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Abstract: Strong scattering medium brings great difficulties to image objects. Optical memory
effect makes it possible to image through strong random scattering medium in a limited angle
field-of-view (FOV). The limitation of FOV results in a limited optical memory effect range,
which prevents the optical memory effect to be applied to real imaging applications. In this paper,
a kind of practical convolutional neural network called PDSNet (Pragmatic De-scatter ConvNet)
is constructed to image objects hidden behind different scattering media. The proposed method
can expand at least 40 times of the optical memory effect range with a average PSNR above
24dB, and enable to image complex objects in real time, even for objects with untrained scales.
The provided experiments can verify its accurateness and efficiency.
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1. Introduction

Scattering medium exists generally in biological tissues and is the main interference source
in the field of astronomical imaging [1]. Many new imaging methods have been proposed to
realize imaging through heavily disordered medium. The typical ones include optical coherence
tomography [2,3], wavefront modulation [4,5], image reconstruction based on transmission
matrix [6,7] or based on point spread function (PSF) [8–10]. Based on optical memory effect
(OME), Katz et al. proposed speckle correlation imaging technology [1,11]. Different from the
above methods, this method provides powerful capability to image through scattering media
deeply, and can be applied to dynamic scattering media, meanwhile, no additional reference
source is needed.
Due to the existence of OME, scattering medium can be regarded as a linear system within a

settled FOV. Based on this principle, two kinds of algorithms have emerged: the first kind is based
on the deconvolution of the PSF, which requires the measurement of the system PSF in advance
and belongs to the invasive method. The second type is speckle correlation imaging technology
[12,13], which uses the autocorrelation to concatenate speckle pattern with the original target
directly, and finally utilizes a phase recovery algorithm to reconstruct the target hidden behind a
diffuser. At present, typical phase recovery algorithms include HIO [14], ADMM-based [15],
prGAMP [16], BM3D-prGAMP [17], etc. The FOV of an imaging system is strictly limited by
OME and is inversely proportional to the effective thickness of the scattering medium, which
limits the anti-scattering ability of various OME-based algorithms. The FOV of OME has been
successfully expanded through several novel techniques, but most of them belong to invasive
method, which relies on priori knowledge [18–20]. Gardner et al. introduced ptychography to
image non-sparse objects by modulating the lighting source, which has the ability to expand
FOV [21]. As far as we know, the best non-invasive method to image beyond the OME range is
a double loop iterative algorithm proposed by Wang et al. [22], which can restore two targets
whose total size is beyond OME, respectively. And the proposed algorithm can expand at least

#383911 https://doi.org/10.1364/OE.383911
Journal © 2020 Received 20 Nov 2019; revised 9 Jan 2020; accepted 9 Jan 2020; published 16 Jan 2020

https://orcid.org/0000-0002-1461-0032
https://doi.org/10.1364/OA_License_v1
https://crossmark.crossref.org/dialog/?doi=10.1364/OE.383911&amp;domain=pdf&amp;date_stamp=2020-01-16


Research Article Vol. 28, No. 2 / 20 January 2020 / Optics Express 2434

three times of OME scope shown by experiments without prior information, but there are still
some constraints for the target to be restored, e.g. the target must be in regular shape and in
two independent OME regions. Since double iterative optimization is required, the algorithm is
time-consuming, and it needs 14400s to reconstruct a image with a resolution of 300*300 pixels
on MATLAB2018b.
To solve the original target distribution from the scattering image is to find the mapping

relationship between them. Many scholars have also applied the deep learning algorithm to image
through scattering medium in the context of OME, to solve the distribution of the tested targets
[23–27]. "IDiffNet" proposed by Shuai Li et al. realized the reconstruction of speckle image
[23], and discussed in detail the influence of the loss function, training set and other variables
on the final reconstruction image quality. Yunzhe Li et al. constructed a CNN network with
the "one-to-all" reconstruction capability of single optical statistical characteristics [24], which
can reconstruct the speckle image generated by untrained ground glass, and the only condition
is that untrained scattering medium has the same statistical characteristics as the ground glass
used in making the training set. The scattered images of ground glass and single mode fiber
are recovered in utilizing U-net realized by Yang et al. [25]. A GAN network was built by
Sun et al. and fat emulsion solution was used to simulate dynamic scattering media [26]. The
experiment proves that the network can realize the restoration of dynamic scattering images. Lyu
et al. constructed a hybrid neural network (HNN) model [27], which is proved that targets larger
than the FOV of OME can also be reconstructed. The experiments provided in Ref. [27] all
employed a single ground glass as scattering medium, but the reconstruction ability of optical
properties of different medium with one training process is not proved to possess. The above
works prove that deep learning can be used to reconstruct objects within the OME range through
random scattering media and break the OME range of a single scattering medium. At present,
quantitative evaluation of the reconstructed image quality and the ability to expand ME range is
lacked on learning-based work.
In order to introduce OME-based methods to living biological tissues and other practical

applications, the limitation of this kind of methods in FOV is a problem demanding prompt
solution. At the same time, the structural complexity of the actual target is very high, so
reconstruction ability is demanded to be powerful enough to retrieve the image of hidden objects.
In practical application, the scattering medium is complex, and both the scale of the target
to be measured and the properties of the scattering medium are complex and changeable. In
addtion, the reconstructing algorithm should have prominent generalization ability to be adapted
to tasks including different diffusers and targets of different scales. Therefore, removing barrier
of the limitation of OME on the FOV, good reconstruction ability for complex targets and
strong generalization ability, are the basic conditions for imaging through scattering media to be
practical.
In this paper, a kind of convolutional neural network named PDSNet (Pragmatic De-scatter

ConvNet) is constructed to remove barrier of the limitation of OME on FOV in a data-driven
way, combining with the principle of traditional speckle correlation imaging algorithm to guide
the design and optimization of the network. PDSNet is a neural network structure suitable for
random scales and complex targets. The ability of PDSNet to recover hidden objects is tested
experimentally. At least 40 times of optical memory effect range expansion is realized with
a average PSNR above 24dB, and the average PSNR of the restored images is above 22dB in
the condition of untrained scale. Complex target like human face can be reconstructed by the
proposed neural network successfully.
The rest of the paper is organized as follows. Section 2 illustrates the design principles of

PDSNet. Section 3 gives experiments. Section 4 concludes this paper.
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2. Image reconstruction method based on deep learning

2.1. Basics of image reconstruction

To remove barrier of the constraint of OME on the FOV, solving the original target distribution
from the scattering image is the inverse problem corresponding to the imaging process, which
can be expressed as

O = F−1(M), (1)

where O represents the target to be measured, M represents the output result obtained through
the optical system, i.e., the scattering image, and F represents the forward model of the imaging
process. The inverse problem is essentially an optimization problem, which can be expressed as

O = argmin‖F(O) −M‖2 + λR(O), (2)

where R(O) is the regularization term. Starting with the speckle image, the original target to be
restored is solved, which is the optimization problem represented by the above equation.
The light signal loaded with target information finally reaches to the camera after being

modulated by the scattering medium. The process can be expressed as

I =
n∑

i=1
(Oi ∗ Si), (3)

where n represents the target distributed in n different OME ranges, Oi is the ith imaging target,
and Si is the corresponding PSF. According to Ref. [1], the autocorrelation of PSF is an impulse
function. When the target is completely in the range of OME, autocorrelation is performed on
the speckle image as

IFI ≈ OFO. (4)

It can be inferred that, if the target is distributed in the corresponding range of n optical memories,
the autocorrelation distribution of the speckle image can be expressed as

IFI ≈
n∑

i=1
(OiFOi), (5)

which shows that even if the target to be restored crosses several OME ranges at the same time,
there is a strong physical constraint between the target and the scattered image. Therefore, the
optimization problem corresponding to Eq. 2 should have an optimal solution.
The traditional algorithms used in speckle correlation imaging have various limitations

in practical use, e.g. HIO [14] needs multiple iteration cycles. This type of algorithms is
highly dependent on the random initial values, so its optimization results often converge to the
local optimal solution and the computational process takes a long time. Although improved
algorithms such as ADMM-based [15], prGAMP [16] and BM3D-prGAMP [17] can achieve
better reconstruction quality than traditional iterative phase recovery algorithms, but they are
still time-consuming. Moreover, the reconstruction quality of those algorithms depend to some
extent on prior information like target sparsity, which still cannot operate outside the range of
memory effect.

A large target, which is bigger beyond the range of OME, can be split into several small targets
within the range of OME. According to the existing traditional algorithm to solve optimization
problems, the solution complexity of the optimization problem corresponding to Eq. 5 increases
by an order of magnitude with the increase of target scale. Therefore, it is bound to introduce
various constraints or prior information to assist the solution of the optimization problem, which
will ultimately be more detrimental to the implementation and application of the technology. In
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terms of optimization problem solving, deep learning method is better at using a large amount of
data and mining the potential mapping relationship between independent variables and dependent
variables compared with the traditional algorithms, which can often make the solution result
converge to the global optimal solution with bigger probability.

2.2. Model design

In order to meet the practical needs of imaging through scattering media, a new encoder-decoder
structure is designed. Through the skip connection, the local feature enhancement is further
achieved, and the network structure is as shown in Fig. 1.

Fig. 1. The structure of the proposed PDSNet.

In solving the scattering problem in the range of OME, the commonly used network structure
is U-shaped structure [23–25,28], e.g. U-net [29]. The network structure has a small number of
parameters, which, on the one hand, is highly efficient in operation, and on the other hand, it also
means that the network has limited ability in reconstructing the hidden objects. Especially, when
the complexity of the solving problem increases, it is obvious that the reconstruction quality
decreases. At the same time, the increase in the number of parameters will also lead to a decrease
in the computational efficiency. Here, we adopt the method of factorized convolution in the
chosen basic structure, which is a simple U-shaped structure with only encoder and decoder (not
U-net) by using n*1 and 1*n to replace the usual n*n convolution method. On the premise of
ensuring the number of parameters, the computational complexity is reduced and the efficiency
of the network computing is improved.
The structure of encoder-decoder in U-shaped network is a classic point-to-point network

architecture. However, high-level semantic information is mainly involved in the final prediction,
so low-level information that fully represents local details cannot well participate in the final
prediction process, resulting in insufficient detail of reconstruction results.
According to the principle of traditional iterative phase recovery algorithm used in speckle

correlation imaging technique, the initial image of the first iteration is generated by constraining
the output image of the last iteration pixel by pixel. Take HIO algorithm as an example{

gk+1(x, y) = g
′

k(x, y), for(x, y) ∈ Γ

gk+1(x, y) = gk(x, y) − βg
′

k(x, y), for(x, y) < Γ,
(6)

where k < 0, Γ is the set of points that satisfies the physical constraint, gk(x, y) is the k–th
input, g′k(x, y) is the k–th output, and β is the feedback control parameter, which is similar to the
learning rate in machine learning. Through several iterations, every pixel in the image is made to
satisfy the physical constraint as much as possible. The calculation process of iterative projection
introduces global constraints to the algorithm. The reconstruction process is the sequence from
the local to the global.
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During the encoding process, pixel level information evolves into higher level information grad-
ually, and some feature information of speckle pattern is discarded inevitably after downsampling
and dropout operation. Then global information is fed into the final prediction process by the
decode process. The backward propagation process calculates the gradient information from the
semantic-level to the pixel-level, and finally obtains the result in the input layer. The reconstructing
process of encoder-decoder structure is also from the local to the global as the traditional speckle
correlation imaging technique, which is believed as the reason that encoder-decoder structure can
restore object from speckle pattern.
Besides, we hope that the information missed during the encoding process can be more

involved in the final prediction process. We use the skip connection method to integrate low-level
information with high-level information to retrieve missing feature information, which realizes
fully mining of pixel-level information and semantic-level features, and form a new convolutional
neural network structure called PDSNet. Meanwhile, the combining high-level information with
the low-level information is beneficial to prevent getting trapped in local optimality. The new
encoder-decoder structure can integrate high-level semantic information with low-level local
details, and improve the deficiency of the simple U-shaped structure in local details reconstruction
as proved in Figs. 3 and 7.

Finally, starting from the simple U-shaped structure, PDSNet is formed by adding the design
of factorized convolution and skip connection. The parameters number of PDSNet is 2,062,808
parameters (7.87MB), and it is much less than 34,525,889 parameters (131.71MB) of U-net.

3. Experiment

3.1. Experiment on simulation data

Figure 2 shows the experiment setup. In the process of designing convolutional neural network,
simulation data is used to test and verify the performance of PDSNet.

Fig. 2. Experiment setup uses an DMD as the object. (a) experiment setup; (b) the actual
optical system.

The light signal of the target is modulated by the scattered medium after transmission in the
first free space. After the second free space transmission process, the light signal emitted from
the surface of the scattering medium reaches to the camera, and the camera obtains the seemingly
disordered light field intensity information. The modulation effect of scattering medium on
optical signal can be characterized by circular symmetric complex Gaussian random variables as
characteristic matrix in the simulation process, of which variance is employed to represent the
statistical characteristic of diffuser [30]. Fresnel diffraction theory is applied to simulate two free
space transmissions.
We hope to construct a scattering image reconstruction network that can remove barrier of

the OME on the FOV constraint. Therefore, it should be noted that all the simulation data and
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experimental data mentioned in this paper are beyond the range of FOV restricted by OME
with target in gray scale rather than binary. And the test environment is PyTorch 1.2.0 with
RTX 2080Ti with I7-9700K CPU under ubuntu 16.04. Mean Absolute Error (MAE), Structural
Similarity Index Measure (SSIM) and Peak Signal to Noise Ratio (PSNR) are used as objective
indicators to assess the reconstruction quality. It’s important to note that MAE is computed
between the normalized images in which the gray value ranges form zero to one.

To demonstrate PDSNet’s ability to reconstruct targets under different conditions, six datasets
are generated through the simulation. The datasets 1-6 denote the complex object dataset with
2 characters, the complex object dataset with 3 characters, the complex object dataset with 4
characters, the multi-medium A dataset with same property, the multi-medium B dataset with
different property, and the human face dataset, respectively. The cardinal targets commonly
used in speckle correlation imaging based on deep learning are single handwritten characters
[23–28]. In order to improve the complexity of the targets to be restored in the first five datasets,
the handwritten characters in MNIST are randomly combined [31]. Numbers of characters to
compose different dataset are shown in the third row of Table 1 To be noticed, overlap strategy
is utilized in all the datasets to increase the diversity of targets. The variances of characteristic
matrixes constructed in the multi-medium A dataset are maintained the same value to simulate
the process of imaging with different diffusers of the same property. A similar role is played
by the different variances of characteristic matrixes constructed in the multi-medium B dataset.
The targets in the human face dataset are derived from FEI Face Databases [32]. The original
targets acquired through the conditions shown in Table 1 is utilized as the input of the optic
system to generate the corresponding emulational speckle image, which constitutes the simulation
datasets together.

Table 1. The simulation datasets are generated according to the following conditions.

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6

Basic element MNIST MNIST MNIST MNIST MNIST FEI Face

Number of characters 2 3 4 2 2 none

Number of diffusers 1 1 1 10 10 1

Variances of diffusers One One One Same Different One

Training set data (pairs) 3000 3000 30000 30000 30000 350

Test set data (pairs) 5000 5000 5000 5000 5000 40

The original targets of the datasets are employed as the ground truth (GT) of the neural network,
while the speckle images are utilized as input images during the experiments. The size of both
the GT image and the speckle image is 256*256.

Table 2. Results of Test Set of the Complex Object Datasets (Average MAE, SSIM and PSNR).

Dataset name of untrained targets
Objective Indicators

MAE SSIM PSNR

Complex object dataset with 2 characters
PDSNet 0.0102 0.9283 29.9946dB

U-net 0.0126 0.9265 27.3848dB

Complex object dataset with 3 characters
PDSNet 0.0175 0.8951 25.8168dB

U-net 0.0216 0.8641 23.6850dB

Complex object dataset with 4 characters
PDSNet 0.0227 0.8767 24.1100dB

U-net 0.0310 0.8304 21.3222dB

To demonstrate PDSNet’s ability to reconstruct complex targets, PDSNet is tested on the
complex object dataset with 2 characters, 3 characters and 4 characters. The relationship
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between autocorrelation of the original GT and autocorrelation of the speckle image does not
meet Eq. 4 as shown in Figs. 3(b) and 3(d), which proves that the target size in the dataset 1-3
at this time is beyond the range of OME. Both datasets are utilized to train PDSNet and U-net,
and the reconstruction results of the test set are shown in Figs. 3(e) and 3(f), respectively. As
complexity of the targets increases, a downward trend is shown by the objective indicators of
both PDSNet and U-net, but even if the targets is generated with 4 characters, the hidden objects
also can be reconstructed accurately by PDSNet, as shown in Table 2. And better details in
Fig. 3(e) are produced by PDSNet than the images restored by U-net shown in Fig. 3(f). Better
reconstruction results are obtained with fewer parameters by designing reasonable structure for
PDSNet. The validity of the structure of the PDSNet is further proved.

Fig. 3. Test result of the complex object dataset with 2 characters, 3 characters and 4
characters: (a) speckle image; (b) autocorrelation of (a); (c)original target; (d) autocorrelation
of (c); (e)output image of PDSNet; (f) output image of U-net; (g)–(i) belong to the experiment
of the complex object dataset with 2 characters; (j)–(l) belong to the experiment of the
complex object dataset with 3 characters; (m)–(o) belong to the experiment of the complex
object dataset with 4 characters. Scale bars: 75 pixels.

To further test the reconstruction capability of PDSNet for different scattering media with
the same statistical characteristics, PDSNet is tested on the multi-medium A dataset with same
property. The results of the test set are shown in Figs. 4(d)–4(g).Then, the reconstruction
ability of PDSNet to scattering media with different statistical characteristics is tested, and
the multi-medium B dataset with different property is constructed for this purpose. The test
results are shown in Figs. 4(h)–4(k).The average MAE, SSIM and PSNR of the multi-medium
A dataset with same property and the multi-medium B dataset with different property are
shown in Table 3. As shown by the objective indicators, the reconstruction complexity of tasks
with different scattering media is similar no matter the property of the different media is the
same or different. Prominent reconstruction details, both global and local, are obtained for the
multi-medium missions.
To further improve the complexity of the targets, the human face dataset is employed here.

As shown in Figs. 5(c) and 5(d), for the targets as detailed as a human face, the original PDSNet
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Fig. 4. Test result of the multi-medium A dataset with same property and the multi-
medium B dataset with different property: (a) speckle image; (b) original target; (c) output
image of PDSNet;(d)–(g) belong to the experiment of the multi-medium A dataset with
same property; (h)–(k) belong to the experiment of the multi-medium B dataset with
different property. Scale bars: 75 pixels.

Table 3. Results of the Test Set of Two Multi-medium Datasets (Average MAE, SSIM and PSNR).

Dataset name of untrained targets
Objective Indicators

MAE SSIM PSNR

The multi-medium A dataset with same property 0.0121 0.9235 27.8044dB

The multi-medium B dataset with different property 0.0121 0.9174 27.7602dB

is not capable of reconstructing the image because of the limitation of its parameter amount.
Resnet-50 is utilized as the backbone network of PDSNet to enlarge the parameter amount formed
PDSNet-L. The number of parameters increases from 2,062,808 parameters (7.87MB) in original
PDSNet to 58,492,455 parameters (223.13MB) in PDSNet-L. The same dataset is employed to
test PDSNet-L. As shown in Figs. 5(e)–5(h), better results are achieved by PDSNet-L. Although
PDSNet is sufficient to reconstruct handwritten character, larger parameter amount is to the
benefit of restoring targets with more details like human faces shown by the contrast experiment
between PDSNet and PDSNet-L. As for the tasks with complex details, parameter amount of
PDSNet can be enlarged by altering the backbone network or increasing numbers of layers to
enhance reconstruct ability of the original PDSNet in recovering the hidden objects.

3.2. Experiment on real system

In this section, data from the actual optical system is collected, and several trainings and tests are
conducted. Fig. 2(b) is the setup of the optical system. The light source is a LED with a central
wavelength of 625nm (Thorlabs, M625L4). Ground glasses (Thorlabs, DG100X100-220) are
used as the scattering media and placed between the target to be measured and the camera plane.
The final camera (Balser acA1920-155um) is used for collecting speckle images with information
of the target to be restored. The distance between the target surface and the scattering medium is
25cm, and the distance between the scattering medium and the camera is 8cm. In the experiment,
the target to be measured is generated by a DMD (resolution 1024*768pixel, mirror element size
13.68µm/pixel ).

First of all, the range of OME is tested. In order to test the range of shift-invariant, a series of
speckle is collected while the horizontal displacement of the point object on the target surface
is achieved. The cross-correlation coefficient between the speckle patterns and the PSF of the
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Fig. 5. Test result of the human face dataset: (a) original target; (b) output image; (c) and
(d) results of PDSNet; (e)–(h) results of PDSNet-L. Scale bars: 50 pixels.

system, is calculated. 0.5 is chosen as the threshold value of the cross-correlation coefficient to
determine the range of ME [19,20], and we define δp as the offset pixel number of image plane,
which is 56 as shown in Fig. 6. The ME range of the system can be calculated by 2 ∗ p ∗ δp/β
[19], β is the system magnification and p is the pixel size of the camera, which equals to 5.86µm.
It can be concluded that the ME range of the system is 150*150 pixels on DMD.

Fig. 6. The curve of cross-correlation coefficient to measure the ME range of the ground
glass used in the following experiments.

3.3. Module function analysis

In this section, the need for a skip connection is first verified. In order to demonstrate the necessity
of the skip connection on the condition of targets size out of the range of OME, the handwritten
characters in MNIST are randomly combined in pairs with overlap to generate 8000 images,
which are utilized as the targets displayed on DMD. The training set and the test set contain 7500
pairs data and 500 pairs data, respectively. It can be estimated from Fig. 7 that the autocorrelation
distribution of the speckle images is quite different from that of the original GT image, which
does not confirm to Eq. 4, that is, the targets have exceeded the range of OME.
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Fig. 7. Test result of PDSNet with and without skip connection: (a) autocorrelation of
the original targets; (b) autocorrelation of the speckle images (c) original targets, and the
blue circles are used to show the range of OME; (d) output images of PDSNet with skip
connection; (e) output images of PDSNet without skip connection. Scale bars: 50 pixels.

As can be seen from the comparison in Fig. 7, the reconstructed results of PDSNet without
skip connection basically restore the original target distribution. However, compared with GT,
the detailed part of the target is not restored with higher accuracy. It can be found that the
reconstruction quality of the detailed part has been significantly improved relatively by skip
connection.

In the downsampling process of encoder, PDSNet without skip connection gradually focuses
on high-level semantic information, corresponding to the overall shape distribution of the target
has some defects in the reconstruction ability of local details. The skip connections, which can
introduce low-level details into the final prediction process, are of great necessity.

3.4. Reconstruct ability test

To test PDSNet’s ability to reconstruct targets in untrained size, a multi-scale dataset is acquired.
The experimental result show that the range of OME is 150*150 pixels on DMD. Sizes of targets
displayed on DMD are 300*300 pixels, 375*375 pixels, 420*420 pixels, 450*450 pixels, which
are all beyond the range of OME. Targets in size of 300*300 pixels, 375*375 pixels, 450*450
pixels are used as the training set, when targets in size of 420*420 pixels are applied as the test
set keep untrained. Although the target size in the dataset is different, target in GT images are
maintained the same size. 22500 data pairs are employed as the training set, while 7500 data
pairs are served as the test set. Test results of untrained targets are shown in Fig. 8. Even if the
scale of targets in the test set is untrained, satisfactory details are produced by the PDSNet, and
this conclusion is also sustained by Table 4. To further demonstrate the reconstruction ability of
PDSNet, untrained targets with trained scales are also tested, and better objective indicators are
obtained shown in Table 4, which prove the effectiveness of PDSNet for multi-scale tasks.
To test PDSNet’s ability to reconstruct targets through several scattering media, 4 ground

glasses are employed as scattering media to collect speckle images for the multi-diffuser dataset.
Targets used here are also acquired by combining two handwritten characters in MNIST with
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Fig. 8. Test PDSNet’s ability to reconstruct targets in untrained size: (a) speckle patterns
from different size of targets, and the red circles are used to show the range of OME;
(b)speckle images; (c) original targets; (d) output images of PDSNet. Scale bars: 50 pixels.

Table 4. Results of the Test Set of Two Multi-medium Datasets (Average MAE, SSIM and PSNR).

Dataset name of untrained targets
Objective Indicators

MAE SSIM PSNR

The ability to reconstruct untrained scale 0.0207 0.8831 22.7068dB

The ability to reconstruct trained scale 0.0129 0.9091 27.4222dB

The ability to reconstruct targets through different ground glasses 0.0107 0.9249 29.1512dB

overlap. 30000 data pairs are employed as the training set, while 2000 data pairs are used as the
test set. Test results of untrained targets are shown in Fig. 9. With a single training, PDSNet
can restore speckle images generated through several different scattering media with rich details.
Objective indicators show that multi-diffuser task is less complex than multi-scale task.
In order to test the limitation of the proposed PDSNet, several additional experiments are

conducted, the objects employed in those experiments are the same as the complex object dataset
with 2 characters. Objects and speckle patterns on each scale are trained and tested, respectively.
As shown in Fig. 10, the PSNR above 27dB is achieved by PDSNet while the scale of the objects
is between 3.3 times-13 times of ME range. As well as the scale of the objects increases beyond
13 times of ME range, a downward trend is emerged. When the scale of the objects is beyond 20
times of ME range, there is a significant decline. Even if the average PSNR of the test dataset is
24.7628dB on 40 times of ME range, the reconstructed results are still satisfactory.
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Fig. 9. Test PDSNet’s ability to reconstruct targets through several scattering media: (a)
speckle patterns through different diffusers, and the red circle is used to show the range of
OME; (b)speckle images; (c) original targets; (d) output images of PDSNet. Scale bars: 50
pixels.

Fig. 10. Test results of the complex object dataset with 2 characters under different scales.
Scale bars: 50 pixels (see Visualization 1.

https://doi.org/10.6084/m9.figshare.11558679
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16000 scattering patterns are employed only to test time-effectiveness of PDSNet, the conclusion
is drawn that the average FPS (frames per second) of PDSNet is 105, which is beyond the standard
of real time.

4. Conclusion

Inspired by the traditional algorithm based on OME, this paper proposes a novel convolutional
neural network called PDSNet for the reconstruction of scattered images. The experiments
show that scattered images can be restored accurately by PDSNet in real-time, and prominent
reconstruction ability is realized for the target with complex structure. Numbers of layers of
PDSNet can be increased to improve number of parameters to deal with targets with more details.

At the same time, PDSNet has a prominent generalization to reconstruct targets with untrained
scales. For targets beyond the range of OME, the speckle images corresponding to targets at
random scales can be reconstructed in one training, achieving "one-to-all" on the target scale.
This ability enables us not to strictly require the target to be restored to have a uniform size,
which is more conducive to the practical application of this technology in the future.

As a supervised learning method, PDSNet also needs to measure data in advance, but the
prominent reconstruction ability of the network enables us to measure scattering media more
flexible in practical use, even if objects of unmeasured scales can be recovered through data
of several measured scales. At the same time, our method does not need to modulate the light
source actively like Ref. [21]. It is a reconstruction method based on passive data acquisition,
which can certainly reduce the difficulty of data acquisition. The test results of both simulation
and experiment show that the proposed network also has prominent reconstruction potential
for scattering media with different statistical characteristics. This is also a necessary ability for
the practical application of deep learning to the reconstruction of scattering images of living
biological tissues.

In the future, we will try to conduct experiments on living biological tissues that meet strong
scattering conditions, hoping to be able to apply PDSNet to practical systems in fields like
medical imaging and astronomical imaging.
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