of the data is determined by the number of array detectors and
the scanning speed) to produce a high-resolution image.[32,33]

Compared to sinusoidal SIM, this method generally requires
less computational complexity and has been used to visualize
deep insight into tissues.[34,35] To further overcome the inher-
ent speed limitations of point-scanning SIM, researchers devel-
oped multi-focal structured illumination microscopy (MSIM).
It employs DMD to simultaneously generate multiple spots
of illumination across the specimen plane. MSIM achieves
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Figure 1. Conceptual diagram of sinusoidal SIM, spot-scanning SIM and lattice SIM. a) Diagram of sinusoidal SIM acquisition and reconstruction
process. Periodic interference fringes are introduced on the surface of the sample after the light source is reflected by the phase grating (left). By ad-
justing the phase and angle of the interference fringes, typically 9 raw images are obtained for further frequency unmix to obtain a super-resolution
image (right). b) The spot-scanning SIM is based on pixel-wise deconvolution, which combines the acquired data to produce a super-resolution im-
age. The resolution point spread function (PSF) of the system is related to the excitation PSF and the emission PSF. c) Lattice SIM and its variants. A
mask is added in the optical path to form lattice light spots that illuminate the sample. A specific reconstruction algorithm is used to recover one high-
resolution image. Abbreviations: GI-SIM (grazing incidence SIM), ISM (image scanning microscopy), iSIM (instant SIM), 2P-SIM (two-photon SIM).
d) Interferometric SIM and its variants. A dual-objective-lens interferometric system enables a near-isotropic resolution of ≈100 nm in all three dimen-
sions. Especially 4Pi-SIM is able to achieve live-cell imaging.

significantly enhanced imaging throughput than point-scanning
SIM.[36]

Lattice SIM is an advanced version of SIM that uses an
array of illumination patterns (lattice) to excite multiple re-
gions of the sample simultaneously (Figure 1c). This ap-
proach significantly increases imaging speed and induces less
photobleaching than traditional sinusoidal excitation. Lattice
SIM requires a more sophisticated setup, including a cus-
tomized SLM and additional optical components to shape
the lattice pattern. As for image reconstruction, lattice SIM
involves a multi-frame deconvolution process that processes
the acquired data in parallel to produce a high-resolution

image.[28] Lattice SIM has been used for high-speed live-cell
imaging, such as in investigating the excitatory and inhibitory
synapses.[37]

It should be noted that each SIM variant comes with unique
advantages in terms of hardware requirements and reconstruc-
tion algorithms (see Table 1). While sinusoidal SIM is the
most widely used form, point scanning and lattice SIM of-
fer more advanced imaging capabilities and faster acquisition
speed. The choice of the appropriate SIM technique is deter-
mined by the specific requirements of the imaging experiment,
including sample properties, resolution requirements, and ac-
quisition speed.
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2.2. Structured Illumination Devices and Image Reconstruction
Algorithms

2.2.1. Hardware Developments

The most important part of hardware development lies in the
light illumination and modulation devices for SIM imaging.
These developments enable for imaging with improved tempo-
ral resolution, deep light penetration depth, reduced phototoxic-
ity, and enhanced spatial resolution.
SLM and DMD are the two major devices used to imple-

ment the SIM illumination pattern. SLM is a transmissive
modulator that uses liquid crystal materials to modulate the
phase and amplitude of incident light, while DMD is a re-
flective modulator that uses microelectromechanical systems
(MEMS) technology to manipulate incident light through an
array of micromirrors.[38] Recent advances in both technolo-
gies have led to improvements in SIM performance. New liq-
uid crystal on silicon (LCoS) SLMs offer increased pixel den-
sity, faster response time and wider modulation range[39,40] In
parallel, DMD technology has seen advances in miniaturiza-
tion and integration, resulting in more compact and versatile
systems.[41]

Random illumination SIM, also known as blind-SIM, is a
promising new technique for improving SIM performance by
exploiting non-periodic structured illumination.[42–44] By incor-
porating a random phase mask into the optical path, multiple
random illumination patterns can be generated, offering sev-
eral advantages over traditional SIM methods. A key benefit
of random illumination is the reduction of photon damage to
the sample, as even distribution of light intensity across the
sample minimizes the risk of photobleaching and phototoxic-
ity. In addition, the non-periodic nature of the illumination pat-
terns reduces specimen-induced aberrations, enabling deeper
tissue imaging.[45] Furthermore, random illumination simplifies
the optical system by eliminating the need for complex pattern
generation and synchronization, making it more accessible and
cost-effective.
In addition, lattice SIM2, an advanced SIM technology that sur-

passes its predecessor Lattice SIM has been commercialized. By
using phase masks and diffraction gratings, Lattice SIM2 opti-
mizes the lattice illumination pattern and achieves improved res-
olution beyond the capabilities of Lattice SIM.[46–48] Lattice SIM2

represents a significant advancement, offering improved resolu-
tion, faster imaging speed, and an expanded range of applica-
tions. However, Lattice SIM2 has limitations, such as sensitivity
to sample movement, dependence on sample quality, and high
maintenance costs.

2.2.2. Development on SIM Reconstruction Algorithms

Over the years, various SIM reconstruction methods have been
developed to improve the quality and efficiency of reconstructed
images (summarized in Table 2). Among these methods, efforts
have been paid to improve either the quality or the speed of im-
age reconstruction, which represent significant advances in the
field.[31,49–51]

Spatial domain methods for SIM reconstruction directly ma-
nipulate the raw images in the spatial domain, without the need
for Fourier transformations.[52] This kind of method provides
improved performance in noise suppression and artifact reduc-
tion. However, spatial domain methods commonly suffer from
increased computational complexity compared to frequency do-
mainmethods, which analyzes the frequency domain of the orig-
inal images and identify the common frequency components in
order to reduce the amount of raw data required. The optical
transfer function (OTF) describes the response of an imaging
system to different spatial frequencies. OTF correction meth-
ods aim to improve the quality of the reconstruction by taking
the aberrations and distortions of the imaging system into ac-
count. These methods, such as high-fidelity SIM (HiFi-SIM),[53]

joint space frequency reconstruction-based SIM (JSFR-SIM)[54]

and joint space frequency reconstruction-based artifact reduc-
tion algorithm SIM (JSFR-AR-SIM),[55] providemore accurate re-
construction results. HiFi-SIM improves image reconstruction
and reduces artifacts while achieving higher spatial resolution
and noise suppression.[53] JSFR-SIM combines system optimiza-
tion with Fourier ring correlation for improved image quality
and resolution assessment,[54] while its extension, JSFR-AR-SIM,
incorporates HiFi- and JSFR-SIM to further enhance image re-
construction speed and to reduce artifacts.[55] Besides, physical-
based background filtering SIM (BF-SIM)[56] functions to remove
the background of raw images and enhance resolution through
different SIM reconstruction algorithms. However, the need for
accurate OTF measurements or physical models proposal may
limit their applicability in some situations. Besides, dCOR-SIM
(dichotomy–correlation SIM)[57] innovatively refines OTF correc-
tion by employing a dichotomy strategy to estimate illumina-
tion parameters rapidly and accurately. This approachminimizes
the iterative processes of conventional methods, thereby acceler-
ates high-quality super-resolution imaging and reduces artifacts
while maintaining robustness to noise. Sparse deconvolution al-
gorithms exploit the sparsity and continuity of biological samples
to achieve higher resolution than traditional SIM reconstruction
methods.[58,59] These algorithms reduce noise and can be applied
to live-cell imaging, allowing the study of dynamic cellular pro-
cesses at high spatial and temporal resolution. Nonetheless, these
techniques have certain drawbacks, such as high computational
complexity and the need for time-consuming manual optimiza-
tion of various parameters.
A major challenge with SIM is the requirement of multiple

raw images to achieve super-resolution, which can be time con-
suming and limit the temporal resolution of the technique. Sev-
eral methods have been developed to reduce the number of raw
images required for reconstruction.[60–63] These can significantly
improve the temporal resolution of SIM, but at the same time
may potentially introduce artifacts or compromise resolution in
some circumstances. grazing incidence SIM (GI-SIM), by inno-
vative combination of structured illumination and grazing inci-
dence illumination, has enabled high-resolution imaging of sur-
face structures such as cell membrane and surface-associated
proteins.[64] GI-SIM is a promising super-resolution technique
for imaging surface features, as it utilizes highly inclined and
laminated optical sheet (HILO)[65] microscopy and with slide
window reconstruction algorithms. Specifically, the slide win-
dow reconstruction algorithm uses 1–3 angles for the first
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Table 2. Comparison of different non-DL SIM reconstruction algorithms.

Types Instances Advantages Disadvantages Refs.

Spatial domain reconstruction SP-SIM, etc. Directly manipulate raw images in
the spatial domain, eliminating

the need for Fourier
transformations.

Provide improved performance in
terms of noise suppression and

artifact reduction.

Increased computational complexity
compared to frequency domain

methods.

[52]

OTF correction HiFi-SIM, JSFR-SIM, JSFR-AR-SIM,
BF-SIM, dCOR-SIM, etc.

Improve the quality of the
reconstruction by accounting for
the aberrations and distortions of

the imaging system.
Provide more accurate

reconstructions, improved image
quality, resolution enhancement,

and artifact reduction.

The need for accurate OTF
measurements or physical
models may limit their

applicability.

[53–57]

Reducing raw images 7-frame SIM, SF-SIM etc. Reduce the number of raw images
required for super-resolution,

improving the temporal
resolution of SIM.

May introduce artifacts or
compromise resolution in some

cases.

[60–63]

Slide-window reconstruction GI-SIM, etc. Enables high-resolution imaging of
surface structures.

Utilizes highly inclined and
laminated optical sheet (HILO)
microscopy with slide window
reconstruction algorithms,
resulting in faster temporal

resolution.

More computationally intensive due
to the slide window

reconstruction algorithm.

[64]

Sparse deconvolution Sparse-SIM, etc. Exploit the sparsity and continuity of
biological samples to achieve

higher resolution.
Reduce noise and can be applied to

live-cell imaging.

High computational complexity and
the need for time-consuming
manual optimization of various

parameters.

[58,59]

high-resolution frame and 2–4 angles for subsequent frames, re-
sulting in almost three times faster temporal resolution than tra-
ditional SIM setups.
In summary, spatial domain methods can provide better noise

suppression and artifact reduction, but can be computationally
expensive. OTF correction methods can improve reconstruction
accuracy, yet require accurate OTFmeasurements. Reducing raw
data requirements for reconstruction can improve temporal res-
olution, but may introduce artifacts and compromise resolution.
The slide-window based reconstruction on GI-SIM provides bet-
ter reconstruction with accelerated speed, however it can bemore
computationally intensive. The sparse deconvolution algorithms
can provide higher resolution and contrast, while may require
advanced optimization techniques and longer processing time.
Therefore, further research is still needed to optimize and com-
bine these methods for specific applications that would further
advance the field of SIM reconstruction.

2.2.3. Application of Advanced SIM in Biology

Spatial resolution, temporal resolution and light exposure are the
three primary trade-offs that limit the performance of fluores-
cence microscopy imaging.[66] Recently, there have been a surge

in publications focusing on optimization of reconstruction algo-
rithms and developing suitable devices for live cell SIM imag-
ing with high spatiaotemporal resolution. For instance, leverag-
ing prior knowledge of the sparsity and continuity of biological
structures, sparse deconvolution algorithms have been developed
to enhance the lateral resolution of images.[59] Although electron-
multiplying charge-coupled device (EMCCD) cameras offers su-
perior electron multiplication gain and quantum efficiency, their
large pixel size still restricts system resolution. However, sparse
deconvolution can extend the OTF of the system, allowing for
the visualization of previously indistinguishable ring-like endo-
plasmic reticulum (ER) tubules (Figure 2a). The four-beam 3D-
SIM technique, which positions a mirror directly opposite to
the sample, facilitates four-beam interference with higher spatial
frequency content than conventional 3D-SIM illumination.[67]

This results in near-isotropic imaging with ≈120 nm lateral and
160 nm axial resolution. Wide-field imaging of fixed U2OS cells
immunolabelled for Tomm20, a marker for the outer mitochon-
drial membrane, failed to resolve the inner mitochondrial space.
In contrast, both 3D-SIM and four-beam SIM provided lateral
views in which the mitochondria cristae were easily discernible.
However, only four-beam SIM could reliably resolve the inner
spaces in axial view (Figure 2b). Recent advances in SIM have
achieved isotropic 3D resolution by integrating interferometric

Small Methods 2025, 9, 2401616 © 2025 Wiley-VCH GmbH2401616 (5 of 15)
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Figure 2. Application of advanced SIM in biology. a) Lateral resolution enhancement achieved by sparse deconvolution. Comparison of the endoplasmic
reticulum (ER) tubules imaged via SD-SIM, Hessian, Sparse and Sparse × 2 (left). Enlarged regions for four methods (right top) and the corresponding
Fourier Ring Correlation (FRC) map (right bottom). The FRC resolution of SD-SIM images is ≈195 nm, while the Sparse×2 deconvolution image is
artificially upsampled to two-fold, resulting in an increased FRC resolution of ≈102 nm.[59] Reproduced with permission.[59] Copyright 2022, Springer
Nature. b) Four-beam 3D-SIM achieves isotropic super-resolution imaging of Tom20 labeledmitochondria. Color-coded depth image of a U2OS cell (left)
and enlarged xy, yz view of the white box in left (right). Four-beam 3D-SIM improves lateral resolution compared with regular 3D-SIM.[67] Reproduced
with permission.[67] Copyright 2023, Springer Nature. c) Demonstration of different reconstruction algorithms in suppressing the noise of a mouse
C127 cell.[71] Reproduced with permission.[71] Copyright 2021, Springer Nature. d) GI-SIM visualizes the long-term ER-MT dynamic interactions.[64]

Reproduced with permission.[64] Copyright 2018, Cell. Scale bars (from left to right, top to bottom): 5 μm, 5 μm, 500 nm (a); 4 μm, 1 μm, 1 μm (b); 5 μm
(c); 5 μm, 2 μm (d).

microscopy techniques that provide exceptional axial resolution
(≈100 nm). Representative developments in this area include 4Pi-
SIM,[68] I5S,[69] and the more recent I2SIM[70] (Figure 1d and
Table 1). Notably, 4Pi-SIM has demonstrated the capability for
live-cell imaging whilemaintaining this enhanced 3D resolution.
Reconstruction algorithms play a crucial role in regulating the

quality of reconstructed image to achieve noise-controlled out-
comes. True-Wiener-filtered SIM optimizes contrast across dif-
ferent signal-to-noise ratios (SNRs), while flat-noise SIM effec-
tivelymitigates structured noise artifact to preserve resolution.[71]

Both methods eliminate user-adjustable reconstruction parame-
ters, relying instead on physical parameters to maintain objec-
tivity. The notch-filtered SIM reveals a trade-off between contrast
and the appearance of natural noise, which can be partially ad-
dressed through further notch filtering, though at the expense
of decreased SNR. Representative images of widefield and noise-
controlled SIM reconstruction of a mouse C127 cell were illus-
trated in Figure 2c.[71] Furthermore, advancements in GI-SIM
have demonstrated the ability to visualize dynamic events near
the cell cortex with 97 nm resolution and a temporal resolution

of 266 frames per second.[64] This technique has been employed
to characterize endoplasmic reticulum andmicrotubule (ER-MT)
interactions and to investigate the underlying mechanisms of
ER network reorganization (Figure 2d). Collectively, these ad-
vances in SIM enhance live cell imaging by elevating both lateral
and axial resolution, suppressing noise, and increasing temporal
resolution.

3. Application of Deep Learning Methods to
Enhance SIM Performance

Deep learning (DL) is a machine learning technique that utilizes
learnable models with well-designed structures to extract com-
plex feature from data and accomplish specific tasks. In recent
years, many deep learning-based methods have been applied to
SIM. In this section, we will briefly introduce the fundamentals
of deep learning, focusing specifically on the common neural
networks used in SIM applications (Figure 3a–c) and a compar-
ison with conventional approach (Figure 3d). We will categorize
those methods into four categories (Figure 4a–c), describe their

Small Methods 2025, 9, 2401616 © 2025 Wiley-VCH GmbH2401616 (6 of 15)
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Figure 3. Commonly used deep learning models for SIM imaging. a) Deep learning methods minimize the objective function 𝓛 to uncover hidden
patterns in large datasets. b) Two types of neural networks commonly used in SIM: i) image-generation networks (producing images for tasks such as
segmentation, super-resolution reconstruction, and image deconvolution) and ii) information-reconstruction networks (extracting high-level semantic
information for tasks). c) Three types of image-generation networks: i) encoder-decoder networks[77–83] (using an encoder to extract information and
a decoder to reconstruct images), ii) generative adversarial networks[79,84–88] (with a generator and discriminator trained concurrently), iii) physically
constrained networks[74,89–91] (incorporating physical constraints to enforce adherence to known physical principles during training and inference).
d) Comparison of SR reconstruction performance between deep learning[74] and conventional algorithms on noisy F-actin images. The PSNR values are
indicated at the top-right corner of each image. The results demonstrate that the deep learning method exhibits superior noise robustness and effectively
suppresses reconstruction artifacts compared to the conventional approach. Reproduced with permission.[74] Copyright 2022, Springer Nature.

principles, and provide representative examples. Finally, we will
discuss the criteria for evaluation the performance of DL meth-
ods in practicle applications (Figure 4d–h).

3.1. Fundamentals of Deep Learning

The aim of deep learning is to learn and extract useful feature
representations from large datasets by building models with ef-
ficiency and accuracy. The typical workflow of deep learning is
illustrated in Figure 3a. Commonly, supervised learning is em-
ployed to tackle most deep learning tasks, which requires a sub-
stantial amount of input-ground truth (GT) data pairs. During
the training stage, the objective function (represented as func-
tion 𝓛 in Figure 3a) is minimized to ensure that the distance
between model outputs ̂Y and the GT Y will close enough to
each other. Through repeated iterations, a deep learning model
with stable output (𝓛 remains relatively constant across itera-
tions) can be achieved. In addition to supervised learning, alter-

native learning approaches are applicable under different con-
ditions. For instance, weakly supervised learning can be used
when only a portion of the data has associated GT. It has been
utilized for organelle segmentation in various types of micro-
scopic images.[72,73] Alternatively, unsupervised learning or self-
supervised learning can be applied to unlabeled dataset to di-
rectly explore the internal structure or rules inherent in the orig-
inal data, or to generate virtual labels to facilitate the training
process.[67,74]

To address a variety of image processing tasks, researchers
need to choose different types of neural networks. Two types of
neural networks are widely utilized in SIM-related applications
(Figure 3b): i) image-generation networks, such as U-Net,[75]

residual channel attention networks (RCAN),[76] etc., which are
suitable for SIM super-resolution reconstruction, fluorescence
structure segmentation, cross-modality imaging and other simi-
lar image-generating tasks; ii) information-recognition networks,
which are effective for image classification, object detection,
among others.

Small Methods 2025, 9, 2401616 © 2025 Wiley-VCH GmbH2401616 (7 of 15)
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Figure 4. Applications of deep learning to enhance SIM imaging (a–d) and important metrics for evaluation of model performance (e–i). a) Reducing
the number of SIM raw images to accelerate reconstruction.[84,95] b) Reconstructing raw images acquired under poor SNR conditions, or removing
artifacts from the reconstructed images.[80,81,86,102–104] c) Transfer learning from abundant accessible data,[107] followed by fine-tuning for specific tasks.
Evaluation criteria for deep learning models: d) Fidelity: The ability to avoid image distortion and precisely extract important information. e) Robustness:
Maintaining performance under various perturbations. f) Generalizability: Making correct predictions on unseen data. g) Interpretability: The extent to
which amodel’s decision-making process can be understood and explained in human terms. h) Calculation cost: Consumption of resources for inference
and training.

There are three commonly used types of image-generation
networks (Figure 3c): i) Encoder-Decoder network, such as U-
Net, have been widely used in biological imaging, including
SIM.[77–83] This type of network extracts features from input
images using an encoder, where the feature map typically de-
creases with increasing network depth as the number of chan-
nels increases. Subsequently, the decoder generates output im-
ages based on those features obtained from the encoder. ii) Gen-
erative adversarial networks (GANs), typically comprise of two
simultaneously trained networks: a generator and a discrimi-
nator. The generator aims to create realistic images, while the
discriminator tries to differentiate between real and generated
images. These two networks engage in a competitive process,
continually improving until the generator can produce highly re-
alistic images.[79,84–88] iii) Physically constrained networks. This

category of networks integrate physical models to enforce con-
straints during the network’s convergence process.[74,89–91] In the
context of deep learning-based SIM, researchers have leveraged
prior knowledge such as illumination patterns and point spread
functions to introduce constraints or additional objective func-
tions, thereby enhancing the model’s performance during both
training and inference phases.

3.2. Deep Learning Reduces Raw Image Requirement for SIM
Reconstruction

To recover high-frequency information in microscopic images,
the sinusoidal SIM reconstruction algorithm typically requires
nine or more raw images. A few studies have demonstrated

Small Methods 2025, 9, 2401616 © 2025 Wiley-VCH GmbH2401616 (8 of 15)
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SR image reconstruction using fewer than nine raw SIM
images,[52,60,92,93] but these approaches may require extra com-
putational complexity and struggle to outperform the traditional
method. In contrast, deep learning methods offer solutions that
can reduce the number of input images while achieving com-
parable or even superior performance. Specifically, deep learn-
ing methods enable convenient task-specific reconstruction pro-
cesses with fewer input images, leading to higher efficiency in
data acquisition and processing. For instance, Ling et al. used
cycle-consistent generative adversarial networks (cycleGANs)[94]

to achieve super-resolution reconstruction of sinusoidal SIM and
nonlinear SIM (NSIM) using structured light images in only
one direction, thanks to the isotropy of the fluorescence group
(Figure 4a).[84,95] Similarly, Chen et al. introduced an additional
frequency domain loss during the training of conditional genera-
tive adversarial networks (cGANs)[96] to achieve super-resolution
reconstruction of both 2D- and 3D-SIM using only one image per
direction.[88]

More recently, researchers have utilized single-frame struc-
tured light images to enhance the resolution of wide-field
microscopy. They proposed two different deep learning-based ap-
proaches to achieve this goal. Zhang et al. designed a five-way
GAN network to generate the original structured light images,
followed by a super-resolution reconstruction network using a
6-input and single-output deformation of U-Net (DU-Net).[79]

Meanwhile, Cheng et al. developed the fast and lightweight SIM
super-resolution network (FLSN), which comprises multi-scale
networks, a noise estimator, and bandpass attention modules.[97]

These approaches not only significantly reduce the time required
for SIM image acquisition but also mitigate the effects of photo-
toxicity and photobleaching on fluorescent samples.
Despite the efficiency and effectiveness of deep learningmeth-

ods for image analysis, there are limitations to their applicability.
A key concern is the generalizability of deep learning networks,
which require diverse datasets for training. For example, Zhang
et al. noted that their neural network is only applicable to images
with similar structure to those in training data, which restricts
the portability and versatility of these methods.[79]

3.3. Deep Learning Enhances Image Quality for SIM
Reconstruction

During microscopic imaging, particularly when observing live-
cell samples, the conditions for acquiring high-quality images
can be severely limited. Capturing live cells under intense il-
lumination poses a significant challenge due to their suscep-
tibility to light-induced photobleaching and cellular photodam-
age. As a result, the reconstruction of SIM images often suffers
from diminished quality and is susceptible to artifacts. To enable
sustained long-term imaging, it is common practice to reduce
light intensity. However, this would significantly deteriorate the
SNR of the raw data. In addition to low SNR, uneven light field
distribution and low structured light modulation depth can fur-
ther impede accurate SIM reconstruction.
Conventional image denoising algorithms, such as Wiener

filter, have been widely used to improve noisy microscopy
images.[98,99] Additionally, deconvolution methods, for instance
Richardson-Lucy deconvolution (RLD),[100,101] have shown to

effectively enhance fluorescence image quality.[55,74] However,
many of these methods require an extended and iterative pro-
cess, as well as sophisticated parameter optimization. In contrast,
deep-learning networks can achieve strong denoising results
without extensive parameter adjustments.[81] They have been ap-
plied to perform end-to-end high-resolution reconstruction un-
der low light illumination conditions (Figure 4b)[80,81,86,102–104] by
leveraging the feature extraction capabilities of the neural net-
works. Researchers have also utilized self-supervised deep learn-
ing methods to denoise SIM images using only noisy inputs,[105]

significantly reducing the burden of large training data prepara-
tion. Moreover, deep learning methods can overcome hardware-
related resolution limitations. For example, researches have used
carefully aligned images captured from lenses with varying
numerical aperture values to train a resolution-enhancement
model, enabling high-resolution imaging in a wider field of view
(FOV).[85] Similarly, wide-field (WF) or total internal reflection
fluorescent (TIRF) microscopy require less complicated hard-
ware compared to SIM. By using a WF-SIM data pair, neural
networks can learn the conversion between these two images
to achieve resolution improvement.[85,106] In this process, the
data-driven neural networks function as a deconvolution algo-
rithm, but with fewer parameter tuning challenges compared
to traditional methods. Additionally, Li et al. managed to train
an isotropization network on original 3D-SIM images with low
SNR using a self-supervised approach, achieving isotropic high-
quality 3D-SIM images.[67]

3.4. Deep Learning Achieves Experimental-Data-Free SIM
Reconstruction through Physical Modeling

Most deep learning approaches typically require paired SIM and
WF microscopy datasets during model training – a paradigm
known as supervised learning. However, such approaches often
face practical challenges in biological imaging applications, par-
ticularly regarding the acquisition of high-quality paired datasets
from delicate biological specimens. To address this limita-
tion, researchers are increasingly adopting synergistic strategies
that combine simulated data generation with transfer learning
techniques.
Transfer learning is a promising approach to address the chal-

lenge of insufficient training data in deep learning,[107] which
otherwise may induce overfitting or underfitting. The core con-
cept of transfer learning involves pre-training models on large
datasets that are similar to the target task, followed by fine-
tuning with limited data specific to that task (Figure 4c). This
method has been applied to SIM to accelerate the image recon-
struction process. Christensen et al. proposed ML-SIM (machine
learning-SIM),[108] which used the high-resolution images from
the DIV2K dataset[109] and generated SIM data pairs by simulat-
ing the SIM imaging process in silico. They trained these data
pairs using the RCAN network[76] and found that the optimized
network exhibited better robustness and artifact resistance on
real microscopic data compared to traditional open-source SIM
reconstruction approaches.[108,110] Similarly, Luo et al. used syn-
thetic data, such as dots and lines resembling content found in
fluorescent microscopic images, and simulated the SIM imag-
ing process for training, which yielded comparable results to

Small Methods 2025, 9, 2401616 © 2025 Wiley-VCH GmbH2401616 (9 of 15)
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ML-SIM.[77] Additionally, by integrating transfer learning with
fine-tuning, similar tasks become easier to learn, which promotes
the emergence of highly generalized DL-based SIM processing
networks.

3.5. Evaluation the Performance of Deep Learning Networks

Evaluation metrics play a crucial role in providing the bench-
mark for optimization of deep learning algorithms. In this sec-
tion, we will introduce five widely used evaluation metrics from
various perspectives to assist in assessing SIM-related deep learn-
ing models.

3.5.1. Fidelity

After training, the deep learning model needs to be evaluated
from various aspects to ensure its effectiveness. First is to ver-
ify whether the output images matches the input without irrele-
vant hallucinations or severe distortion (as shown in Figure 4d).
To ensure and improve the fidelity of the model, researchers can
guide the optimization direction of themodel by including global
or structural loss functions, such as SSIM loss[67,74,85,88,91,102,111] or
frequency domain loss.[77,88,112] In some circumstances, adversar-
ial training modes, such as GANs[113] and its derivatives cGANs
and cycleGANs, are employed. Thesemethods utilize discrimina-
tors to keep the generator’s output close to GT.[79,85,86,88,106] Previ-
ous studies have demonstrated that using a discriminator ismore
effective than using only U-Net for preventing the generation of
fake information.[114] Moreover, it is important to synthesize the
results of multiple metrics during testing to obtain a comprehen-
sive evaluation of themodel. However, if only onemetric, such as
the intersection over union (IoU), is used to compare the perfor-
mance, whichmay lead to false conclusion as shown in Figure 4d,
where the lower row shows significantly better results than the
upper row (with less distortion). Thus, applying appropriate con-
straints during training and using multiple metrics during test-
ing can both contribute to maintain the fidelity of the deep learn-
ing models.

3.5.2. Robustness

Robustness is another critical metric for assessing model perfor-
mance (as illustrated in Figure 4e). It refers to the ability of the
model to resist small perturbations that occur in input data. The
robustness of the model applied to SIM images is reflected in
its capability to reconstruct stable, high-resolution, high-quality
images even when using raw images with low SNR, inhomoge-
neous light fields, unstable or differently parameterized struc-
tured light, etc. The choice of loss function significantly impacts
the robustness of the trained model in SIM applications. Regu-
larization techniques,[115] such as total variation (TV) loss,[89] are
commonly employed to improve the model’s resilience, particu-
larly under low SNR conditions. In addition to the above men-
tioned deep learning assisted SIM image denoising, certain DL-
based SIM methods have demonstrated strong noise resistance
during testing, even without purposely designing the denoising

module (e.g., using low-high SNR data pairs, special loss com-
ponents, and uniquely designed network structure).[85,91] On the
other hand, traditional SIM has higher demands for SNR and
light illuminating conditions for the raw images and is prone to
produce artifacts[116] (see comparison in Figure 3d). Given the
data-driven nature of deep learning, it is crucial for researchers
to acquire sufficient amount of perturbation-containing data
for network training to ensure its robustness. In scenarios
where well-matched data pairs are difficult to obtain, studies
have demonstrated that using self-supervised methods[74,89,117]

or adding artificial simulated perturbations[77,82] can improve the
network’s resistance to the input disturbances.

3.5.3. Generalizability

Generalizability refers to the ability of a DL model to provide
accurate predictions or outputs on unseen data (Figure 4f). As
mentioned earlier, most deep learning networks are data-driven,
meaning they can only output reliable results for a specific type of
data. In applications requiring high model generalizability, such
as super-resolution imaging of cells with a large variety of mor-
phologically different organelles, the most straightforward ap-
proach is to collect sufficient raw of each organelle type for si-
multaneous training. However, this approach requires compli-
cated experimental steps and different methods for labeling and
acquiring each subcellular structure. Alternatively, one can use
simulated data,[77,108] or pre-train the network on simulated data
and then fine-tune it with real data. Simulated data are easily ob-
tainable and can be tailored to include specific geometric charac-
teristics necessary for the tasks.

3.5.4. Interpretability

Interpretability or explainability is another metric that has
been frequently mentioned in recent years to measure the
transparency of machine learning mechanisms. It reflects the
DL model’s ability to provide understandable structures and
predictable, controllable outputs during the inference stage
(Figure 4g).[74,97,118,119] Interpretable networks not only help re-
searchers grasp the underlying mechanisms of model opera-
tion but also often reduce redundant components, resulting in
lighter models.[97] By transforming traditional image processing
methods, which may contain iterative algorithms into structure-
specific neural networks, more efficient and lightweight inter-
pretable networks can be constructed.
Another effectivemethod for enhancing the comprehension of

the DL-SIMmodel is utilizing of uncertainty maps. For instance,
Zhu et al. utilized a Bayesian convolutional neural network to
quantify the uncertainty of the SIM reconstruction network.[82]

The resulting heat map serves as a reliable reference for the pre-
dictions of the reconstruction network, indicating the confidence
level in the results.

3.5.5. Complexity

The computational complexity of neural networks is also of great
significance for applications (Figure 4h). It typically includes four
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aspects: 1) Floating point operations (FLOPs), which refers to
how many basic floating point operations the network needs to
perform during inference or training. Lower FLOPs often allow
the network to run on a wider range of hardware platforms, and
consuming less computation time; 2) Number of parameters in
the network. In general, more parameters can bring stronger ex-
pressive power (as seen in deeper U-Net), but it increases the risk
of overfitting. Researchers have to ensure that the model is com-
plex enough to adapt to actual tasks, and avoiding to add unnec-
essary parameters; 3) Memory access, which refers to how much
memory the network costs during calculation. This is mainly de-
termined by the size of themodel and the size of the input image.
Practically, researchers need to reasonably limit the architecture
of the neural network according to the image size to prevent ex-
cessive consumption of memory during training and testing; 4)
Latency, which refers to the total time taken between input and
output. For tasks that require real-time inference, such as super-
resolution reconstruction and high-throughput image analysis,
if the network latency is higher than the data acquisition time,
it may not meet the real-time requirements. Methods to reduce
latency include using simplified network architectures, selecting
optimal hardware configurations, and employing model pruning
and quantization.
In recent years, studies have examined the impact of

neural network complexity on SIM image processing, and
have efficiently completed specific tasks through self-designed
lightweight neural networks.[97] Notably, some researchers have
employed a strategy called zero-shot learning, enabling the neu-
ral network to perform image reconstruction and high-resolution
deconvolution under various structured light patterns through
multiple iterations based solely on physical constraint equations,
with no need for training.[89,91] Although traditional network ar-
chitectures are still used, this unique computational strategy does
not require large-scale data support or complex and lengthy train-
ing procedures. We believe that emerging deep learning tech-
nologies such as zero-shot will play an increasingly significant
role in SIM imaging.

4. Conclusion and Outlooking

Substantial progresses have been made in the field of SIM over
the past few years, which have led to imaging with high speed,
enhanced image quality, and reduced complexity for subsequent
image reconstruction. With the advent of open-SIM[120] add-
on modules, conventional microscopes can be easily upgraded
to a super-resolution SIM setup. Concurrently, advancements
in SIM hardware have introduced innovative illumination pat-
terns, such as random illumination[43,44] and lattice light,[46,47]

all of which have diversified the structured light used in SIM,
making it more adaptable to various biological needs. Novel
reconstruction algorithms, such as JSFR-SIM[54] and Sparse-
SIM,[59] have enabled SIM reconstruction to operate effectively
with lower illumination doses, weaker SNR, and higher tem-
poral resolution while maintaining spatial resolution. Moreover,
the application of deep learning in SIM has accelerated re-
construction speed by utilizing fewer raw images[84,88,95] and
even replaced the reconstruction process,[108,121] enabling low
light illumination,[80] large field of view,[85] and isotropic-SIM
imaging.[67] These developments demonstrate that DL models of

image-generation type have vast potential applications in SIM. As
deep learning continues to evolve, diverse model architectures
will be proposed for various tasks. For instance, transformer-
based structures, known for their ability to capture long-range
dependencies, present a promising alternative to CNNs that
are largely constrained by local receptive fields.[112,122–124] It
is conceivable that DL models will also be integrated into
SIM system for real-time parameter estimation[51] and op-
tical correction,[125] thereby enhancing imaging quality and
stability.
Looking ahead, several promising trends are emerging in SIM

technology, including event-trigger,[78,126] content-rich,[127–129]

module-diverse,[130,131] label-free[132,133] techniques, alongside the
establishment of high-quality SIM image databases.[102,134] Any
increase in spatial resolution often comes at the cost of longer
exposure time, acquisition duration, and phototoxic damage to
the biological samples. Therefore, event-trigger SIM aims to over-
come this limitation by switching imaging modalities based on
regions of interest, employing low-resolution (WF) observation
for global views and high-resolution (SIM) for localized areas of
interest.[78] Content-rich SIM seeks to extract more information
from microscopic images, such as integrating fluorescence mi-
croscopy with force measurements, electrophysiological param-
eters, or mass spectrometry information.[127] This approach can
serve as a complementary method for refining event-triggered
microscopy systems. There is a growing need for module-diverse
SIM systems that offer flexible and modular extensions, such
as optical tweezers, microinjection devices, or laser ablation
systems.[130] These innovations will significantly lower the barri-
ers for biologists to adopt advancedmethods and further drive the
transition from observation to manipulation in super-resolution
microscopy. Label-free techniques, or virtual staining, transform
bright field micrographs into fluorescence images with high
SNR.[132,133] By computationally measuring the spatial distribu-
tion of fluorophores, thesemethods can recapitulate fluorescence
microscopy results without the need for physical staining or la-
beling, significantly reducing phototoxicity. Finally, the establish-
ment of SIM image databases will be essential for advancing
the field, providing valuable resources for researchers to develop
new deep learning algorithms based on large-data.[102,134] More-
over, public datasets can serve as a benchmark for evaluating the
performance of image processing algorithms and deep learning
models.
Taken together, we envision that future advances in SIM

technology will not only focus on improving image recon-
struction but also on optimizing image acquisition processes.
By integrating content-rich outputs and developing module-
diverse systems tailored to specific biological activities, smart
SIM system will unveil its full potential in the field of cell
biology.
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