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Transmission electron microscope (TEM) images are often corrupted by noise, making their interpretation
difficult. To address this problem, we propose a deep learning-based approach using simulated images. Using
density functional theory calculations with a set of pseudo-atomic orbital basis sets, we generate highly
accurate ground truth images. We introduce four types of noise into the simulations to create realistic training
datasets. Each type of noise is then used to train a separate convolutional neural network (CNN) model.
Our results show that the CNNs are effective at reducing noise, even when applied to images with different
noise levels than those used during training. However, we observe limitations in some cases, particularly in

preserving the integrity of circular shapes and avoiding visible artifacts between image patches. To overcome
the challenges, we propose alternative training strategies and future research directions. This study provides
a valuable framework for training deep learning models for TEM image denoising.

1. Introduction

Image and video noise poses a significant challenge in precision-
dependent fields such as autonomous vehicles, robotic extraterrestrial
exploration, and satellite imagery analysis, often obscuring critical
information [1-4]. In autonomous vehicles, for example, noise can
interfere with accurate obstacle detection, while in satellite imagery it
can prevent the identification of important geographic features [3,5].
This problem is exacerbated by advances in nanotechnology, particu-
larly in the analysis of two-dimensional images obtained by scanning
tunneling microscopy (STM), transmission electron microscopy (TEM)
and scanning electron microscopy (SEM) for the surface analysis of
nanomaterials. In the contexts, noise is a significant barrier to the
precise analysis required for technological progress.

Traditionally, mathematical noise reduction filters, including mean,
Gaussian, and median filters, have been used to reduce image noise [6—
8]. The conventional methods typically operate by averaging or select-
ing the median of neighboring pixel values. However, they often suffer
from significant limitations: inadvertently removing important image
detail along with noise, degrading overall image quality, showing
limited effectiveness against certain types of noise, and struggling with
complex noise patterns [9-11]. Moreover, optimizing the filters re-
quires careful parameter tuning, a process that is both time-consuming
and complex [12,13].
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In recent years, deep learning(DL)-based noise reduction techniques
have gained prominence due to their ability to preserve image integrity
while effectively reducing noise [4,14-17]. Among them, convolutional
neural networks (CNNs) stand out for their ability to learn complex fea-
tures of noise and image content through their layered architecture [16,
18]. By training CNNs on large datasets of noisy and clean images,
they can effectively remove noise while preserving important image
details [19-21]. This adaptability of CNNs allows noise reduction for
various types of noise, which is effective for high-precision applications
such as imaging the surface of nanomaterials [22-26].

CNN-based noise reduction methods have demonstrated impressive
performance in denoising TEM images. However, their effectiveness
is often hindered by the challenges associated with acquiring large
training datasets. While experimental images provide real-world data,
obtaining multiple measurements of the same sample is impractical,
limiting the size and diversity of training sets. Therefore, researchers
have explored hybrid approaches that combine CNNs with additional
DL techniques [17,25,27] or simulation-based methods [23,24,28].
Simulation-based methods have the advantage of generating a large
amount of data with controlled noise levels. Some researchers have
incorporated tight-binding calculations into their simulations to capture
variations caused by changes in electronic structures that can affect
image quality [24]. While tight-binding simulations provide the ad-
vantage of generating extensive data with precise noise control, their
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applicability is limited to a restricted set of materials. To overcome the
limitations, density functional theory (DFT) can be used to provide a
more versatile and adaptable approach.

In the present study, we first generate a large dataset using DFT
calculations to train a highly accurate CNN for noise removal in two-
dimensional nanomaterial images. We then introduce several types of
noise into the images and apply the trained CNN to denoise them.
CNNs have demonstrated remarkable success in image recognition and
processing, and are expected to provide highly accurate and efficient
noise removal capabilities [16,17,22,24,28,29]. Our approach differs
from previous work by focusing on the specific noise characteristics of
nanomaterial images, rather than optimizing the CNN architecture. This
methodology enables accurate predictions with a relatively simple CNN
model, providing both high accuracy and computational efficiency.

2. Data and methods
2.1. First-principles calculations

We employed DFT calculations, implemented using the open-source
OpenMX code, to obtain the electronic charge density of a graphene
monolayer [30]. A pseudoatomic orbital (PAO) basis set was used to de-
scribe the electronic charge density, while norm-conserving pseudopo-
tentials were employed to represent the electron-ion interactions [31,
32]. The exchange—correlation energy was calculated using the
Perdew-Burke-Ernzerhof (PBE) generalized gradient approximation
(GGA) functional [33]. A kinetic energy cutoff of 300 Ry and a conver-
gence tolerance of 108 Hartree were chosen. Given the structural simi-
larity between graphene and transition metal dichalcogenides (TMDCs),
we tried constructing a training dataset based on the graphene struc-
ture. For the electronic structure calculations of graphene, a I'-centered
18 x 18 x 1 k-point grid was used. Finally, the model structures
were visualized, and two-dimensional charge density maps were plotted
using the VESTA, Gnuplot, and Matplotlib packages.

2.2. Generation of disordered atomic configurations

Real-world TEM samples often deviate from idealized crystal struc-
tures, exhibiting surface imperfections. To ensure that our simulated
ground truth (GT) images accurately represent the variations, we ran-
domly arranged atomic configurations rather than relying on perfectly
periodic structures. By allowing atoms to deviate from their ideal posi-
tions within a certain range, we introduced structural variability similar
to that observed in experimental TEM images. We set a maximum
displacement of +20% of the bond length in the in-plane coordinates
(x and y). For a graphene monolayer, this translated to a maximum
positional shift of 0.284 A for each atom in both the x and y directions.
This approach enhances the fidelity of our simulated images to real
TEM data, thereby improving the robustness and generalizability of our
noise reduction method.

To modulate the displacement of the atoms, we introduced coef-
ficient values (Cg;) derived from a standard normal distribution z; ~
Normal(0,1) with a mean of 0 and a standard deviation of 1. When
generating disordered structures, the position of each atom in the
lattice was individually perturbed by scaling a randomly sampled C;
value. The initial scaling factor derived directly from the standard
normal distribution (z;) could potentially lead to excessively large
atomic displacements. Therefore, to constrain the displacements within
a physically plausible range, we adjusted the C,; values as follows:

2,/5, if0<|z]<lo
z,/4, if lo < |z;| £ 26
Cs =142/3, if 20 <|z| <30, (D]
-1, if z; < -3¢
+1, if 30 < z;
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where o represents the standard deviation of the standard normal
distribution. The piecewise function ensures that the magnitude of
C,; remains within the bounds of +1. Subsequently, the scaled coeffi-
cient Cg; is multiplied by a maximum shifted distance of 0.284 A to
determine the final displacement for each atom, thereby controlling
the generation of new atomic configurations with varying degrees of
disorder.

Thus, the alternative positions of the atoms are given by the follow-
ing equation:

Pdisorder(x’ y)=0.284- Ce + Porder(x’ »), 2

where Py, is the alternative position of the atom and P,,,,, is the
position of the atom in the ordered structure. A significant majority
(68.2%) of atoms in the lattice exhibit positional shifts of less than
4% of the bond length. Approximately 27.2% of atoms experience
moderate displacements between 5% and 10% of the bond length. The
remaining 4.6% of atoms undergo more substantial modifications, with
positional shifts ranging from 13.3% to 20% of the bond length. One
of the randomly distributed atomic configurations is presented in Fig.
1(a). In addition, we analyzed the atomic displacements in disordered
structures relative to a pristine reference structure, as visualized in
Figure S1. The displacements, calculated as the Euclidean distance in
three-dimensional space and averaged across four disordered structures
(Section 1 of the Supplementary Materials), quantify the extent of
atomic perturbations introduced by the scaled Gaussian-like distribu-
tion described in Eq. (2). The histogram in Figure S1 shows that most
atoms exhibit small displacements, ranging from 0.025 to 0.150 A, con-
firming the design of subtle structural variations critical for validating
the CNN-based TEM image denoising model.

Next, we obtained electron densities of the disordered structures
from the DFT calculation and created charge density maps. The charge
density maps indicate the electron density 3 A above the surface in the
z-direction. Interestingly, even at the same tip position, the bright spots
corresponding to the locations of the atoms in the charge density map
have different brightness and sizes due to the changes in bond lengths.
The red rectangles in Fig. 1(a) highlight the areas where differences in
brightness are observed.

2.3. Large-scale images from randomly arranged charge density maps

Experimental TEM images often focus on structures at the nanome-
ter scale. First-principles calculations for electron charge densities in
such large-scale systems are time-consuming and computationally in-
tensive. To address this limitation, we exploit the efficiency of the CNN
method to significantly reduce computational costs. A key advantage of
CNNss is their ability to process images directly, without requiring the
full electron charge density of large-scale systems. Using the method,
we introduce a novel approach: instead of calculating the charge den-
sity for entire systems, we combine charge density maps of smaller,
disordered structures to generate representative images. This method
effectively simulates large-scale systems while maintaining computa-
tional efficiency. A schematic of the lateral combining process to obtain
images of large-scale systems is shown in Fig. 1(b). Combining charge
density maps from disordered structures can increase the prevalence
of extended charge density maps. While our schematic shows a 3 x 3
configuration, the image size can be adjusted to 2 x 2,4 x 4, or other
variations. This approach remarkably reduces the computational costs
associated with generating many images of large-scale systems.

2.4. Shifting image for edge description

To enhance training efficiency, we adopted an image-splitting
method. The original image, sized at 512 x 512 pixels, was divided
into 8 x 8 patches, each measuring 64 x 64 pixels. A challenge arises
when dealing with bright spots located at the edges of the split images.
The bright spots appear as truncated circles due to the splitting, and if
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only a few such shapes are present, the model may produce predictions
that deviate from the original image. To address this issue and increase
the diversity of truncated circles in the training set, we generated new
images by shifting the original image by a few pixels along both the x
and y axes. The schematic for generating the shifted images is shown
in Fig. 1(c). The shift parameter d specifies the amount by which the
image is shifted along the x and y directions, effectively dividing the
image into four regions labeled i, ii, iii, and iv. By rearranging the
regions under the assumption of a repeated structure, the shifted image
is constructed. Moreover, an image equivalent in size to the training set
images is shown in Fig. 1(c). A magenta rectangle represents one of the
truncated circles at the edge of the image. In this study, the parameter
d was set to 8, 10, and 12 pixels to generate three shifted images from
each original image.

2.5. Generation of noisy images

To determine the appropriate noise for generating training sets for
TEM-denoising CNN model training, we considered three types of noise:
Gaussian (G) noise, salt-and-pepper (SP) noise, and a combination of
both (G&SP). The effects of the noise types are illustrated in Fig. 1(d).
The noises are applied to the simulated ground truth (GT) images to
produce noisy images. Prior to noise generation, all pixel values are
normalized from O to 1 by dividing by 255 - the maximum channel
value in gray-scale images. Additionally, we introduced a coefficient to
control the magnitude of the noise signal, denoted as the noise factor
CnOiSE'

For Gaussian noise generation, the noise level was controlled by a
coefficient, C, i, which was then scaled by a random value drawn
from a standard normal distribution z, ~ Normal(0,1). The scaled
random value was subsequently used to modify the pixel intensities
according to the following equation:

Inoisy = Igr + Choise * 22> 3

where I, is the pixel value of the noisy image and Iy is the ground
truth image. Because Iy,4j5, may fall outside the normalized pixel value
range of 0 to 1, we applied a truncation process to set any pixel values
below 0 to 0, and any values above 1 to 1. To generate SP noise,
we used a probability factor p that determines the likelihood of a
pixel being altered. For each pixel, a random number from a uniform
distribution between 0 and 1 was generated. If this random number
is less than p, the pixel value is replaced with either 0 (black) or 1
(white). Specifically, if the original pixel value is below 0.5, it is set to
1 (white); if it is 0.5 or above, it is set to 0 (black). For the combination
of Gaussian and SP noise (G&SP), the image was first corrupted with
Gaussian noise and then with SP noise.

2.6. Background brightness

The brightness of the spots varies depending on the background
brightness (BB) in each region; bright spots appear less intense in
dark background areas and more pronounced in bright background
areas. It is essential to consider the background brightness variations
when generating noisy images for model training. Since we divide the
corrupted images into 8 x 8 patches for efficient model training, we
apply different background brightness levels to each patch individually.

To account for variations in BB, we implemented a two-stage pro-
cess: (1) BB correction and (2) modification of bright spot brightness. In
the first step, we considered three different BB correction types—dark,
slightly bright, and highly bright—introduced using uniform random
distributions. We employed two uniform random variables, u? and u®.
The variable u? determines the number of patches assigned to each BB
correction type, while u® specifies the brightness benchmark for the
patches. The range of u’ is influenced by u* and a hyperparameter w;.
In this study, the probabilities for both the dark and highly bright BB

Computational Materials Science 259 (2025) 114146

correction types were set to 15%, and the hyperparameter w, was set
to 0.2. We defined the range of u® as follows:
[0.4-w; : 0.6 w],
ub =41038- wy 12wy,
[0.6 - w,; : 0.9 w,],

if0<u®<0.15
if0.85<u’<1 4)

otherwise

where the first case indicates the dark BB effect, while the second case
demonstrates the highly bright BB effect.

We modified the brightness of the bright spots by applying a Gaus-
sian distribution with a mean of u* and a standard deviation of the
hyperparameter w,. The value obtained from this Gaussian distribution,
denoted as valgy, determines a threshold for pixel intensities. If a
pixel value is lower than valgg, it is replaced with valgp, effectively
brightening darker areas to create a blurred background, as shown in
Fig. 1(d). Pixels with values higher than valgzp are considered to be
part of or near the bright spots. To further adjust the pixel values to
resemble the blurred BB, we introduced a smoothness coefficient Cpp
for BB. This coefficient is a variable parameter that depends on the
pixel’s intensity and the value of u“. The modified pixel values after
applying the BB effect, denoted as I, are calculated as follows:

I valgp,
BB~
Igr — Cpp - valgpg,

where I;; is the pixel value of the ground truth image. We also gen-
erated the corrupted images by sequentially applying BB and Gaussian
noise. The resulting noisy image is shown in the right panel of Fig. 1(d)
labeled BB+G.

if Igp <valgg ©)

otherwise

2.7. Convolution neural networks (CNN)

We implemented the CNN model in Python using the Keras [34]
library with TensorFlow [35] as the backend. The architecture is based
on the U-Net network [36] and is influenced by previous research [24].
The model consists of a series of building blocks: two downsampling
blocks, a central bottleneck block, and two upsampling blocks. The
downsampling blocks use the Keras MaxPooling operation to halve
the array sizes, while the upsampling blocks employ the UpSampling
operation to double the array sizes. Each block consists of two convolu-
tional layers with rectified linear unit (ReLU) activation functions, each
followed by batch normalization. We used the ReLU activation function
in the final layer of our architecture to ensure non-negative output
values. The CNN model is optimized using the Adam algorithm [37] in
Keras and trained with the mean absolute error as the loss function. The
learning rate was set to 0.001, and the number of training epochs was
150. We used 20% of the dataset for validation and the remaining 80%
for training. We generated approximately 1.1x 10* images, using 9x 103
of them for model training. Furthermore, our CNN model operates on
32-bit floating-point inputs throughout both training and inference,
which ensures no loss of precision compared to typical 12- to 16-bit
TEM detectors.

3. Results and discussion
3.1. Preparation for training DL model

As previously mentioned, we considered a graphene monolayer
sheet with a honeycomb lattice structure in this study, since scanning
transmission electron microscopy (STEM) images of MoS, reveal hexag-
onal patterns. We prepared a total of six disordered structures and
obtained charge density maps for each. One structure was reserved for
the test set, while the remaining structures were used to generate the
training sets.

After obtaining the charge density maps of the disordered struc-
tures, we generated laterally combined images of different sizes to train
the CNN model: five 3 x 3 images, three 4 x 4 images, and three 2 x 2
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x=[1,2,...n]

disordered charge density maps Extended charge density map
CD, cD, CD, CD,
E £
L - -> CD, CD, co ||
N ©
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CD;,
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X
2.134 nm n 6.402 nm x N
(c) L (d) .
Original image Gaussian (G) Salt and Pepper (SP)

Training image size

Fig. 1. (a) Atomic configurations and charge density maps. The red rectangles indicate the regions that differ from each other. (b) Schematic of the process for obtaining the
lateral combined charge density map. Here, n represents the number of disordered structures, and N represents the number of lateral combined charge density map images. (c)
Scheme for generating shifted images. The magenta rectangle indicates the truncated circle at the edge of the image. (d) Enlarged images illustrating the generated noise in detail.
The ground truth image shows one of the lateral combined charge density maps, with the green square indicating the magnified region. The right panel image, labeled BB+G,
shows the image with applied BB and Gaussian noise. The composite image in Fig. 1(d) is for visualization only and does not affect model performance, as the CNN processes

individual patches. The patch size is displayed in cyan squares.

images. We focused on identifying the appropriate noise type to employ
in the training sets for the denoising model. Therefore, we considered
four models, each trained using one of the noise types presented in
Fig. 1(d). Various noise factors (C,,;se) Were used to generate noisy
images for the training sets, aiming to enhance the model performance.
We set the C, e Values to 0.1, 0.15, 0.2, and 0.25. We evaluated

the performance of the models by measuring the multiscale structural
similarity index (MS-SSIM) [38,39] of the predicted images.

3.2. Prediction results: Interpolation and extrapolation

This study evaluates our CNN models prediction results using the
SSIM in both interpolation and extrapolation regions. Fig. 2 presents
the MS-SSIM plots for interpolation and extrapolation regions of each
model, including the corrupted and predicted images, displayed as
enlarged sections of the full-sized images. In addition, Fig. 2 presents
the corrupted and predicted images, which are enlarged portions of the
full-size image. As shown in Fig. 2(a), the noise factor C, ;e = 0.2 for
the test images, which is one of the values used in the training sets. In
this case, all the MS-SSIM values for the predicted images are above
0.96, an expected result due to the matching C, ;. of the test images.

To further evaluate our model, we used different C,,;,. values than
those used to generate the training sets. We chose Cpi. = 0.18, 0.22,
and 0.24 for the interpolation region. Fig. 2(a) shows the MS-SSIM
values for various Cp;,. in the interpolation region. As the C, ;. value
increases, the MS-SSIM value for the G&SP model slightly decreases,
while the MS-SSIM values for the G, SP, and BB+G models remain
nearly constant. Interestingly, in the interpolation region, all the pre-
dicted images from our models have MS-SSIM values above 0.94. The
results indicate that each model is well-trained for its respective type
of noise.

To evaluate the models under extrapolation conditions, we gener-
ated test images with a noise factor C;, = 0.3, a value not used during
training. The test images and the corresponding predictions by the
models are shown in Fig. 2(b). Interestingly, all the MS-SSIM values for
the predicted images are around 0.9. The model trained with combined
Gaussian and salt-and-pepper noise (G&SP) shows the lowest MS-SSIM
value compared to the other models, while the highest MS-SSIM was
observed in the SP noise case.

We also evaluated the extrapolation ability of our models using
corrupted images generated with different C, ;. values of 0.27, 0.33,
and 0.36. All models, except the G&SP model, performed well in the
extrapolation region. The MS-SSIM values of these models (G, SP, and
BB+G) remained higher than 0.9 in all cases. As C,; increases, the
MS-SSIM values for the predictions by the G&SP model decreased to ~
0.6. The results indicate the potential of our models to eliminate noise
in experimental images.

Since the test images were generated using the same noise type as
the training set, it is challenging to fully assess the model performance
based only on the MS-SSIM values of the predicted images. One of
our primary focuses in this study is finding the appropriate noise type
for generating training sets. Thus, our model testing scheme addresses
the issue of MS-SSIM values not fully reflecting model performance.
Another goal is to reduce the number of training images required. We
used approximately 9x10% images to train the models, and the predicted
images are comparable to the original images. The full-sized corrupted
images used in the test sets with C,;. = 0.3 are shown in Figure S2.

3.3. Denoising experimental image

Despite training our four models exclusively on graphene monolayer
sheets, the hexagonal patterns in graphene and MoS, TEM images show
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Fig. 2. (a) Enlarged sections of the corrupted and predicted images with C,,,. = 0.2 and the corresponding MS-SSIM chart. (b) Enlarged sections of the corrupted and predicted

images with Cp;.

experimental image

o ' . .

=0.3 and the corresponding MS-SSIM chart. The lowest panel shows MS-SSIM values as a function of C,. for both the interpolation and extrapolation regions.

Noise type

G&SP BB+G

Fig. 3. Predicted images from experimental data using the models. The red squares show enlarged areas in full-sized images. The regions labeled Al, A2, and A3 indicate
low-brightness areas in the experimental TEM image. The red arrows point to the bubble-shaped defects generated when predicting extrapolated regions.

similarities. Taking advantage of this point, we applied our models to
denoise an experimental MoS, monolayer image. The predicted results
are shown in Fig. 3, showing both full-sized and enlarged portions of
the denoised images.

The predicted images obtained from the SP and BB+G models
accurately depict the hexagonal patterns, whereas those from the G
and G&SP models reveal messy patterns due to the spreading of bright
spots. Although the G model shows extrapolation ability, the messy
patterns in its predictions emphasize the limitations of our model

testing scheme. Interestingly, the predicted images from the SP and
BB+G models exhibit different features. In the SP model’s denoised
images, the bright spots are predicted with uniform sizes and shapes,
whereas the BB+ G model predicts bright spots with varying sizes and
shapes. In particular, some of the bright spots in the image predicted
by the BB+G model have a circular shape with tails. Moreover, the
BB+G model effectively separates the bright spots from the background,
whereas the image predicted by the SP model appears blurry. The SP
model’s prediction is less clear than the experimental TEM image and
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exhibits bubble-shaped defects at certain points, as indicated by the red
arrows in Fig. 3.

The TEM images exhibit subtle variations between bright and dark
areas, and the brightness variations contain structural information
about the material. Therefore, we can validate the CNN model’s per-
formance by examining the areas with brightness differentiation in
the predicted images. The predicted low-brightness areas confirm our
models’ ability to extrapolate. We denote the dark areas in Fig. 3 using
green dashed rectangles (Al, A2, and A3). The G and G&SP models
show poor performance in predicting the brightness of different areas.
The G model fails to predict the bright spots, and the G&SP model
generates bright spots in incorrect locations. Messy patterns appear
in Al with the G model, while blank areas appear in A2 and A3.
The G&SP model creates bright spots in the centers of the hexagonal
patterns, as shown in all the rectangles. The SP model can distinguish
the areas according to their brightness, although it predicts a blurry
image. The BB+G model accurately describes the hexagonal patterns,
even within the rectangles. However, it fails to reproduce the brightness
differences between the inside and outside of the rectangles. During
the generation of training sets for the BB+G model, our focus was
on representing brightness differentiation by area. As a result, the
BB+G model’s predictions closely resemble the GT images used in
the training sets, rather than capturing the brightness differentiation
between regions. Figure S4 additionally shows the denoising results
obtained for further experimental images. As GT images are inherently
non-existent for experimental data, a quantitative evaluation of these
results is provided instead in Section 5 of the Supplementary Materials
(SM).

4. Conclusion

In this study, we proposed a novel CNN-based approach for effec-
tively removing noise from TEM images, even with limited training
data. Our models demonstrated robust performance across various
noise types, including Gaussian, salt-and-pepper, and combinations
thereof. By training specialized models for each noise type, we achieved
significant improvements in image quality. While we found that the
optimal noise model varied depending on specific imaging conditions,
our results show the versatility of deep learning for addressing noise
in TEM imaging. We confirmed the model’s denoise ability in the
interpolation and extrapolation regions by measuring the multiscale
structural similarity index (MS-SSIM) values. Although Poisson-shot
noise, a random noise type arising from the discrete nature of electron
detection in TEM imaging, was not included in this study, we plan
to incorporate it in future work to enhance the robustness of our
CNN-based denoising model.

Our work differs from previous studies that have relied only on
tight-binding calculations for simulation-based noise reduction. While
tight-binding simulations provide precise noise control, their applica-
bility is limited to a restricted set of materials. By employing DFT, we
provide a more versatile framework for describing electronic structure
variations across a broader spectrum of materials. This versatility fa-
cilitated a more comprehensive exploration of how structural changes
influence image quality, leading to a more effective noise reduction
solution.

To address the limitations of our current approach, our future
research will focus on several key areas. First, we plan to generate
training sets with sliced patches that incorporate various interatomic
distances at the pixel scale. The adaptation will ensure that the pre-
dicted images accurately represent the spatial distribution of bright
spots, thus eliminating the tailed circular artifacts observed in our
current results. Second, we will explore alternative patch generation
methods, such as random patch selection, to mitigate the horizontal
and vertical lines introduced by the sequential slicing scheme. This
will help reduce artifacts in the reconstructed images and improve the
overall quality of the denoised images. To overcome the limitations
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of distorted and bimodal peaks in extrapolation regions and patch
boundary artifacts (Section 4 of the SM and Figure S4), we augmented
the training set of 9,000 computationally simulated images by applying
rotations of 5° to 30° in 5° increments, as detailed in Section 6 of the
SM. The rotation augmentation, which introduces orientational diversity
to enhance the CNN model’s generalization, produced the denoised
results shown in Figure S6(a). While the augmentation reduced peak
distortions in extrapolation regions, patch boundary artifacts persisted,
limiting the overall improvement in denoising performance. Finally, we
will investigate advanced deep learning techniques, such as generative
adversarial networks and active learning, to further improve denoising
performance. By addressing these challenges, we aim to develop a more
comprehensive and versatile noise reduction framework that can be
applied to a wider range of microscopy applications.
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