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Structured illumination microscopy (SIM) is a popular and powerful super-resolution (SR)
technique in biomedical research. However, the conventional reconstruction algorithm for SIM
heavily relies on the accurate prior knowledge of illumination patterns and signal-to-noise ratio
(SNR) of raw images. To obtain high-quality SR images, several raw images need to be captured
under high fluorescence level, which further restricts SIM’s temporal resolution and its applica-
tions. Deep learning (DL) is a data-driven technology that has been used to expand the limits of
optical microscopy. In this study, we propose a deep neural network based on multi-level wavelet
and attention mechanism (MWAM) for SIM. Our results show that the MWAM network can
extract high-frequency information contained in SIM raw images and accurately integrate it into
the output image, resulting in superior SR images compared to those generated using wide-field
images as input data. We also demonstrate that the number of SIM raw images can be reduced to
three, with one image in each illumination orientation, to achieve the optimal tradeoff between
temporal and spatial resolution. Furthermore, our MWAM network exhibits superior recon-
struction ability on low-SNR images compared to conventional SIM algorithms. We have also
analyzed the adaptability of this network on other biological samples and successfully applied the
pretrained model to other SIM systems.
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1. Introduction

Structured illumination microscopy (SIM) is a
powerful super-resolution (SR) technique that can
enhance spatial resolution by up to two times
compared to wide-field (WF) microscopic imaging
systems.!™ SIM offers numerous advantages, in-
cluding high spatial and temporal resolution, low
phototoxicity, universal fluorescent dyes, and three-
dimensional imaging. As a result, it has become a
popular choice for biomedical research, especially
for observing live cells.*" In practice, SIM requires a
series of raw images to be captured under different
illumination patterns, such as sinuous illumination
with varying angles and phases. These images are
then reconstructed using an algorithm to produce a
super-resolution (SR) image. However, like other
SR microscopic imaging technologies, such as
stimulated emission depletion microscopy (STED)
and stochastic optical reconstruction microscopy
(STORM), SIM also must involve a trade-off be-
tween spatial and temporal resolution.®?

The conventional reconstruction algorithm for
SIM involves a reverse engineering process based on
SIM imaging theory. The accuracy of the prior
knowledge, such as the period, angle, phase, and
modulation of illumination pattern, and the point
spread function (PSF) of the imaging system, are
critical for stable reconstruction. In addition, stud-
ies have shown that the signal-to-noise ratio (SNR)
of raw images also directly affects the reconstruction
quality. The reconstructed SR image can be de-
graded by various forms of artifacts if the a priori
knowledge is skewed and the fluorescent level is
low.!"13 In recent years, novel algorithms for SIM
have been proposed to improve reconstruction
quality. Hessian SIM is a deconvolution algorithm
that uses the continuity of biological structures and
the randomness of noise as prior knowledge to guide
image reconstruction based on Hessian matrices.
This algorithm requires raw images at a relatively
higher acquisition frequency and is suitable for long-
term observation of living cells.!* HiFi SIM is a
high-fidelity SIM reconstruction algorithm that
engineers the effective PSF into an ideal form, ef-
fectively reducing commonly seen artifacts without

loss of fine structures and improving axial section-
ing for samples with strong background.'” The
sparse deconvolution algorithm improves the reso-
lution of SR fluorescence microscopy by taking ad-
vantage of a priori knowledge about the sparsity
and continuity of biological structures.'® Although
these algorithms have improved SR performance to
a great degree, they inevitably depend on the
parameters of the imaging system and SNR of the
raw image.

Deep learning (DL) is powerful tool that can
perform complex tasks by utilizing multilayered
artificial neural networks trained on a large amount
of tagged data.'” Since 2017, DL has been gradually
applied to optical microscopes to expand the limits
of imaging systems. For example, DL methods can
predict fluorescent or histological staining informa-
tion from label-free images,'®'? enhance lateral and
axial resolution, temporal resolution, SNR, and
optical section.’’** Since 2020, a series of DL
methods have been proposed to improve the per-
formance of SIM. These methods learn a mapping
from a set of low-resolution raw images to a high-
resolution SIM image through deep neural net-
works. Despite the significant differences between
wide-field microscopic images and structured illu-
minated images, these methods still perform rea-
sonably well in SIM. Under the prerequisite of
guaranteed SR quality, the temporal resolution of
SIM can be enhanced by reducing the number of
raw images or exposure time.?* " Notably, the SIM
raw images contain high-frequency information that
cannot be obtained by microscopy, but this infor-
mation is modulated to low frequency by structured
illumination. However, most DL algorithms applied
to SIM do not give enough consideration to the
differences between WF and SIM raw images. Ad-
ditionally, the adaptability of DL algorithms to
different samples and SIM systems has not been
fully discussed.

The quality of ground truth (GT) images directly
determine the best effect that the DL algorithm can
achieve, as is an end-to-end algorithm. In this
paper, the original SIM-SR, images in the BioSR
dataset’* are processed to improve the SNR and
contrast, and the improved SIM-SR images are used
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as the GT images for network training. Addition-
ally, a network based on multi-level wavelet packet
transform (WPT) and attention mechanism is
designed, namely multi-level wavelet and attention
mechanism (MWAM) network. The network
decomposes the input raw images into different
spectral channels through WPT,*! processes these
channels using residual channel attention block
(RCAB),* and selective kernel attention block
(SKAB),*® and finally outputs the SR images
through inverse wavelet transform (IWT), multi-
channel fusion, and up-sampling. Through a series
of training and validation experiments, the quality
of SR reconstruction using SIM raw images as input
is significantly superior to the SR quality using WF
images as input. This proves that the MWAM
network can effectively extract the high-frequency
information contained in SIM raw images and make
an important contribution to the output SR image.

2. Materials and Methods
2.1. Image preprocessing

The public BioSR SIM dataset®* is utilized for the
training and testing of the proposed MWAM net-
work. It comprises four distinct biological struc-
tures, namely clathrin-coated pits (CCPs),
endoplasmic reticulum (ER), microtubules (MTs),
and F-actin. The original SR images in the dataset
were reconstructed from raw images with ultrahigh
SNR using conventional SIM algorithm. Although
these SR images have no apparent artifacts, they
are still subject to system noise, defocus, and other
factors, resulting in structural discontinuity, low
contrast, and background blurring.

To enhance the quality of the SIM-SR images,
the BM3D algorithm is employed to denoise and
improve the structure continuity and complete-
ness.** Although the BM3D algorithm can preserve
high-frequency details a great extent, it still results
in minor loss of spatial resolution. Subsequently, the
sparse deconvolution algorithm is applied to en-
hance the resolution of the denoised SIM-SR, ima-
ges.' By adjusting the algorithm’s parameters,
such as sparse iteration, deconvolution times,
sparsity, and background level, the improved SIM-
SR images with best quality are obtained. The
preprocessed results of the SIM-SR images are pre-
sented in Fig. 1, with the images arranged in col-
umns representing WF images, original SIM-SR
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images, denoised SIM-SR images, improved SIM-SR.
images and zoom-in images, respectively. As shown
in Fig. 1, the improved SIM-SR images exhibit
lower background noise, higher contrast, and no loss
of resolution.

2.2.

In order to obtain the low-frequency and high-fre-
quency information from SIM raw images and
achieve SR reconstruction, we designed a neural
network based on multi-level WPT and attention
mechanism. This network is called the MWAM
network. Initially, the input raw images are
decomposed into multiple subband images using
multi-level WPT, which are then concatenated in
the channel dimension. These subband images are
then fed into multiple branches. Each branch
mainly consists of the RCAB, IWT, and SKAB.
The feature maps extracted from each branch are
scaled and summed up. Finally, the MWAM net-
work outputs the SR image after up-sampling and
output convolution layers. The architecture of the
proposed MWAM network is illustrated in Fig. 2,
which comprises three-level WPT and correspond-
ing three branches. The subsequent sections will
provide a detailed explanation of the MWAM net-
work’s design.

Wavelet packet transform is a technique used to
analyze and process signals in a multi-resolution
framework. The 2D WPT employs four filters,
namely fi1, fum, fan, and figg to convolve with an
image. The convolution results are then down-
sampled to obtain four subband images, i.e., LL,
LH, HL, and HH. The subband images can describe
the image information at different scales and
orientations.?” Due to the biorthogonal property of
WPT filters, the original image can be accurately
reconstructed by the IWT, as shown in Fig. 3. In
multi-level wavelet packet transform, each subband
image is further decomposed into four subband
images. WPT is invertible, ensuring that all infor-
mation is retained by the down-sampling scheme.
Furthermore, WPT can extract information in dif-
ferent frequencies, which is specifically suitable for
extracting feature maps from SIM raw images.

The residual channel attention (RCA) unit
combines the channel attention mechanism with
residual structure. The residual structure enables
low-frequency information to be directly transmit-
ted through skip connections, and then allows the

Network architecture
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WF image original SIM-SR image

denoised SIM-SR image

improved SIM-SR image zoom-in image

Fig. 1.

The preprocessed results of SIM-SR images. The WF images for reference (first column), the original SIM-SR images

obtained by conventional reconstruction algorithm (second column), the denoised SIM-SR images (third column), the improved
SIM-SR images (fourth column). The zoom-in images of red box are shown in the fifth column. The images arranged in rows
represent ER sample, MTs sample and F-actin sample respectively. Scale Bar: 3 um (images in first to fourth column) and 1 pm

(zoom-in images).

Fig. 2.

network to focus more on high-frequency informa-
tion learning. Additionally, by considering the in-
terdependence between channels and readjusting
the feature maps, the network’s discriminative

Fig. 3. Architectures of WPT and IWT.

Conv Layer

Architecture of the proposed network MWAM network comprising three branches.

learning ability can be enhanced. It is important to
note that the input data to RCA unit are subband
images obtained from WPT. The architecture of the
RCA unit is illustrated in Fig. 4(a). The RCAB is a
block comprising several RCA units.

The selective kernel attention (SKA) unit
enhances the representation power of deep con-
volutional neural networks by fusing information
from different receptive fields. The SKA unit sets up
several branches with different convolution kernel
sizes. Typically, a large kernel size can provide more
semantic information, while a small kernel size can
bring local texture information. Next, attention
vectors of different kernels and channels are

2350015-4



Deep neural network based on multi-level wavelet and attention

No—o—g-

i |

Kernel 3x3

Kernel 5x5

Soft attention
vector A

Soft attention
vector B

1

Convolution Layer ReLU Layer Adaf.) o s
Pooling Layer

E Linear Layer E Softmax Layer

@ Sigmoid Function @ Element-wise sum ® Element-wise product Average Function

calculated through a series of layers and used to
refine the feature maps from each branch. Finally,
the adaptive adjusted feature maps are output. The
architecture of the SKA unit with two different
kernel size branches is illustrated in Fig. 4(b). The
SKAB is a block comprising several SKA units.

2.3. Dataset

Cropping and flipping transformations were applied
to the raw images and the improved SIM-SR, ima-
ges, resulting in the generation of 4400 pairs of raw
images (128 x 128 pixels) and GT-SIM (256 x 256
pixels) images. Out of these, 4240 pairs were used
for training, while 160 pairs were used for testing, as
listed in Table 1.

Table 1. Dataset for training and testing.
Image number  Image number

Sample for training for testing

CCPs 586 40

ER 1612 40

MTs 859 40

F-actin 1183 40

All 4240 160

(a) Architecture of RCA unit; (b) Architecture of selective kernel attention unit.

Six types of input data are designed, namely one
raw image (denoted by raw-1l-input), three raw
images in one illumination angle (denoted by raw-3-
input), three raw images in three illumination
angles (denoted by raw-3angle-input), nine raw
images (denoted by raw-9-input), wide-field image
averaged by three raw images (denoted by WF-3-
input), and wide-field image averaged by nine raw
images (denoted by WF-9-input). These input data
have differences at number of channels, temporal
resolution, SNR, and level of high-frequency infor-
mation, as listed in Table 2. The temporal resolu-
tion only considers the exposure time and ignores
other time factors such as switching illumination
pattern. The exposure time of a single raw image is
set to AT and the SNR of a single raw image is set
to . Since WF-3-input and WF-9-input images are
averaged by multiple raw images, their SNR is 3«
and 9a, respectively. Compared with the WF ima-
ges, the SIM raw images contain high-frequency
information, which is modulated by structured il-
lumination. Both raw-1l-input and raw-3-input
images theoretically contain the same high-fre-
quency information in one orientation. Similarly,
both raw-3angle-input and raw-9-input images
contain the same high-frequency information in
three orientations. However, the conventional
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Table 2.

Six input data types.

Number of input

SNR of single Level of high-frequency

Input data type channel Temporal resolution  input image information
Raw-1-input 1 AT «@ +
Raw-3-input 3 3AT « +
Raw-3angle-input 3 3AT « ++ 4+
Raw-9-input 9 9IAT o +++
WF-3-input 1 3AT 3« /
WEF-9-input 1 9AT eLe! /

reconstruction algorithm has to separate and ex-
tract high-frequency information from at least three
raw images with different illumination phases.

2.4. Network hyperparameters and

training

In this paper, the configuration parameters of the
MWAM network are set as follows: The number of
RCA units in RCAB is 4, the number of SKA units
in SKAB is 5, and the output channel number of the
convolution layer before SKAB is 64. A MWAM
network model is learned for each type of input
data. The MWAM network was trained by opti-
mizing the Charbonnier loss®*® and the optimizer is
Adam algorithm.?” The batch size is set to 16. The
initial learning rate is set to 0.0002, which is then
decayed by half every 50 epochs for a total of 300
epochs. All experiments are conducted in the

0.03

Python 3.9 environment running on a PC with 11th
Gen Intel(R) Core (TM) i7-11700 @ 2.50 GHz CPU
and a Nvidia GeForce RTX3080 Ti GPU. The
learning algorithm converges very fast and it takes
about 27h to train a MWAM network model.

3. Results

3.1. Reconstructed results with different

input data

The train loss and test loss for six types of input
data are shown in Fig. 5. The train loss has been
consistently decreasing in the 300 epochs, while the
test loss has remained almost stable after approxi-
mately 50 epochs. The average PSNR and SSIM are
used to evaluate the quality of reconstructed ima-
ges, as listed in Table 3. The SR images recon-
structed by different trained models are shown in

0.025

0.02

0.015

—=—Raw-1-Input-Train
——Raw-3angle-Input-Train
—v—WEF-3-Input-Train
—+—WF-9-Input-Train
—*—Raw-9-Input-Train
——Raw-3-Input-Train
—Raw-1-Input-Test
—Raw-3angle-Input-Test
—WEF-3-Input-Test
—WF-9-Input-Test
—Raw-9-Input-Test
——Raw-3-Input-Test

Train and Test Loss

0.01

0.005

0 50 100

Fig. 5.

150 200 250 300

epoch

Train loss and test loss for six types of input data.
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Table 3. Average PSNR and SSIM
results for six types of input data.

Input data type PSNR (dB) SSIM
Raw-1-input 31.58 0.9039
Raw-3-input 32.90 0.9251
Raw-3angle-input 35.17 0.9498
Raw-9-input 38.41 0.9684
WF-3-input 32.56 0.9208
WEF-9-input 35.83 0.9543

Fig. 6. For samples with relatively simple struc-
tures, such as ER, the output SR images from six
different models have almost no difference, and can
achieve comparable quality and resolution with
GT-SIM images, as shown in the first row of Fig. 6.
However, the models with raw-1-input and WF-3-
input perform poorly on samples with complex
structures, such as CCPs, MTs, and F-actin. These
two models cannot accurately reconstruct some fine
structures, such as two very close MTs, as shown in
the fourth row of Fig. 6. By comparing the models
with raw-3angle-input and WF-3-input, which have
the same temporal resolution, we can find that the

Raw-1-input WF-3- mput Raw-3-input Raw-3angle-input

J {
. l .

Deep neural network based on multi-level wavelet and attention

former produces significantly superior reconstruc-
tion quality. The same conclusion applies to the
models with raw-9-input and WF-9-input. The
MW AM network proposed in this paper can extract
high-frequency information from SIM raw images,
and obtain SR images with better quality than
those obtained using WF images as input data.
When the input data consist of nine SIM raw ima-
ges, the trained model achieves optimal recon-
struction quality, and the average PSNR and SSIM
values of output SR images are 38.41dB and
0.9684 dB, respectively. In general, the model with
raw-3angle-input data achieves the best balance
between reconstruction quality and temporal
resolution.

Deep Fourier channel attention network
(DFCAN) is a novel deep neural network developed
by Chang Qiao et al. in 2021.?* The test data are
MTs images with and without background fluores-
cence, the SR images reconstructed by MWAM and
DFCAN models are shown in Fig. 7. The models
utilized in the first to fifth columns of Fig. 7 are
DFCAN-SIM  model, DFCAN-SISR  model,
MWAM-Raw-9-input model, MWAM-WF-9-input

Raw-9-input

' ..-

WF-9- mput

Fig. 6.
reconstructed by the model with Raw-1-input data, WF-3-input data, Raw-3-input data, Raw-3angle-input data, WF-9-input data
and Raw-9-input data, respectively. The GT-SIM images (seventh column) and wide-field images (eighth column) are shown for
reference. Scale bars: 1.5 ym.

Comparison of the SR images reconstructed by different models. The images in first to sixth columns are SR images

2350015-7
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DFCAN-SIM model DFCAN-SISR model

MWAM Raw-9-input model

MWAM WEF-9-input model MWAM-Raw-3angle-input model

(el)

—DFCAN-SIM model
= = DFCAN-SISR model
MWAM-Raw-9-input model
—o— MWAM-WF-9-input model
071 I ~—=— MWAM-Raw-3angle-input model
A

Fig. 7. Comparison of the SR images reconstructed by DFCAN and MWAM models. The images in first to fifth columns are SR
images reconstructed by the DFCAN-SIM model, DFCAN-SISR model, MWAM-Raw-9-input model, MWAM-WF-9-input model,
and MWAM-Raw-3angle-intput model, respectively. (f) and (g) show the intensity distributions along the red line in the first and

second row images. Scale bars: 1.0 um.

model, and MWAM-Raw-3angle-input model, re-
spectively. The input images of DFCAN-SIM model
and MWAM-Raw-9 input model are nine raw
images, while the input images of the DFCAN-SISR
model and MWAM-WF-9-input model are WF
image averaged by nine raw images. Figures 7(f)
and 7(g) show the intensity distributions along the
red line in the first and second row images in Fig. 7,
respectively. We can see that, the MWAM models
produce comparable reconstruction performance to
the DFCAN models. Due to the optimization of
SIM-SR images in this paper, the reconstructed SR
images by MWAM models contain weaker back-
ground fluorescence. In addition, the MWAM net-
work is uniquely capable of producing exceptional
results even when only three raw images are used as
input, thus enabling a better tradeoff between
temporal and spatial resolution.

3.2. Reconstructed results under low
fluorescence level

In certain biological experiments and specific sam-
ples, it is crucial to strictly control the illumination
density and exposure time to prevent damage or
bleaching of the sample. However, this can often
result in obtaining raw images with poor SNR. To
address this issue, we utilized two other datasets
with fluorescence levels 0.6 and 0.3, respectively to
train the MWAM network. The fluorescence level of
raw images with optimal SNR is set to 1.0 for ref-
erence. The input data consist of three raw images
captured at different illumination angles. The SR
images reconstructed by the MWAM model and
conventional SIM algorithm are presented in Fig. 8.
The results demonstrate that the MWAM network
can reconstruct SR images from low SNR raw
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Raw image with FL 0.3

Raw image with FL 0.6

Con-SR image under FL 0.3 Con-SR image under FL 0.6 DL-SR image under FL 0.3 DL-SR image under FL 0.6
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GT-SIM

Fig. 8.

Reconstructed SR images under low-fluorescence level. Raw images with fluorescence level 0.3 (first column)

, raw images

with fluorescence level 0.6 (second column), SR images reconstructed by the conventional SIM algorithm under ﬁuorescence level 0.3
(third column), SR images reconstructed by the conventional SIM algorithm under fluorescence level 0.6 (fourth column), SR
images reconstructed by MWAM network under the fluorescence level 0.3 (fifth column), SR images reconstructed by MWAM
network under the fluorescence level 0.6 (sixth column), GT-SIM images (seventh column). Scale bars: 1 ym.

images with fewer errors and artifacts, particularly
for relatively simple structures, as depicted in the
fifth and sixth column of Fig. 8. Average PSNR and
SSIM values of SR images output by models are
32.24dB/0.8976 (fluorescence level 0.6) and
30.58dB/0.8618 (fluorescence level 0.3), respec-
tively. In contrast, the conventional SIM algorithm
struggles to obtain accurate illumination para-
meters and eliminate high-frequency noise under
low fluorescence level, leading to severely degraded
SR images, as depicted in the third and fourth
column of Fig. 8.

3.3. The adaptability of MWAM

network

To investigate the adaptability of the MWAM

the model on four different datasets, namely CCPs,
ER, MT, and F-action, respectively, and evaluated
performance on other three datasets that are not
included in the training set. The average PSNR and
SSIM values of the validation results are presented
in Table 4. Although it is preferable to train the
network for each type of biological structure, we
observed that the model trained on complex struc-
tures, such as F-actin and MTs, exhibited good
generalization performance on other structures,
such as and CCPs.

On the other hand, we obtained raw images using
the 2D SIM mode of Nikon NSIM system, which
had a different system configuration, such as nu-
merical aperture (NA) of objective, magnification,
PSF. The tested sample is bovine pulmonary artery
endothelial (BPAE) cells stained with a combina-

network to various biological structures, we trained

tion of fluorescent dyes,

including mitochondria

Table 4. Average PSNR/SSIM results under different training datasets and validation datasets.

Input data type

Dataset for training

Dataset for validation

CCPs

ER

MTs

F-actin

Raw-3angle-input

CCPs
ER
MTs
F-actin

35.79/0.9791
31.47/0.8841
31.28/0.9366
31.88,/0.9435

24.38/0.6886
33.53/0.9526
30.59/0.8989
30.89/0.9145

27.37/0.5821
30.55/0.8653
34.95/0.9380
34.59/0.9292

27.72/0.5267
31.47/0.8534
35.84/0.9226
36.67/0.9331

2350015-9
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Fig. 9. The adaptability of the MWAM model to Nikon NSIM
system. WF images (first column), SR images reconstructed by
Nikon NSIM system (second column), and SR images output by
pretrained MWAM model (third column). Scale bar: 2 ym.

labeled with red-fluorescent MitoTracker® Red
CMXRos and F-actin labeled with green-fluorescent
Alexa Fluor® 488 phalloidin. The WF images and
SR images reconstructed by Nikon NSIM are pre-
sented in the first and second column of Fig. 9. To
compare the performance, we fed these raw images
into the pretrained MWAM model on the BioSR
dataset, and the output results are shown in the
third column of Fig. 9. It can be seen that the SR
images reconstructed by the network model exhibit
lower background noise and fewer artifacts. There-
fore, the proposed MWAM network can be effec-
tively applied to the 2D SIM mode of Nikon NSIM
system. However, the network model cannot be
applied to images obtained using the 3D SIM mode,
due to the presence of clear fringe structures in the
raw images.

4. Discussion

In this paper, we demonstrate that the deep neural
network MWAM is highly effective for super-reso-
lution reconstruction of SIM. The pretrained
MWAM model can output high-fidelity SR image
using just three raw images and can achieve re-
markable reconstruction results when the fluores-
cence level is as low as 0.3. These research results
have surpassed the limitations of conventional
reconstruction algorithms, which are essential in
improving the temporal resolution and minimizing
the phototoxicity.

The application of DL to optical microscopes
confronts the issue of adaptability. In this paper, we

have shown that the MWAM model trained on
complex structures exhibited good generalization
performance on other simple structures. However, it
should be noted that if the structures of the sample
are completely ‘unfamiliar’ to the model, it may
lead to reconstruction errors. Training on datasets
with sufficiently complex structures can effectively
improve the applicability of network model. Com-
plex structures can be obtained through artificial
synthesis or multicolor colocalization experiments.
Another solution is to obtain high-quality small
datasets of new biological samples under high fluo-
rescence level, and use transfer learning methods to
train a new model suitable for this sample. These
two aspects of work are our main research directions
in the future.

5. Conclusions

SIM is a widely used and powerful super-resolution
technique in biomedical research that uses struc-
tured patterns to illuminate the sample, resulting in
up to two times higher spatial resolution compared
to traditional microscopy. However, as a computa-
tional imaging method, the quality of reconstructed
SR images heavily relies on accurate prior knowledge
of illumination patterns and SNR of raw images.
This limits the temporal resolution SIM, as multiple
raw images with high SNR need to be captured. DL
is an emerging technology that has brought signifi-
cant innovation to many fields, including optical
microscopy. However, it is important to note that
SIM raw images differ significantly from wide-field
images, as SIM images contain high-frequency in-
formation modulated by structured illumination,
which is crucial for reconstructing SR images.

In this study, we propose a deep neural network
based on MWAM for SIM. The raw images are
decomposed into sub band images through multi-
level WPT, then several branches including RCAB,
IWT, and SKAB are used to extract multi-level
feature maps. Finally, the network outputs SR
images through multi-channel fusion and up-sam-
pling. The study results show that the MWAM
network can extract high-frequency information
contained in SIM raw images and output superior
SR images compared to those generated using WF
images as input data. To achieve the optimal
tradeoff between temporal and spatial resolution,
the number of SIM raw images can be reduced to
three. Furthermore, the proposed MWAM network
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outperforms conventional algorithms under low-
fluorescence level. We have also demonstrated that
the model trained on complex structures exhibited
good generalization performance on other simple
structures. Finally, the pretrained MWAM model
based on BioSR dataset is successfully applied to
the 2D SIM data measured by Nikon NSIM
systems.
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