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Abstract: Low-dose imaging techniques have many important applications in diverse fields,
from biological engineering to materials science. Samples can be protected from phototoxicity
or radiation-induced damage using low-dose illumination. However, imaging under a low-dose
condition is dominated by Poisson noise and additive Gaussian noise, which seriously affects
the imaging quality, such as signal-to-noise ratio, contrast, and resolution. In this work, we
demonstrate a low-dose imaging denoising method that incorporates the noise statistical model
into a deep neural network. One pair of noisy images is used instead of clear target labels
and the parameters of the network are optimized by the noise statistical model. The proposed
method is evaluated using simulation data of the optical microscope, and scanning transmission
electron microscope under different low-dose illumination conditions. In order to capture
two noisy measurements of the same information in a dynamic process, we built an optical
microscope that is capable of capturing a pair of images with independent and identically
distributed noises in one shot. A biological dynamic process under low-dose condition imaging is
performed and reconstructed with the proposed method. We experimentally demonstrate that the
proposed method is effective on an optical microscope, fluorescence microscope, and scanning
transmission electron microscope, and show that the reconstructed images are improved in terms
of signal-to-noise ratio and spatial resolution. We believe that the proposed method could be
applied to a wide range of low-dose imaging systems from biological to material science.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Low-dose imaging technique is extensively applied in biological, clinical medicine, crystallogra-
phy, and many other research fields [1-8]. Decreasing incident dose is a direct and feasible way
to reduce or perhaps eliminate phototoxicity and radiation damage [9,10]. However, in general,
image quality is proportional to the total incident dose. Under low-dose illumination conditions,
Poisson and Gaussian mixed noise become the main factors influencing the signal-to-noise ratio
and resolution of the image. Recently, a large number of studies is devoted to denoising the
mixed Poisson—Gaussian noise [11-14]. Most denoising methods have to estimate the variance
of the noise or require variance stabilization, but in practical applications, the variance of the
noise is unknown or changeable. The signal-dependent Poisson noise that is neither additive
nor multiplicative is harder to be removed [15], which is a challenge in the image processing
community.
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Deep learning, as a data-driven optimization method, has gained significant popularity in
addressing the problem of image reconstruction in coherent diffraction, holograms, ghost imaging,
image super-resolution and denoising [16-25]. One of the key limitations of the data-driven
learning method is the need for a large data set with the corresponding high-quality ground truth
images [26]. Obtaining sufficient numbers of ground truth images is costly, and in many practical
applications, it is difficult to gain high-quality images (or ground truth images). For example, in
computed tomography, the ground truth images can be captured by scanning with a high dose and
over along time [27]. In living cell imaging, it is infeasible to obtain high-quality images at a high
dose illumination condition from samples that are sensitive to radiation or photo-toxicity [28].
To address the problem of insufficient ground truth images, deep learning methods for image
reconstruction are developed through unsupervised learning with prior information. Currently,
physics-driven learning methods have been successfully used for inverse problems to eliminate
the need for ground truth images [29-31]. Noise2Noise method uses independent pairs of noisy
images to successfully reconstruct high-quality images [32]. Acquisition of such pairs with
independent and identically distributed noise is feasible for (quasi) static scenes [33], while it is
difficult to acquire two noisy measurements of the same information in a dynamic process.

In this work, we developed a learning-based denoising method that incorporates the noise
statistical model into a deep convolution network. The proposed method requires only pairs of
noisy images without high-quality ground truth images, and the network parameters are optimized
through the interplay between the neural network and the mathematical statistics model of noise.
The idea of combining a mathematical statistics model to train a neural network is inspired by
Noise2Noise [32], which enables training through noisy targets with zero-mean noise. Here, a
Poisson and Gaussian mixed noise model by the quantum nature of light and thermal noise is
used in our study, which has a non-zero mean. Numerical simulations with optical microscopy
data under different illumination conditions and scanning transmission electron microscopy
images with a low dose are performed to verify our proposed method. Based on the proposed
method, we set up an optical microscope to capture two images with the same information but
containing independent and identically distributed noise in a single shot. Specifically, two images
that are split by a beam splitter can be simultaneously captured in different zones of a camera
with a global shutter. Thus, based on the single shot measurement, a dynamic process can be
reconstructed by the proposed method. A biological dynamic process of living cells under a
low-dose illumination condition recorded and reconstructed using the proposed method. In
addition, we also applied this method to image static samples on a fluorescence microscope and
a scanning transmission electron microscope under low-dose conditions. Experimental results
demonstrate that the proposed method can effectively improve the low-dose imaging quality in
terms of signal-to-noise ratio, contrast, and spatial resolution, holding promise in biological and
material science research.

The paper is organized as follows: Section 2 describes the formation of the denoising method.
In section 3, we verify the proposed method using numerical simulations for optical microscopy
and scanning transmission electron microscopy. In section 4, the optical experimental setup
is described (Section 4.1). A proof-of-principle experiment is firstly carried out on a USAF
target by an optical microscope (Section 4.2). Then, we apply the method to a biological
dynamical process captured using an optical microscope (Section 4.3), static samples imaged
by a fluorescence microscope (Section 4.4), and a scanning transmission electron microscope
(Section 4.5). Section 5 concludes.

2. Methodology

The measurement is practically subject to Gaussian thermal and Poisson noise because of the
photoelectric conversion process and the quantum nature of light [14,34], which can be expressed
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as:

I(x.y) = S(p) + P {pg—g;} PN M)

where S(p) denotes the noiseless image that is a function of p (the photon flux in photons per
pixel); P{o} denotes a Poisson random variable with mean o; the average operator (-) is used as
a normalization factor in the denominator. N denotes a Gaussian random variable with zero
mean and variance u2, which is a signal-independent noise.

A typical learning method to restore the high-quality image is to attempt to learn a mapping
function R (e.g., convolutional neural networks) from a large number of pairs, a noisy image
and the corresponding noiseless image S(p) as the ground-truth, by solving

Ry = arg;ninZL [Rg (i,) -S|, 2)

where Ry is a parametric family of mappings; L is the loss function; The training results Ry- can
map a noisy image under a low-dose illumination condition to the corresponding high-quality
image. This strategy is feasible with sufficient data and ground truth labels. However, due to
phototoxicity or radiation damage, dose-sensitive samples are impossible to expose to high-dose
illumination conditions to obtain high-quality ground truth images.

Instead, our learning method to restore the high-quality image by using one pair of noisy
images is formulated as:

Rp+ = argmin L [Rg (7') - 7"] , 3)
0

where 1’ and 1" are the same scene image under a low-dose illumination condition with the
independent and identically distributed noise. One of the noisy images is used as the input,
and another one is used as a label in the loss function, as shown in Fig. 1(a). In our study,
Pearson correlation coefficient loss function L is used, and Ry is the U-Net structure that is widely
used in image restoring and image segmentation [35,36]. Based on the statistical modeling of
measurement, the optimization process can be expressed as

R = . Cov(Ry [I'(x,y)] . 1" (x,y))
g+ = argmin(1 — = =
o \/Var {Rg [I’(x, y)] } Var {I”(x, y)}

“

where Cov is the covariance; Var is the Variance; and \/Var {Ro [I"(x,y)]} Var {I”(x,y)} is the
normalization factor that can prevent non-convergence due to a big variance. The minimal value
of the Eq. (4) is obtained when Ry [7 "(x, y)] equals the noiseless image with additional Poisson
mean o.

According to the statistical property of the noise model, the specific analysis can be described
as follow:

Cov(Ry [i'(x, y)] 17 (x,y)

1 < 5 5 5 5 5
=SS (R [P - BURs [P @ - B @] )
x=1 y=1
where (m, n) is the size of the image; E{} is the expectation operator, and
1 v 5 ,
— 3 > Ro [1'(6,0)] =B {Rq [I'x. )]}
i g (6)
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Fig. 1. (a). Flowchart of the training process with one pair of noisy images. (b). Architecture
of the artificial neural network.
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where P/, N/, and P, N’/ are two independent and identically distributed noises. According to
Egs. (5) and (7):

Cov(Ry [T, )] 17(6,3) = B{), > R [I'x,3)] ~EIS(p)] - o} @®)

x=1 y=1

Thus, after optimization, the mapping function Ry- can be used to restore the noiseless image
with the additional o that is the mean of a Poisson random variable:

Ro- (1) = S() + 0. ©)

The o does not affect the resolution of the restored image but increases the overall brightness
and we can normalize the reconstructed result to reduce the effect of o-. Practically, the Poisson
noise is neither additive nor multiplicative, but proportionally to light dose. The mean o of the
Poisson random variable is not a constant under different illumination conditions and hardly
estimates accurately. In our study, we need only ensure that each pair of images is under the same
illumination condition without the need for a noise variance.

A number of options can be used as a mapping function R. In this study, R is based on the
U-Net architecture, as shown in Fig. 1(b). Details of the double convolution operation are shown
in the dash line box, which contains 2*[2D convolution + Batch normalization + ReLU]. All
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2D convolutions in double convolution block are carried with kernel size=3, stride=1 except
the last one which has kernel size=1, stride=1. The 2D transposed convolution is performed
with kernel size=2 and stride=2. And the 2D max pooling is performed with kernel size=2. The
neural network is implemented using the Pytorch framework version 1.10 based on Python 3.7.8.
on a desktop workstation (E5-2630 @ 2.20GHz CPU and NVIDIA GTX 3090 GPU).

3. Simulation
3.1.  Numerical simulation on optical microscope

The optical microscope is the most commonly used imaging equipment in many areas of research
including biological, life, and health sciences. However, phototoxicity can arise with visible light,
infrared, and ultraviolet in biological imaging [37,38]. Imaging under low-dose conditions is
helpful to reduce or perhaps eliminate phototoxicity. To verify the ability of the proposed method,
numerical simulations are performed on Nuclei Segmentation In Microscope Cell Images dataset
[35]. 220 different images are used, 200 images for training and 20 images for testing. Pairs
of noisy images (1) are generated in accordance with Eq. (1). The raw images from the dataset
are cut into 512 x 512 pixels and normalized to 0 — 255 with a uint8 format. We take three
illumination conditions, i.e., p = 100 photons/pixel, p = 500 photons/pixel, and p = 5000
photons/pixel, as examples to examine the performance. The noiseless images (S(p)) under
different illumination conditions are presented in Fig. 2. When the camera is fixed bit depth or
dynamic range, one can clearly see that the noiseless images have obvious gray-level steps under
low-dose conditions, as shown in Fig. 2(al) and (b1). Specifically, when p = 100 photons/pix, the
noiseless image has only 4 grayscale levels from 0 to 3 plotted in Fig. 2(a2). Even without noise,
the details, and contrast of the image are reduced with photon flux decreasing. Due to the Poisson
noise and Gaussian noise, the quality of the image gets even worse under low-dose illumination
conditions. The noisy images under different illumination conditions with the Poisson noise and
Gaussian noise are shown in Fig. 3(al), (bl), and (c1). The Poisson noise is generated by the
"imnoise" Matlab function based on the magnitude A of noiseless images with uint8 format and
the Gaussian noise is added with zero-mean and variance > = 0.1 X max(I). From the results,
one can see that as the photon flux decreases, the image noise will increase dramatically resulting
in a resolution decline. When the photon flux p = 100 photons/pix, the two nuclei are hardly
distinguished, as shown in the enlarged red box in Fig. 3(al). To reconstruct noisy images with
different illumination conditions, we trained different networks for each illumination condition.
Figure 3(a2), (b2), and (c2) show the reconstruction results, which demonstrate that the noise is
suppressed effectively, even under a low-dose illumination condition. From the enlarged red box
in Fig. 3(a2), (b2), and (c2), the two nuclei are easy to distinguish under different illumination
conditions. The cross-sections are highlighted by lines of noisy images and reconstructed images,
as shown in Fig. 3(a3), (b3), and (c3), indicating that the reconstructed results are relatively
smooth and close to the ground truth. Specifically, the proposed method has better performance
in large value positions as shown in Figs. 3(a3), (b3), and (c3) at pixels 0-5, 20-28, and 50-55.
However, at some very low signal positions, such as at pixels 10-20, the reconstruction values
are lower than the ground truth. Note that the proposed method is based on a statistical model
and the noise is increased with the reduction of the signal. Consequently, with only one pair of
images, a very low signal with high noise results in reconstruction performance degradation.
Figure 4. (al), (bl), and (c1) show the loss curves of the training and testing datasets. The
peak signal-to-noise ratio (PSNR) [39] values of training and testing datasets in the optimization
process for each illumination condition. And the detailed information of the testing datasets
and network output results are summarized in Table 1. One can see that the PSNR values of
the reconstructed images are improved effectively compared to the input noisy images. Our
numerical simulation results verify that the proposed method can reconstruct a high-quality image
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Fig. 3. Reconstruction results of numerical simulation optical microscope data under
different illumination conditions. (al), (b1), and (c1) are the noisy images as the network
input. (a2), (b2), and (c2) are the reconstructed images by the network. (a3), (b3), and (c3)
are the intensity line profile analysis of the noisy image, reconstructed image, and ground
truth.

from the noisy images based on the optimization process in Eq. (4), and reflect the robustness of
the proposed method with different illumination conditions.

3.2.  Numerical simulation on scanning transmission electron microscopy imaging

Low-dose imaging is widely used in electron microscopy, which can prevent radiation-induced
damage to samples [9,40,41]. Low signal-to-noise ratio is the major problem for low-dose
imaging. Compared with optical microscopes, it is much more time-consuming to obtain large
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Fig. 4. Loss curves and PSNR values of training and testing dataset under different
illumination conditions during the training process.

Table 1. Detailed information of the testing dataset and reconstructed results.?

p = 100 photons/pix p = 500 photons/pix p = 5000 photons/pix
1 2 PSNR 1 2 PSNR 1 u? PSNR
7 [0, 3] 0.3 7.39 [0, 14] 1.4 10.39 [0, 139] 13.9 16.89
Rg+(1") \ \ 18.71 \ \ 24.60 \ \ 29.53

¢ A is the noise magnitude of Poisson noise;

“yz is the standard deviation of Gaussian noise;

9PSNR (dB) of I’ is the average PSNR value of the network input from the testing set;
2PSNR (dB) of Rg+(I’) is the average PSNR of network output from the testing set.

numbers of electron microscopy images for training [42]. Therefore, in this section, we only use
one pair of simulation images to train the network.

To validate the denoising capability of the proposed method under a low-dose condition
in scanning transmission electron microscopy (STEM) imaging, we performed STEM image
simulation on a monolayer tungsten disulfide (WS,) with defects and dopants. One pair of
high-angle annular dark field (HAADF) images is generated using the software package abTEM
[43]. The corresponding ground truth images are generated under a high-dose condition, i.e., 1e8
e~ /A2, without noise, as shown in Fig. 5(a). And the pair of images, as the network input, is
generated under a low-dose condition, i.e., 1e3 e~ /A2, with Poisson and Gaussian noise (/12 =15).
One of the noisy images is shown in Fig. 5(b). Compared to the ground-truth images, the S
columns in the low-dose images can hardly be visible, buried in the background noise owing to
the low-dose condition. After training, the network output result is shown in Fig. 5(c). From the
intensity line profile analysis in Fig. 5(d), the signal of the sample is reconstructed with high
quality, and the noise is effectively suppressed. We use the PSNR value to measure the quality of
the reconstructed image. The PSNR between the reconstructed images and the ground truth is
34.08 dB, while the corresponding value associated with the input image is 15.94 dB. The real
parts of Fourier transformations of the ground truth, network input and network output are shown
in Fig. 5(al), (b1), and (c1), respectively. It can also be seen that the Fourier transform of the
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network output shows stronger spots, similar to that of the ground truth image. The corresponding
spatial resolution for the ground truth and network output is 0.092 nm, and for the network input
is 0.103 nm. In general, we can intuitively see that the results of PSNR evaluation and Fourier
transformations of the network output image are superior to the noisy input image.
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Fig. 5. Denoising results of high-angle annular dark field imaging on the scanning
transmission electron microscope. (a) is the ground truth imaging under dose = 1e8 ¢~ /A2
without noise. (b) is the network input image under dose = 1e3 e~ /A? with Poisson and
Gaussian mixed noise. (c) is the network reconstruction result. (al), (bl), and (c1) are the
Fourier transformations of (a), (b), and (c), respectively. (d) is the intensity line profile
analysis highlighted in (a), (b), and (c).
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4. Experiments and analysis of results

4.1. Optical experiment setup

The proposed method requires two independent and identically distributed noisy images with
the same information, which are hardly captured in a dynamic sense. We designed a feasible
light path in an optical microscope, which is able to capture two noisy images in one single
shot. The two images have independent and identically distributed noise because they are
distributed in different areas on one sensor and Poisson statistics is the quantum nature of light
[34]. The optical experiment setup is described in Fig. 6. An illumination beam emitted from
a LED white-light source with a continuously variable power of OW-3W is first condensed by
a microscope condenser and then illuminated on a sample. We use a 10X objective lens with
a numerical aperture (NA) of 0.25 to magnify the sample image. These processes described
above are set up based on an optical microscope, as shown in the dashed box in Fig. 6(b). Then,
two beamsplitters (splitting ratio of 50:50) and two mirrors are used to split the image into two.
Finally, using different areas of a CMOS camera (Basler, a2A4504-18umPRO, 2.74 um pixel
size) record the two images in one single shot. It means that we can get two images with the
independent and identically distributed noise of the same scene at the same time by a CMOS
with a global shutter, even if the observed object is moving. An example of the captured raw
image is shown in Fig. 6(c). Finally, using the cross-correlation algorithm [44] that is able to
ensure the alignment of images at the sub-pixel level, the raw image is cut into two 512 x 512
images, I’ and 1", for the network training.

@ =

CMOS

L

w
L

Fig. 6. (a) is the schematic layout of the experimental geometry. (b) is the optical experiment
setup based on an optical microscope. (c) is an example of one frame captured by the camera.
LED: light emitting diode, MC: microscope condenser, S: sample, OL: objective lens, M:
mirror, BS: beamsplitter, CMOS: complementary metal oxide semiconductor.

The advantages of the experimental setup for dynamic process data collection are obvious.
Firstly, the beamsplitters can assure that the two images are generated from one signal. Secondly,
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only one global shutter camera is used for capturing the two images in one frame, which ensures
the complete synchronization of the two images. Thus, each frame of the dynamic process
contains two images with independent identically distributed noise. According to Eq. (4), the
proposed method can be used to reconstruct a dynamic process based on the collected data.

4.2. USAF resolution target on optical microscope

As a proof-of-principle experiment to verify the performance of the proposed method and model
on optical microscope experiment data, we use a USAF resolution target as a sample and collect
3 groups of data under different illumination conditions, p = 100, 500, 5000 photons/pixel.
For each illumination condition, one pair of images are collected as the training data set. The
reconstructed results after 200 epochs of training are shown in Fig. 7. With the decrease of
light dose, the noise increases obviously, as presented in Fig. 7(al), (bl), and (cl1). When
p = 100 photons/pix, the line pair 1, group 9 is recognizable in the reconstruction result, as
shown in Fig. 7(a2), and the corresponding frequency and line width are 512 mm™" and 0.98 um
respectively. In order to investigate the improvement of the PSNR, the relative standard deviation
(RSD) of the yellow box in Fig. 7 is calculated as follows:

V=07 - 1)

X

RSD = x 100% (10)

where x; is the pixel value; n is the total pixel number in the yellow box; X is the corresponding
average value. The RSD results are illustrated in Table 2. The RSD values of the network input
images decrease as the photon flux increases. Compared with the network input images, all
the cross-section lines of reconstructed images are relatively smooth with different illumination
conditions, as shown in Fig. 7(a3), (b3), and (c3). Those results demonstrate that our method is
robust for different illumination conditions and can suppress the noise in experimental data.

Table 2. The RSD value of the yellow box in Fig. 7

p =100 p =500 p = 5000
photons/pix photons/pix photons/pix
r 16.45% 4.57% 1.53%
Ro=(T") 0.78% 0.87% 0.54%

4.3. Dynamic process of living cells on optical microscope

In the natural environment, living cells are rarely exposed to a high dose of illumination. To
image the living cells in situ and avoid photo-toxicity, decreasing the incident dose is a feasible
way to explore the dynamic processes of living cells. Here, we take a flow of chloroplast of black
algae as a living biological dynamic process example under two different illuminations to confirm
the performance of the proposed method. A time series of data is collected in 60 seconds with
24 FPS, a total of 1440 pairs of raw data. The dynamic process data are continuously changed
and similar in each frame. Thus, only part of the data is used to train the network, and using the
trained network reconstructs the whole dynamic process due to the generalization ability of the
learning method. In this study, 120 pairs of raw images with 0.5 seconds interval are selected to
train the network, and then using the trained network to reconstruct the dynamic process. After
200 epochs of training about 12 mins with batch size 20, part of the results is shown in Fig. 8.
The reconstruction results of the whole dynamic process in Visualization 1 and Visualization 2.

4.4. Fluorescence microscope

Fluorescence microscope is a basic tool for biological research. In order to obtain a high-quality
fluorescence image, a considerable dose of light is needed to excite fluorescence light because the
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Fig. 7. Experimental reconstructions of the USAF resolution target under different
illumination conditions.(al), (b2), and (c1) are the network input images 7’ and the three-
dimensional view of the section marked by the pink box after normalization. (a2), (b2),
and (c2) are the reconstructed images Rg-«(1’) and the three-dimensional view of the section
marked by the red box after normalization. (a3), (b3), and (c3) are the intensity line profile
analysis of the raw images and reconstructed images. The white scale bar in al is 5 um. The
yellow box of 100 x 100 pix is used to calculate the RSD value.

fluorescence process itself is inefficient [28]. However, strong light is often harmful to biological
cells. We next train a network with pairs of fluorescence microscopy data under a low-light
condition to test whether the proposed method is effective on fluorescent acquisitions.

Figure 9 shows two examples of the reconstruction results of the fluorescence microscope.
Each example is trained with one pair of noisy images. From the enlarged region of the yellow
box in Fig. 9, the network output images show more details of the Spinach Leaf slice than the
input images. It can be seen that the quality of the image is improved and the noise is suppressed.
In order to further quantify the effect of denoising, we selected the blue box region of the black
background in Fig. 9(a) to calculate their standard deviation values. The standard deviation value
of the network reconstruction image is 0.4, whereas the corresponding value of the noisy image
is 14.4. The reconstruction results show that our method considerably reduces the level of noise.

4.5. Scanning transmission electron microscope

To verify the performance of our method for experimental STEM imaging, one pair of noisy
images of WS is collected under a low-dose condition. In STEM experiment, it is difficult to
capture two noisy images in one single shot. Fortunately, most samples in material science can
be considered static or quasi-static during imaging. Thus, the two noisy images are obtained
by sequential imaging at the same sample region. The images were acquired using a Nion
HERMES-100 SETM with a focused electron-probe of ~ 1 A in diameter after C3/C5 correction.
The accelerating voltage was 60 kV and the beam current was ~ 1 pA. An annular dark-field
(ADF) detector was used with an inner cutoff angle of ~ 44 mrad, corresponding to medium-angle
annular dark-field (MAADF) imaging. The pixel size is 0.039 A x 0.039 A with a pixel dwell
time of 1 yus/pixel corresponding to a radiation dose of ~ 4.1¢3 e~ /A2,

Figure 10(al) shows the STEM-MAADF image of WS, with a dosage of ~ 4.1¢3 e~ /A2. It is
hard to visualize the S sites from the raw image, which is consistent with the numerical simulation
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Fig. 8. Part reconstruction results of the living cell dynamic process under different
illuminations. (a) The photon flux in photons per pixel p = 500 photons/pixel. (b) The
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Fig. 9. Two reconstruction results of fluorescence microscope data under a low-light dose
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the standard deviation value.
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in section 3.2. After 300 epochs of training for about 21 s using one pair of noisy images, the
reconstructed result is shown in Fig. 10(b1). The network reconstructed image appears much
sharper than the raw image, and the S atomic-sites can now be clearly visible. This difference
is illustrated by the corresponding Fourier transforms shown in Fig. 10(a2) and (b2) where the
spots visible in the reconstructed result transform are stronger and expand to higher frequency.
The corresponding spatial resolution of the network input image and the network output image is
0.137 A and 0.092 A, respectively. These results demonstrate that the quality of the network
output image is significantly improved in both spatial resolution and contrast as compared with
the as-captured low-dose image.

Network input

(a1) (@2)

0.137 nm

LAt
e
v

10 1/nm

0.092 nm

Fig. 10. Reconstruction results by one pair of experimental STEM-MAADF images.(al) is
the network input image. (a2) is the real part of the Fourier transform of (al). (bl) is the
reconstruction result and (b2) is the corresponding Fourier transform of (b1).

5. Conclusion

We have developed an unsupervised denoising method for low-dose imaging on light microscopes
and electron microscopes. By introducing the noise statistical model to the loss function of a
deep learning method, the proposed method can reconstruct a high-quality image by using one
pair of noisy images. Numerical simulation results show that the proposed method has robust
performance under different illumination conditions. For experimental demonstration, we set
up a feasible light path in an optical microscope to capture pairs of noisy images for a dynamic
process in single-shots, which makes it possible to reconstruct a high-quality biological dynamic
process under a low-dose condition using our proposed method. We have demonstrated the
proposed methods with experimental data in a dynamic process of an optical microscope and
a static sample in a fluorescence microscope. Furthermore, we demonstrate that the proposed
method can be applicable to experimental STEM low-dose imaging, where the reconstructed
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STEM-MAADF image from one pair of noisy images shows a clear improvement in spatial
resolution and image contrast. The proposed denoising method should be applicable to diverse
imaging systems under a low-dose illumination condition, opening exciting new possibilities for
imaging dynamical processes of sensitive samples.
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