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Abstract. Obtaining the ground truth for imaging through the scattering objects is always a challenging task.
Furthermore, the scattering process caused by complex media is too intricate to be accurately modeled by
either traditional physical models or neural networks. To address this issue, we present a learning from better
simulation (LBS) method. Utilizing the physical information from a single experimentally captured image
through an optimization-based approach, the LBS method bypasses the multiple-scattering process and
directly creates highly realistic synthetic data. The data can then be used to train downstream models. As
a proof of concept, we train a simple U-Net solely on the synthetic data and demonstrate that it gene-
ralizes well to experimental data without requiring any manual labeling. 3D holographic particle field moni-
toring is chosen as the testing bed, and simulation and experimental results are presented to demonstrate
the effectiveness and robustness of the proposed technique for imaging of complex scattering media.
The proposed method lays the groundwork for reliable particle field imaging in high concentration. The con-
cept of utilizing realistic synthetic data for training can be significantly beneficial in various deep learning-
based imaging tasks, especially those involving complex scattering media.
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1 Introduction
Optical imaging through scattering media,1 which includes
elements such as turbid water,2 fog, and biological tissues,3 is
vastly applicable across various fields. These range from
high-speed color imaging4 and optical coherence tomography5

to quantitative phase imaging6 and biomedical imaging.7,8

However, the process of getting a deeper, clearer view of the
details is predominantly hindered by scattering, particularly
the multiple scattering caused by the complexity and inhomo-
geneity of tissues.9 Recently, deep learning techniques have
emerged as critical tools for addressing these complex imaging

problems, and they have been successfully applied across vari-
ous imaging disciplines.10 These include phase imaging,11,12

auto-focusing,13 and super-resolution imaging.14,15 There is also
a lot of work devoted to the specific area of imaging through
scattering media.16–18

In the field of computational imaging,19 although deep learn-
ing has made significant strides in addressing imaging chal-
lenges, its dependency on large-scale training data presents a
crucial issue: the acquisition of ground truth labels for model
training is a cumbersome and time-consuming task. In certain
domains, these labels can be obtained through established gold
standards;20 however, this approach is not only inefficient but
also becomes impractical when the volume of data scales into
the millions. Furthermore, in some fields, attaining ground truth
remains an elusive goal due to the absence of effective solutions
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to overcome specific technical challenges. For example, in
particle field monitoring, acquiring ground truth for real, dy-
namic particle fields is always nearly impossible,21 especially
at high particle concentrations where multiple scattering and de-
focusing significantly interfere with particle imaging. Many
researchers22–25 modified the raw reconstructed images or scan-
ning microscope images via digital image processing methods,
as “ground truth.” This approach, however, lacks stability and
accuracy and often requires significant time to complete the
processing. Moreover, although “ground truth” derived from
low concentrations may be somewhat reliable, its credibility di-
minishes at higher concentrations. Thus, efficiently obtaining
sufficient data for deep learning training within a brief time-
frame, while ensuring credible ground truth, stands as a pivotal
challenge in utilizing deep learning for imaging through scatter-
ing media.

A promising strategy entails the use of synthetic data for net-
work training while guaranteeing that the network retains the
ability to process experimental data effectively. Domain adap-
tation from simulation to reality26 is currently primarily accom-
plished through two methodologies: data manipulation and
model manipulation.27 Some researchers have successfully gen-
erated realistic data efficiently in specific domains, such
as the generation of ultrasonic multimodal total focusing
method (M-TFM) images.28,29 Particularly, in particle hologra-
phy, however, due to the extreme complexity in the multiple-
scattering process,30,31 a highly realistic synthetic data can be
quite difficult to generate. In the field of particle holography,
current research focuses on model manipulation. Chen et al.21

introduced a simulation-training model Holo-Net, which incor-
porates the physical prior of the point spread function (PSF),
enhancing the network’s stability in particle localization and
tracking tasks. However, the exclusive reliance on PSF prior in-
troduces certain limitations when addressing more complex par-
ticle fields. Therefore, their experimental validation involved a

particle field of low concentration (∼50 particles∕mL) and
relatively significant errors (∼1 mm in the axial direction).
Tahir et al.32 developed an extensive synthesized network, com-
prising multiple deep neural networks, to capture the diversity in
the data and a substantial training set to mitigate the risk of over-
fitting, ensuring adaptability across various scattering condi-
tions. Both of them need a substantial amount of data for
training an extensive model, which is quite demanding on the
expensive computational cost.

Diverging from their approaches, we manipulate the data and
introduce a method termed “learning from better simulation”
(LBS). This method greatly reduces the required amount of data
for a modified U-Net model by enhancing the synthetic data
used in training to closely mirror real data characteristics. As
a result, the model can effectively handle experimental data
with high particle concentrations. As shown in Fig. 1(a), an
experimental hologram of the particle field is captured and
subsequently backpropagated to various distances to acquire
raw reconstruction images. By feeding these images into the
simulator-trained U-Net as the input, we can get the required 2D
layer images as the output. After applying the output processing
algorithm to the output, a 3D particle field is reconstructed.
Figure 1(b) shows how we get better synthetic training images
for the U-Net by utilizing experimental images. At step 1, we
use an optimization algorithm to continuously match the refer-
ence experimental image from an experimental hologram with
the reference synthetic image from a simulated hologram, aim-
ing to minimize the differences and identify optimal parameters.
At step 2, we take the raw simulated hologram as the input for
the Holo-processing with the identified optimal parameters in
step 1, which helps to convert the simulated hologram to better
synthetic images. These better synthetic images are the input
images for the training of the U-Net.

In summary, we propose a LBS method to generate better,
highly realistic data by utilizing a single experimentally captured

Fig. 1 LBS method framework. (a) The reconstruction process for the experimental 3D particle
field. (b) The training data preparation for the U-Net. P is the parameter to be optimized, and P* is
the optimal parameter.
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image sample and through an optimization method, without the
help of any neural networks. In addition, we validate the quality
of the generated better synthetic data with a simple U-Net. We
believe that this technique not only paves the way toward the
application of 3D particle field monitoring but also holds the
potential in addressing complex problems that either lack a
ground truth or in situations where obtaining a ground truth
is significantly prohibitive. This is particularly applicable in sce-
narios involving multiple-scattering imaging, such as speckle-
denoising,33 imaging in dynamic scattering media,34 and the
phase recovery of medical biological tissues.35 Our LBS method
opens up a new paradigm in creating highly realistic synthetic
data for deep learning-based imaging techniques.

2 LBS Method
In this section, we introduce the framework of the LBS method
in detail. The LBS method includes high-contrast simulation
(HCS), optimization in combination with experiments (OCE),
and a modified U-Net model.

2.1 HCS Framework

Figure 2 shows the details of the HCS method. The HCS intends
to generate simulation images with high contrast to train the
modified U-Net. To be more specific, we want to obtain the
simulated hologram that is to be used for the generation of train-
ing input data next and the corresponding ground truth images
as labels.

We prepare a stack of layered images with a size of
256 pixel × 256 pixel, inside which are a certain number of par-
ticles (the number can be 0, that is, no particles). In the simu-
lated layer images, the gray value of the pixels occupied by
particles is 1 (white), whereas the gray value of the background
area is 0 (see sec. 1A in the Supplementary Material). These
layered images are equally spaced along the optical axis (z-
axis), forming a 3D particle field. Each layer image is illumi-
nated by an on-axis plane wave and diffracts onto the sensor
plane using the angular spectrum (AS) diffraction model.36

All the complex diffraction distributions are superimposed,
and the intensity of the synthetic distribution is the original
hologram (see sec. 1B in the Supplementary Material). The
DC component is then subtracted from the hologram. The simu-
lated hologram is preserved in its continuous gray-scale form
instead of being quantized into gray-level steps to simulate
the hologram recorded by an image sensor. The reason behind
this is that, based on our observation, the quantization process of

the hologram introduces a certain level of distortion to the fre-
quency spectrum of the simulated hologram. This distortion
then affects the subsequent image reconstruction performance
through backpropagation, resulting in less ideal outcomes
(see sec. 1C in the Supplementary Material).

To make the output processing algorithm [Fig. 1(a)] more
efficient, we encode the layer images into ground truth images
as the training labels of the modified U-Net. Specifically, in
ground truth images, each particle corresponds to a square pat-
tern measuring 3 pixel × 3 pixel. For a particle with a diameter
of Dj on a layer (if present), its central position ðxj; yjÞ coin-
cides with the central position of the pattern in the ground truth
image. The gray value of the 9 pixels in the pattern is equal to
Dj × 4. For instance, a particle with a diameter of 25 μm cor-
responds to a gray value of 100. These ground truth images will
later be used as training labels for a U-Net network.

2.2 OCE Framework

The simulated hologram generated by the HCS method is then
backpropagated to different distances to generate the raw
reconstruction images (see sec. 1B in Supplementary Material).
If we aim to generalize a simulator-trained model into the ex-
periment, these ideally simulated raw reconstruction images
without any noise introduced by the experimental setup and pro-
cess are not suitable for the training of the modified U-Net.
There is a lot of noise in the experiments, and even in the same
experiment, sometimes we need to adjust the exposure time of
the image sensor or the illuminating light intensity on the ob-
jects, which may lead to dramatic changes in the background
light intensity in the captured hologram. Therefore, the exper-
imentally raw reconstructed images are generated by holograms
with different noises and different DC terms. To make simulated
data similar to experimental data, the OCE framework facilitates
the incorporation of experimentally introduced noise into the
simulated hologram and subtracts the influence of fluctuating
illuminated light intensity. The averaging of all raw recon-
structed images acquired from a 3D particle field effectively re-
moves random noise, thereby directly revealing the system noise
introduced by the experiment and the background light inten-
sity. We use the Gaussian noise and Gamma transformation
to synthesize the system noise introduced by the experiment
and by the average light intensity, respectively. We identify
the optimized Gaussian noise parameters and the Gamma trans-
formation factor by comparing the average of raw reconstructed
images obtained from an experimental hologram with those ob-
tained from a simulated hologram. By utilizing the optimal
parameters, we make the reconstruction images obtained by
simulation more similar to those obtained by the specific experi-
ment. The OCE framework includes data preparation, a Holo-
processing module, and an Optimization module for the optimi-
zation of the noise parameters and Gamma transformation
parameter, which is illustrated in Fig. 3.

2.2.1 Data preparation and Holo-processing

As shown in Fig. 3(a), we used an in-line holography setup to
capture particle field images in the experiment. The captured
experimental hologram is cropped to a size of 256 × 256, which
is a representative region of the entire experimental conditions,
and generally meets the requirement that the image quality
should not be poor and there should not be too many impuri-
ties inside. It is then backpropagated to get a series of rawFig. 2 HCS framework.
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reconstructed images Ii, and then, we average these images to
get Ie,

Ie ¼
1

n

Xn
i¼1

Ii; (1)

where Ie is the average of raw reconstructed images by experi-
ment, Ii is the ith raw reconstructed image, and n is the number
of reconstruction images. As shown in Fig. 3(b), we take this
average image as the reference experimental image as the input
for the subsequent optimization module in the OCE method. On
the other hand, in the simulation, as in Sec. 2.1, we model the
3D particle field by layer images and obtain the simulated holo-
gram. Now, we propose the Holo-processing, which aims to
generate better reconstructed images so that we can average
them to get the synthetic average image as the other input
for the subsequent optimization module in the OCE method.

In Holo-processing, first, we add Gaussian random noise to
the raw simulated hologram. However, as we explained in
Sec. 2.1, we did not quantize the hologram to the image format,
so strictly speaking, our hologram does not exist in the form of
image data. Because of that, we cannot specify the value of the
mean and variance of Gaussian noise and then add it directly to
the hologram as others do. Instead, initially, we calculate the
range R (the difference between the maximum and minimum
values) and the standard deviation σ of the raw simulated holo-
gram. Then, we specify the appropriate multiples NR and Nσ
to control the level of added noise. Random numbers of size
256 × 256 are generated with a normal distribution obeying
NðNR · R;N2

σ · σ2Þ. By adding noise at this level to the simu-
lated hologram, we get a new hologram. The new hologram with
updated noise is then backpropagated to create raw recon-
structed images. After that, we apply image enhancement to

all the raw reconstructed images using gamma transformation,37

which is expressed as

s ¼ crγ; (2)

where r is the gray value of input, s is the gray value of output, c
is the gray scale factor and it is equal to 1 here, and γ is the
Gamma factor, which controls the scale of the entire transfor-
mation. These transformed reconstructed images after gamma
transformation are the output of the Holo-processing module.
We still average them to obtain the reference synthetic image
Is. Subsequently, the reference experimental image Ie and
the reference synthetic image Is are sent into the optimization
module together as input.

2.2.2 Optimization

The objective of the Optimization module is to determine the
optimal values for three parameters ðNR;Nσ; γÞ such that the in-
put reference synthetic image closely matches the reference
experimental image. To accomplish this, we aim to solve the
following optimization problem:

ðN�
R; N

�
σ; γ�Þ ¼ arg min

NR;Nσ ;γ
1 − SSIM½Ie; IsðNR;Nσ; γÞ�; (3)

where ðN�
R; N

�
σ ; γ�Þ are the corresponding optimal parameters

for ðNR;Nσ ; γÞ, Ie and Is are the reference experimental image
and reference synthetic image, respectively, and SSIM is the
structural similarity index measure.38

The problem in Eq. (3) is a complex, high-dimensional, non-
convex nonlinear optimization problem. It is challenging to for-
mulate a precise mathematical expression for this problem, let
alone obtain complete gradient information. Moreover, empiri-
cal investigations using gradient-based optimization methods

Fig. 3 (a) In-line holography experimental setup and data preparation. (b) OCE framework.
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have revealed many local optimal solutions, causing the algo-
rithms to become easily trapped and unable to escape from these
local optima. To address this, we employ the genetic algorithm
(GA),39,40 which is a highly effective global optimization method
for solving intricate high-dimensional problems, especially for
problems that are not smooth, not derivable, or have no ex-
plicit mathematical model (see sec. 1F in the Supplementary
Material).

The optimal parameters ðN�
R; N

�
σ; γ�Þ obtained from the

optimization module are utilized as inputs to the Holo-processing
module. Specifically, the noise distribution determined byN�

R and
N�

σ is incorporated into the simulated hologram. Subsequently,
the raw reconstructed images are derived, and a gamma transfor-
mation using γ� is applied to them. The resulting better synthetic
images, which best replicate the experimental noise, together with
the corresponding ground truth images by the HCS framework,
are utilized as inputs and labels for training the modified U-Net
model.

2.3 Modified U-Net

U-Net is a network architecture widely adopted in image seg-
mentation tasks, particularly for medical images41 or images re-
lated to scattering media,22 where spatial precision is critical. It
is especially well-suited for pixel-wise prediction tasks as it gen-
erates outputs that are spatially aligned with the inputs, enabling
dense, per-pixel mapping.

We have made some modifications based on the original U-
Net,41 as shown in Fig. 4. We use mean square error as the loss
function and choose Adam optimizer as the optimizer, and the
learning rate is set to 10−4 or 10−5 according to specific con-
ditions. When testing the network, the original predictive output
image must pass through the image processing algorithm (see
sec. 1D in the Supplementary Material) to obtain the required
particle field information. After that, we apply the evaluation
metrics to quantify the result (see Appendix for more details).

The U-Net architecture is implemented using Keras 2.6.0
with the TensorFlow-GPU 2.6.0 backend. Other software envi-
ronments are Python 3.7, CUDA 11.2, CUDNN 8.1, and
MATLAB R2022b. The network training is conducted on an

Nvidia RTX 3090 24G GPU, and the generation of training data
is conducted on an Intel Core i5-11400H CPU.

3 Results

3.1 Simulation Results

In this section, we show how far we can go in the limit of particle
concentration on the simulation side. We choose the particle per
pixel (ppp) concentration metric21,22 here (see sec. 2A in the
Supplementary Material).

We model a 3D particle field, with 60 particles with diam-
eters of 20 to 30 μm, 63 layers with an axial layer interval of
30 μm, and an axial distance range of 1800 to 3660 μm. We take
26.82 μm as the lateral distance of a voxel. It is worth pointing
out that, in the simulation, the transformed reconstructed images
are obtained by Holo-processing with the original parameters (0,
0, 1), given the fact that there is no experimental data involved
here. Because each hologram contains 256 pixel × 256 pixel
with a pixel pitch of 2.2 μm, each group of data thus corre-
sponds to a particle field of 563 μm × 563 μm × 1860 μm
(21 voxel × 21 voxel × 63 voxel). A total of 128 groups of
training data are prepared, corresponding to a data shape of
256 × 256 × 8064, and the 100 epochs of training take
135 min with a learning rate of 10−4.

In the test, we prepared nine groups of data and spliced them
in a horizontal 3 × 3 way, so the particle field size after splicing
is 63 voxel × 63 voxel × 63 voxel. As each group of data con-
tains 60 particles, this particle field contains 540 particles; that is
to say, the ppp concentration is ∼1.36 × 10−1. Compared with
6.1 × 10−2, the highest concentration used by Shao et al.,22 this
concentration is very high. We show how difficult it is to identify
particles at this high concentration in Fig. 5(a), where two trans-
formed reconstructed images at different distances [defined by
Fig. 3(b)] are shown. Perhaps A1 and A4, the two in-focus par-
ticles, can be identified using the traditional image threshold
method or iterative calculation method, but it is impossible to
identify A2 and A3 using those methods. A2 and A3 are seri-
ously disturbed by the defocused image of other particles, and
even partially occluded, so only part of the particle profiles is
exhibited. For such cases, where the particles overlap in the

Fig. 4 Modified U-Net framework with the training input and label.
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axial direction, it is difficult to obtain accurate results using tradi-
tional methods. In addition, the traditional methods are generally
based on light intensity (gray level), so the four in-focus particles
B1 to B4 are likely to be considered the background because of
their similar gray values compared with the surrounding environ-
ment, whereas the three out-of-focus particles C1 to C3 are likely
to be considered in-focus particles because of their larger bright-
ness. Figure 5(a) fully demonstrates the difficulty and impor-
tance of reconstructing high-concentration particle fields.

Here, like others, both the lateral positioning error and the
axial positioning error should be less than 1 voxel (26.82 μm
in transverse direction, 30 μm in axial direction) to be considered
a correct location of a particle. Figure 5(b) demonstrates the re-
constructed particle field obtained using the reconstruction
method proposed in this paper under the simulation conditions
described in this section. The reconstructed particle field and the
simulated ground truth particle field are displayed simultane-
ously in the same coordinate system, with particles exhibiting
positional errors marked in black. Among these more than
500 particles, the number of particles of false negative (FN) is
15 and the number of particles of false positive (FP) is 1 (see
Appendix for related definitions). All 16 particles are considered
error particles. The result shows that even at such a high concen-
tration (2.2 times 6.1 × 10−2 ppp), we still obtain the extraction
rate (ER) of 97.21% and Jaccard index (JI) reached 0.97, which
is better than both Shao et al.’s22 ER of 95% at 6.1 × 10−2 ppp
and Chen et al.’s21 ER of 82.4% at 6.1 × 10−2 ppp. The results
in Fig. 5(b) show that, after using the proposed method, the
reconstruction result accuracy reaches a very high level under
high concentration.

3.2 Experimental Results

We use polystyrene microspheres with diameters of 20 to 30 μm
freely suspended in ultrapure water, which is placed in a quartz
cuvette with a thickness of 3 mm, as the particle field for the
experiment (see sec. 2B in the Supplementary Material). The
particle concentration measures 10,000 particles∕mL when
the solution is diluted. A hologram is captured by the image
sensor, and a region with a size of 1024 × 1024 in the whole

hologram is cropped and selected as the test data [Fig. 3(a)].
We crop this region to 4 × 4 sub-holograms with a size of 256 ×
256 and backpropagate them to get 976 reconstructed images
(1800 to 4800 μm, interval 50 μm, shape 256 × 256 × 976).
It is important to note that to align experimental images with
synthetic ones, where particles appear white instead of black
(low gray value), we process the experimental reconstructed im-
ages using image inversion (255-Io) on the original backpropa-
gated images. To examine the performance of the test result, we
use the self-made compound focusing criterion (see sec. 1E in
the Supplementary Material) and manual examination to obtain
the reference results, which are used to evaluate the results by
the output of the simulator-trained model. These reference
results are not the ground truth for the training of the U-Net
but for the evaluation of the prediction by the simulator-trained
U-Net. When validating the network, these raw reconstructed
experimental images are taken as the input. Through the simu-
lator-trained U-Net and the output processing algorithm, the
prediction results are generated and then evaluated by compar-
ing them to the reference results. As the pixel size of the image
sensor is 2.2 μm, the volume size corresponding to the test im-
age is 2253 μm × 2253 μm × 3000 μm.

To generate better synthetic training data, we must find the
optimal parameters for the Holo-processing first. On the simu-
lation side [Fig. 3(b)], as presented in Sec. 2.1, we generate the
random particle field containing 12 particles with diameters of
20 to 30 μm. The z-direction distance from the layers in the par-
ticle field to the sensor plane is 1800 to 4800 μm, with its in-
terlayer interval to be 200 μm. One simulated hologram is
generated and used as the reference simulated hologram. On
the experiment side, among the 16 subholograms mentioned
above, we choose one with an image quality that is relatively
good without much impurity, to be the experimental hologram
for reference. During optimization, by setting the fitness func-
tion as the objective function in Eq. (3), the GA is optimized for
up to 100 generations, unless termination conditions are met.
We conduct multiple runs of the GA within a time duration
of 20 min. Although the optimal parameters ðN�

R; N
�
σ; γ�Þ varied

with each run, they are found to be close to each other. We select
the set of parameters that minimizes the fitness function as the

Fig. 5 (a) Two transformed reconstructed images with additional name labels, with the ppp con-
centration is 1.36 × 10−1. The solid red box marks all the in-focus particles and the dashed blue box
marks several out-of-focus particles. (b) Location comparison between the prediction result and
the ground-truth.
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best parameter values, which in this case are (−0.3068, 0.2164,
0.8337). After that, we directly send (−0.3068, 0.2164, 0.8337)
into Holo-processing as parameters and start to generate all the
256 groups of data processed by Holo-processing (1800 to
4800 μm, interval 200 μm, 12 particles per group). Then, we
get 4096 better synthetic images (shape 256 × 256 × 4096) as
the training input images. Figure 6 shows the advantage of the
better synthetic data over normal simulation data, which is not
processed by the HCS method or the OCE method.

As observed, of the three defocused particles, namely, A1,
A2, and A3, A2 virtually mirrors A3, whereas A1 diverts notice-
ably by featuring an unusual black core. This attribute might
become a significant challenge for the model when attempting
to distinguish between in-focus particles. On a similar note, the
in-focus particle B2 bears a striking resemblance to B3, whereas
B1 contrasts starkly, being partially obscured by surrounding
noise. Moreover, the in-focus particles C2 and C3 share strong
similarities, yet C1 is disproportionately drowned out by the
background. Hence, the attributes of the better synthetic data
align more closely with the characteristics of actual experimen-
tal data.

With the corresponding 4096 synthetic ground truth images
from the simulated particle fields by HCS as the labels, the
U-Net model is trained for 100 epochs with a learning rate
of 10−5, which takes ∼80 min. During training and validation,
we consider particles with lateral errors within 10 pixels
(22 μm) and axial errors within 150 μm to be true positive
(TP). To evaluate the overall performance, we set another indi-
cator point, which is equal to (ER + JI) when the test particle
number is over a certain number, or 0 when that number is be-
low this certain number (see sec. 2B in the Supplementary
Material).

Figure 7 shows the results of our training and validation. As a
comparison, we also used the other two types of data from Fig. 6

for training. Specifically, for the normal simulation data, we
used the exact same particle field as in the better synthetic data,
meaning the labels are identical between the two, with the only
difference being the training input, whereas all other parameters
remain consistent. For the real experiment data, we used another
hologram captured at a different time to create the training input.
As for the labels corresponding to these training inputs, we di-
rectly employed the focusing method mentioned in Ref. 42 to
locate the in-focus positions of the particles to generate the la-
bels (though they are not fully accurate), whereas all other
parameters remain consistent. We can see that for better syn-
thetic data, after only 100 epochs of training, with a training
time of less than 80 min, at the 84th epoch, we get a good result,
that is, JI reached 0.886 and ER reached 0.8557 (85.57%).
However, for the normal simulation data, the highest JI is only
around 0.3, and the ER does not exceed 30%. On the other hand,
for the real experimental data, the highest JI is below 0.7, and
the ER reaches only ∼50%. In addition, the model trained with
better synthetic data is the most stable during validation. In con-
trast, the model trained with real experimental data is highly
unstable, and its training loss does not decrease to a sufficiently
low value. Meanwhile, the performance of the model trained
with normal simulation data on the validation dataset shows
no significant improvement. This result indicates that although
using real experimental data as input is better than using sim-
ulation data, this is only true if the corresponding labels are suf-
ficiently accurate. When we cannot ensure accurate labels, using
simulation data with perfectly accurate labels may be a better
option. Furthermore, when comparing the two types of simula-
tion data—better synthetic data and normal simulation data—it
becomes clear that the realism of the simulation data is quite
crucial to the network’s performance.

After the training, using the trained models, we can get the
output prediction layer images. Figure 8 shows the comparison

Fig. 6 Reconstruction comparison among the normal simulation data, better synthetic data, and
real experimental data under different reconstruction distances.
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between the predicted experimental results and the reference
results. Here, the experimental results are generated by three
U-Nets trained on three types of data, respectively: normal sim-
ulation data, better simulated data (obtained through the OCE
framework proposed in this paper), and real experimental data.
The particles of TP, FN, and FP are marked with different colors
in the figure. We can see that, for our better synthetic data result,
in the lateral direction, most of the reconstructed particles match
the reference result very well, and in the axial direction,
although some particles do not match the reference result ex-
actly, they are still within our tolerance (150 μm). Moreover,
by inspecting these FN particles’ positions, we find that most
of them are at the edge of the sub-images with a size of
256 pixel × 256 pixel. In other words, the primary reason the
model fails to detect some particles is that crucial information
at the edges is lost during the image cropping process. There-
fore, these undetected FN particles are reasonable and can be

accepted, which, to some extent, also shows the superiority of
our LBS method. On the other hand, in the reconstruction from
the model trained with normal simulation data, most of the par-
ticles are missed. Although the reconstruction from the model
trained with real experimental data performed better than the
normal simulation data, it is clearly much worse compared with
the results from the better synthetic data. The results in Fig. 8
fully demonstrate the effectiveness of the proposed method.

For comparison, the concentration in Chen et al.’s21 experi-
mental validation is around 50 particles∕mL, and its ER is sim-
ilar to ours, but its axial error is ∼1 mm, which is much larger
than ours (150 μm). In addition, compared with Tahir et al.’s32

experimental result, our requirement for TP is stricter than theirs,
which is a 4 particle size error in the transverse direction and a 12
particle size error in the axial direction. In addition, we did not
encounter the problem that appeared in their experiments, where
the performance drops dramatically when the depth increases.

Fig. 7 Training results for the three types of training datasets: loss during training, and JI, ER, and
point metrics for validation.
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As we can see from Fig. 8, even when the depth increases to over
4000 μm, our performance is still good.

4 Discussion and Conclusion
In this paper, we present and experimentally demonstrate a
fast and adaptive method called the LBS method for generating
highly realistic synthetic images for scattering media. Without
any help from a neural network, after an optimization process

is used to best synthesize the noise caused by multiple scattering,
defocusing, the experimental system, and environment from a
single measurement and added to the simulated data, the synthetic
data are obtained. To validate the quality of the better synthetic
data, we use it to train a simple U-Net model. We demonstrate the
effectiveness of the created highly realistic synthetic data and the
generalization capability of the simulator-trained U-Net model
by the accurate reconstruction of real high-concentration 3D par-
ticle fields. The major challenge in reconstructing a 3D particle

Fig. 8 Comparison of particle locations between the reconstruction and the reference results for
the three types of training datasets. The reconstructed particles are categorized as true positive
(TP), false negative (FN), and false positive (FP).
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field with high concentration is a complex multiple scattering
process.31 Designing a network specifically tailored to this pro-
cess can be exceedingly complex, and the training cost can be
tremendous.21,32 However, in this paper, we successfully generate
synthetic data that accurately reflect the impact of this complex
physical process. Therefore, the proposed LBS method perfectly
addresses the two critical issues in 3D particle field monitoring,
which are the absence of experimental ground truth and the com-
plex physical model.

The new concept that we propose in this paper, which is to
synthesize the complex physical model output by optimizing the
synthetic data using experimental output, offers inspiration and
guidance to others employing simulation-based training meth-
ods, where paired ground-truth labels are also hard to obtain.
For instance, medical imaging of tissue samples (phase objects)
has predominantly depended on time-intensive staining proce-
dures due to the significant barrier presented by multiple scat-
tering in deep biological tissue. The implementation of the
proposed HCS and OCE methods could potentially enable us
to swiftly generate a sizable dataset with corresponding high-
contrast ground truth images. This would negate the need for
laborious processes such as mechanical movements and re-
peated microscopic imaging to acquire training data.

This strategy of simulator-trained deep learning will make
significant contributions to the next-generation deep learning
methods,26,43 where strenuous manual labeling is no longer
needed. We expect that the successful creation of synthetic data
adhering to the multiple-scattering process will amplify our
comprehension of this process in complex scattering media,44

potentially sparking groundbreaking formulations or models
in this field. In addition, we expect that this LBS method will
enhance the applicability of three-dimensional particle field im-
aging in areas such as particle tracking velocimetry,45,46 holo-
graphic cytometry,47–50 and water quality measurement.51–53

Despite the promising results, our approach has certain lim-
itations. Specifically, we have validated the method only on
polystyrene microspheres under a limited range of concentra-
tions, which may impose an upper bound on the sample density.
Although our framework does not require explicit calibration of
the experimental system—as the LBS method inherently
captures the system’s noise characteristics and illumination con-
ditions—more complex, denser, or thicker scattering media may
require further modeling of the physical interactions, including
more sophisticated noise, transformation representations.
Although the noise characteristics are system-specific, our
method is general and can be applied to other systems, such as
in-line holographic particle imaging, if researchers choose to
adopt our approach.

Our method can be further improved in the future. Notably,
the optimal SSIM value between the reference synthetic and
experimental images currently stands at ∼0.7. If we can in-
crease this value closer to 1, thereby enhancing the similarity
between the synthetic and experimental images, it is likely
that the network’s performance could also be improved.
One promising approach is using a generative adversarial
network.54 This technique, given a training set, learns to pro-
duce new data that statistically resembles the training set data.
This method holds potential for generating superior synthetic
data similar to experimental data, which could improve the
model’s generalization and broaden its application across
various research fields.

5 Appendix: Evaluation Metrics
We typically focus on two values, namely, extraction rate and
accuracy. In the result of network prediction, there are three
kinds of particles, namely, true positive (TP), false positive
(FP), and false negative (FN). TP represents correctly positioned
particles, FP represents error-detected particles that are in the
reconstruction but not in the ground truth, and FN represents
missing particles that are not detected in the reconstruction
but are present in the ground truth. The extraction rate (ER)
is defined as

ER ¼
�
1 − nFN

nGT

�
× 100%; (4)

where nFN is the number of particles of FN and nGT is the num-
ber of particles in the ground truth or in the reference result.
Specifically, the accuracy metric we use here is the Jaccard in-
dex (JI), which is computed as

JI ¼ nTP
nTP þ nFP þ nFN

: (5)

Noting that the predictions of our network cannot be the
same as the ground truth, we set a certain tolerance when judg-
ing whether a particle is TP and the tolerance is different in sim-
ulation and experiment.
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