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Extended Learning Robustness for High-Fidelity Human
Face Imaging from Spatiotemporally Decorrelated Speckles

Qi Zhao, Huanhao Li, Tianting Zhong, Shengfu Cheng, Haofan Huang, Haoran Li,
Jing Yao, Wenzhao Li, Chi Man Woo, Lei Gong, Yuanjin Zheng,* Zhipeng Yu,*

and Puxiang Lai*

Imaging within or through scattering media has long been a coveted yet
challenging pursuit. Researchers have made significant progress in extracting
target information from speckles, primarily by characterizing the transmission
matrix of the scattering medium or employing neural networks. However, the
fidelity of the retrieved images is compromised when the medium’s status
changes due to intrinsic motion or external perturbations. This variability
leads to decorrelation between training and testing data, hindering the
practical applications of these frameworks. In this study, we propose a
generative adversarial network (GAN)-based framework with extended
robustness, which is designed to address the spatiotemporal instabilities of
scattering media and the resultant decorrelation between training and testing
data. Experiments demonstrate that our GAN can retrieve high-fidelity face
images from speckles, even when the scattering medium undergoes unknown
changes after training. Notably, our GAN outperforms existing methods by
non-holographically retrieving images from unstable scattering media and
effectively addressing speckle decorrelation, even after prolonged system
inactivity (up to 37 h in experiments, but can be longer if needed). This
resilience opens venues for pre-trained networks to maintain effectiveness
over time, and can broaden the scope of learning-based methodologies in
deep tissue imaging and sensing under extreme environmental conditions.

1. Introduction

Optical imaging stands as a cornerstone
in the exploration of the microscopic and
macroscopic realms, ranging from cellu-
lar structures to whole bodies, this field
has continually evolved, offering scal-
able resolution and expansive fields of
view.['2] In environments like biological
tissues or turbid media such as fog, dusty
air, and turbid water, scattering predomi-
nantly governs light-matter interactions,
curtailing imaging depth and compro-
mising resolution. Coherent light exac-
erbates this challenge, producing speck-
les with stark contrasts that obscure clear
imaging and interpretation.3=*! Semi-
nal efforts, particularly the transmission
matrix approach, have addressed static
scenarios by linearly correlating input
and output fields.'% While this en-
ables computational retrieval of images
from speckles via the inverse transmis-
sion matrix, the linear model’s limi-
tations often yield suboptimal imaging
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quality due to the insufficient accuracy of the linear TM
model.1-12]

The emergence of deep learning has catalyzed a paradigm
shift, with deep neural networks (DNNs) significantly refining
optical system performance.l®! These networks account for the
inherent nonlinearity in light-matter interactions and perturba-
tions 2% resulting in enhanced imaging fidelity.?'-?*! How-
ever, despite their success in stationary scattering environments,
DNNs show low robustness and face challenges under non-
stationary conditions, such as motion, perturbation, vibrations
in the scattering medium or optical system. These non-stationary
scattering media lead to speckle decorrelation, which deteriorates
modulation or imaging performance.!?>-3l

Researchers have designed different schemes to address chal-
lenges encountered in non-stationary scattering media like natu-
ral fog, turbid water, and multimode fibers.*!3°] While promis-
ing, existing DNNs primarily operate with simple objects (dig-
its, letters, binary patterns) trained using extensive datasets that
reflect different scattering medium statuses (i.e., the relation-
ships between input and output wavefronts). Crucially, these
datasets are often collected concurrently, exhibiting strong cor-
relations between the training and testing data. However, prac-
tical applications often involve significant time gaps between
training and testing, necessitating the use of data acquired un-
der altered medium or system conditions. This temporal gap in-
troduces decorrelation, diminishing the efficacy of pre-trained
networks. Despite diverse training data representing various
medium statuses, DNN performance degrades when confronted
with changed conditions. Consequently, in real-world applica-
tions where the scattering medium deviates from previously en-
countered statuses, pre-trained networks struggle to adapt to
decorrelated speckles.

In this study, we introduce a generative adversarial network
(GAN) framework capable of training to recover complex face
images from a dynamic scattering medium. The framework em-
ploys a U-Net-based generator to discern intrinsic speckle fea-
tures, enabling high-fidelity retrieval of images.[**3”] Simultane-
ously, a multi-layer convolution-based discriminator assesses the
retrieved images, providing critical feedback to refine the gen-
erator’s outputs.®®%] Notably, the GAN’s generator harnesses
speckle features for image retrieval, while the discriminator
guides enhancements in the retrieved images. Experimental re-
sults affirm that the GAN retains temporal robustness, retriev-
ing face images from speckles even with extended intervals be-
tween training and testing datasets, which results in minimal
correlation. Further validation occurs through experiments us-
ing a non-stationary metasurface as the scattering medium. In
this scenario, the network is initially trained with collected data,
followed by deactivating the optical system for 37 h (or longer if
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Figure 1. a) Diagram of the optical setup for acquiring speckles. L1 and
L2: the first 4-f system to expand the laser beam. SLM: spatial light mod-
ulator. L3 and L4: the second 4-f system to shrink the laser beam. Scat-
tering medium: ground glass (GD) or disordered metasurface (DM). b)
Speckle background PCC (SBP) during six 40-min ground glass experi-
ments. Lower SBP corresponds to a larger deviation from the initial status
and lower stability. Final SBP is the SBP of each data group at the end
(marked in green on the right Y axis).

necessary) and subsequently reactivating it to gather testing data,
thereby simulating real-world conditions. To our knowledge, this
marks the first instance of a neural network trained to retrieve
high-fidelity face images from speckles acquired on different
days from the training data. Overall, the proposed GAN demon-
strates exceptional temporal robustness, overcoming challenges
associated with changing speckles. Consequently, the method
opens new venues for non-holographic retrieval of images from
decorrelated speckles, signifying a significant advancement in
the field.

2. Methods
2.1. Optical Setups

The optical system for acquiring speckles is depicted in Figure
1a. The light source is a continuous-wave 532-nm laser (EXLSR-
532-300-CDRH, Single mode, 300 mW, Spectra-Physics, USA).
The laser beam from the light source is first expanded by a 4-f
system (L1 and L2) to cover the entire aperture of the spatial light
modulator (SLM, HOLOEYE PLUTO VIS056 1080p, German).
Then the image information displayed on the SLM modulates
the wavefront. The information to modulate the input wavefront
is the face image from thumbnails in the Flickr Faces High Qual-
ity (FFHQ) database.[*°] Here, the 128 x 128 thumbnails are up-
sampled to 640 x 640 and displayed at the center of the SLM. Af-
ter SLM modulation, the modulated light is shrunk by another
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Figure 2. Schematic of the proposed GAN framework. a) GAN structure: the generator is based on U-Net, with speckle as the input and retrieved
images as the output; the discriminator is based on six convolutional layers and one linear layer, with retrieved images or ground truth images as
input and evaluated loss as output. Ground truth images: Copyright 2010, appnight-122, by Existence Church, Flickr (https://www.flickr.com/photos/
sandiegochurch/4379311601/); the original images are cropped and converted to grayscale, under terms of the CC-BY 2.0 license. b) Structures of the
generator: the encoders are highlighted in blue, the decoders are highlighted in red. The dimensions of the feature maps are specified next to each block.
c) Flow chart of GAN training: during each GAN training epoch, the generator is trained only once, but the discriminator is trained five times to improve

convergence and network performance.

4-f system (L3 and L4) and then focused by an objective lens
(RMS20X, Olympus, Japan). The focused laser travels through
a scattering medium, transforming into random optical speck-
les, which are captured by a CMOS camera (FL3-U3-32S2M-CS,
PointGrey, Canada). The scattering medium used in experiments
includes a ground glass diffuser and a disordered metasurface.
During data collection, ambient perturbations (e.g., moving peo-
ple, other ongoing experiments on the same optical table, run-
ning instruments in neighboring rooms, etc.) could mechanically
shift the scattering medium, and light source stability depends
on the working status of the laser (not intentionally controlled),
leading to decorrelated speckles.

2.2. Data Acquisition and Speckle Instability

Experimentally, to generate data at different levels of instability,
a scattering medium (i.e., ground glass) is constantly disturbed
by surrounding perturbations, including air flow and platform
vibrations etc. The corresponding instability is characterized by
variations of background speckles generated by loading a uni-
form phase pattern every minute (i.e., every 500 captured speck-
les), in order to facilitate comparisons with related research (de-
tails in Figure S1, Supporting Information). In the ground glass
experiments, the duration for the collection of each data group
is up to 40 min. Every captured background speckle is compared
with the initial background speckle for the calculation of the Pear-
son correlation coefficient (PCC), which is termed the speckle
background PCC (SBP). As shown in Figure 1b, the SBP of six
groups of data continuously decays with time in experiments due
to environmental perturbations (including air flow, platform vi-
brations, etc.), a lower SBP corresponds to a higher deviation
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from the initial status and hence lower stability. With monotonic
variations, we can mark SBP at the end of each group (i.e., Final
SBP) to distinguish different groups. For example, for Group 1,
Final SBP is 0.8846 (the highest among six groups), indicating
relatively stationary conditions. For Group 6, SBP drops down
more quickly. Final SBP is 0.0139, which is less than 1/e % 0.3678,
indicating speckles have become totally decorrelated and the
dataset includes significantly perturbed information.[?*3!] These
datasets are available at Optical Speckle Datasets 2025 in PolyU
Research Data Repository.[*!! In the following experiments, these
six groups of datasets are utilized to train and test the proposed
GAN framework.

2.3. Neural Network Design

The proposed GAN includes a generator and a discriminator,
as shown in Figure 2a, the related Python code is available on
GitHub (https://github.com/863zq/863zq.github.io/blob/main/
Code/Main_complex_GAN.py). The generator is based on an U-
Net extensively employed in speckle imaging.[182428] Compared
with traditional U-Net,3%! the primary difference is that convo-
lution layers here are all based on complex algebra, i.e., inputs,
outputs, and parameters in convolutions are all complex-valued
to more accurately mimic the random scattering process as mod-
eled by the transmission matrix theory.l*?] Here, the input of the
U-Net-based generator is the speckle with 128 x 128 pixels, which
is transferred into the complex domain with zero phase. Then,
the input speckles can be processed by the generator’s encoders
(four down-sampling paths, blue filters in Figure b) and decoders
(four up-sampling paths, red filters in Figure b). After that, the fi-
nal layer converts the complex feature map into real numbers and
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outputs the retrieved images with 64 x 64 pixels. In addition to
the generator, a discriminator based on six convolutional layers
is designed to evaluate the retrieved images from the generator.
With the retrieved image or the ground truth as the input, the
discriminator’s output is the evaluated loss to discriminate be-
tween the retrieved images and the corresponding ground truth
images, the generator tries to cheat the discriminator so that the
retrieved image is refined to approach the corresponding ground
truth image. After network training, the so-called Nash equilib-
rium is eventually reached, and the generator then successfully
retrieves images from speckles with high fidelity.[3839]

2.4. Network Training

The loss function of the generator L, combines the image loss
LG image @nd the adversarial loss L 4, Here, the image loss com-
bines the mean square error MSE and the Pearson correlation
coefficient PCC to reveal differences between the retrieved image
G(x) (i.e., the generator output when x is the input speckle) and
the ground truth y. The adversarial loss L 4, is MSE between
the discriminator output with the generator output as the in-
put, and the discriminator output with the corresponding ground
truth as the input. Then, the final loss function for the generator
L is a weighted average of the adversarial loss L ,,, and the im-
age 10ss L ;4. The weights in L here are empirically tuned to
improve the performance of the generator:

LG jimage = MSE[G (%), y] = PCC[G (%), V] (1)

Lg a4, = MSE [D(G (%)), D(y)] 2

Lo =02XLg,, +08X LC,image (3)

MSE (x,y) = (x — y)2 (4)

P ) = (= 6D = ) 5
0,0,

In Equations (4)—(5), () and ¢ denote the average operation
and standard deviation, respectively. The proposed discriminator
is designed to assess the generator output, the discriminator out-
put is expected to be the image loss. The proposed discriminator
is different from discriminators in traditional GAN to generate
new images, which discriminate images and noises. In the pro-
posed discriminator, the loss function L, is the MSE between the
predicted output of the discriminator, i.e., ((x)), the real image

1OSS LG,image(G(x)’ Y)
Ly = MSE (D(G (%)), Lg g (G (%), ) ()

In the following experiments, each group in Figure 1b con-
tains 20 000 image-speckle pairs, and six neural networks are in-
dividually trained with only one group of data. Human face im-
ages are collected from thumbnails in the FFHQ dataset,[**! from
which 128 x 128 thumbnails are down-sampled to 64 X 64 as the
ground truth images. The dimensions of the speckles fed into
the generator are 128 x 128. As for training, GAN is trained for
20 epochs using Adam optimizers with batch size = 32, the ini-
tial learning rate is 0.0001 with cosine annealing. Furthermore,
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in each training epoch, the discriminator is trained five times (as
illustrated in Figure 2c), while the generator is trained once to en-
hance the discrimination between retrieved images and ground
truth images.[*3]

Notably, speckles used during network testing are sampled
after the training dataset collection is finished. As for differ-
ent experiments, the acquisition time intervals between train-
ing and testing datasets vary, in order to test the network perfor-
mance at different scattering medium statuses. As for the soft-
ware framework, we utilize PyTorch 2.0.1 with CUDA 12.1 and
Python 3.11.4, which is implemented on a Dell Precision Tower
5810 with Intel Xeon E5-1650 V3 CPU, 64 GB RAM, and a Nvidia
GeForce RTX 3090 GPU. During network training, one epoch
takes ~20 min for a training dataset with 15,000 samples; the en-
tire training process with 20 epochs takes ~6 h.

3. Results

3.1. Imaging Through a Non-Stationary Diffuser
3.1.1. Qualitative Analysis

In order to evaluate the applicability of the proposed GAN in prac-
tical applications, we separate training and testing datasets with
different time intervals, so that training and testing data acquisi-
tion windows do not overlap in time; the scattering medium sta-
tuses corresponding to the testing dataset (red points in Figure
3a, including 32 speckles) vary and decorrelate from those for the
training dataset (corresponding to the training dataset durations
T in Figure 3a). Three representative sets, Groups 1, 4, 6, are an-
alyzed here, as shown in Figure 3a. The entire dataset duration
(T) is 40 min, the data that cover the first 1/4 (T = 10 min), 1/2
(T =20 min), 3/4 (T = 30 min) of the full dataset are respectively
used as the training dataset, whose training sample amounts are
5,000, 10,000, 15,000 speckle-image pairs, respectively. Then, the
testing dataset is sampled with different time intervals (At) after
the training dataset (red points in Figure 3a), such as 1, 5, 10 min,
etc.

Performance with T = 30 min (15 000 training samples) is il-
lustrated in Figure 3b. As for Group 1 (Final SBP = 0.8846), PCC
between the retrieved image and the corresponding ground truth
in the testing dataset (called imPCC for simplicity) can reach
0.9665 when At = 1 min, fine features, such as eyes, eyebrows,
noses, ears, mouths, cheeks, can be clearly seen with high fidelity.
As At increases to 5 and 10 min, the visualized results are still
retrieved with high fidelity (imPCC is 0.9526 and 0.9372, respec-
tively), although SBP drops from 0.9493 (At = 1 min) to 0.9295
(At =5 min) and 0.9009 (At = 10 min). With stronger decorrela-
tion, i.e., Group 4 with Final SBP = 0.3987, the retrieval perfor-
mance (Group 4 in Figure 3b) is comparable to Group 1, while
the retrieved image PCC of Group 4 is just slightly lower than
that of Group 1 due to non-stationary medium statuses. Under
highly non-stationary conditions, i.e., Group 6 with Final SBP =
0.0139, the performance deteriorates with larger time intervals,
imPCC is significantly lower than that in Groups 1 and 4.

With shorter training durations, e.g., T = 20 min with 10 000
training samples, although visually discernable, the overall im-
PCCs for At =1, 5, 10 min in Figure 3c are systematically lower
than their counterparts in Figure 3b. As for Figure 3¢ IV and V,
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Figure 3. Retrieved images from speckles with different training durations
T and different time intervals At between training and testing datasets.
a) Datasets: Group 1, Group 4, Group 6 are divided according to train-
ing dataset durations T, including 10, 20, 30 min. The speckle back-
ground PCC of the testing datasets is marked as red points. b-d) Re-
trieved images from speckles: the top row of each column is the ground
truth image; the right columns on other rows represent the correspond-
ing retrieved images by inputting the speckles in the left columns into
the generator of the GAN; the numbers next to retrieved images are
PCCs between the retrieved images and the corresponding ground truth
images; the ground truth images are selected from FFHQ dataset.[*0]
e—g) imPCC (average PCC between the retrieved images and the cor-
responding ground truths) versus different time intervals for training
dataset duration T = 30, 20, 10 min, respectively. Ground truth im-
age in (b-1): Copyright 2009, 100_1861, by Daniel Taylor, Flickr (https:
//www.flickr.com/photos/dtaylor404/3920892082/); the original images
are cropped and converted to grayscale, under terms of the CC-BY 2.0
license. Ground truth images (b-1l) and (c-IV): Copyright 2010, Living
Room Comedy 101 052810, by Alex Erde, Flickr (https://www.flickr.com/
photos/alexerde/4682485372/); the original images are cropped and con-
verted to grayscale, under terms of the CC-BY 2.0 license. Ground truth
images (b-111) and (c-V): Copyright 2015, Naughty Snowball 1V-128, by P)
Rey, Flickr (https://www.flickr.com/photos/pjrey/8261366051/); the origi-
nal images are cropped and converted to grayscale, under terms of the CC-
BY 2.0 license. Ground truth images (c-1): Copyright 2016, Fr15, by Eurépa
Pont, Flickr (https://www.flickr.com/photos/europapont/26666567983/);
the original images are cropped and converted to grayscale, under terms
of the CC-BY 2.0 license. Ground truth images (c-Il) and (d-1V): Copy-
right 2017, Henriette Serbge Andreassen, by Senterpartiet (Sp) (https://
www.flickr.com/photos/senterpartiet/32951636095/); the original images
are cropped and converted to grayscale, under terms of the CC-BY 2.0 li-
cense. Ground truth images (c-111) and (d-V): Copyright 2009, them again,
by Josh, Flickr (https://www.flickr.com/photos/iheartphoto/204002570/);
the original images are cropped and converted to grayscale, under terms
of the CC-BY 2.0 license. Ground truth image (d-1): Copyright 2014,
Demand14 Speakers, by Cision Global, Flickr (https://www.flickr.com/
photos/vocus/14439031135/); the original images are cropped and con-
verted to gray-scale, under terms of the CC-BY 2.0 license. Ground truth
image (d-11): Copyright 2018, by sirokame000, Flickr (https://www.flickr.
com/photos/95949782@N03/27719339539/); the original images are
cropped and converted to gray-scale, under terms of the CC-BY 2.0 license.
Ground truth image (d-111): Copyright 2018, Mosman Faces launch, by
Mosman Library, Flickr (https://www.flickr.com/photos/mosmanlibrary/
5760074593 /); the original images are cropped and converted to gray-
scale, under terms of the CC-BY 2.0 license.
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when the time intervals are respectively extended to 15 min and
20 min, the testing datasets decorrelate more from the training
datasets. As a result, the retrieved images appear blurrier than
before. Especially for Group 6 in Figure 3c IV and V, imPCC is
as low as 0.3818 and 0.2992, and important facial features (such
as eyes and cheeks) become more obscure. When the training
duration is even shortened to 10 min with merely 5,000 training
samples, as shown in Figure 3d, the proposed GAN for Groups
1 and 4 can mostly retain imPCCs above 0.86. While for Group
6, imPCC significantly drops below 0.35 when At > 10 min (SBP
reduces to 0.0064), the testing dataset from Group 6 can be re-
garded to be totally decorrelated from the training dataset.

3.1.2. Quantitative Analysis

Quantitatively, performances from six groups of experiments
(i.e., imPCC) with different time-varied divisions based on the
training data duration T are further investigated to assess tempo-
ral generalization of the proposed GAN, as shown in Figure 3e-g.
Generally, a larger time interval between training and testing
datasets (At) corresponds to a lower instant SBP as the back-
ground speckles change continuously for each group. For Groups
1-4 with Final SBPs above 0.3987, the proposed GAN is able to re-
trieve images from speckles with high fidelity. When At < 10 min,
for T = 30 min with 15 000 image-speckle pairs (Figure 3e), im-
PCCs are relatively stable (above 0.8910) and can hardly be differ-
entiated. Similar observations can also be discovered in Figure 3f
(T =20 min with 10 000 training samples) and Figure 3g (T = 10
min with 5,000 training samples), though their overall imPCCs
are lower than their counterparts in Figure 3e. With larger time
intervals, i.e., At > 10 min, mild descending trends are seen in
Figure 3f,g, imPCCs for Groups 3 and 4 decrease more rapidly
than those for Groups 1 and 2. For more severely decorrelating
datasets, i.e., Groups 5 and 6 (Final SBP = 0.0359 and 0.0139,
respectively), imPCCs drop much more apparently than other
groups.

Overall, the robustness of the trained neural network is im-
proved by learning more scattering medium statuses, leading to
Dbetter retrieved image qualities after speckle decorrelation. How-
ever, more scattering medium statuses also correspond to higher
decorrelation in the speckles, which can affect the retrieved im-
ages (details in Figure S2, Supporting Information). The pro-
posed GAN is designed to improve the robustness of the trained
neural network to balance the scattering medium statuses and
the retrieved image qualities, resulting in better robustness and
improved retrieved image qualities.

3.2. Imaging Through a Disordered Metasurface

In the ground glass-based experiments, the proposed framework
can overcome moderate decorrelation of the scattering medium,
with the longest time interval (At) between training and testing
datasets being up to 30 min. Next, we will test whether the pro-
posed framework is able to generalize its ability for even longer
periods. A disordered metasurface with random phase profiles
is used as the scattering medium,*~*! the ground truth im-
ages are human face images selected from the Large-scale Celeb
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Figure 4. Metasurface experimental results. The speckle background PCC
(SBP, the red solid curves) on Day 1and Day 2, between which the optical
system is turned off for 37 h. The network is trained based on the data
acquired during the first 3 h on Day 1, with Final SBP = 0.6369 (marked
in light blue), containing 60 000 speckle-image pairs, leading to 24 h of
training time. The testing dataset is acquired on Day 2, with the repre-
sentative imPCCs at At = 37, 38, 39, 40 h being represented by the green
bars. Note: The ground truth images (human faces) and retrieved images
cannot be published due to copyright licensing restrictions of the dataset
used. Please refer to the data availability statement.

Faces Attributes (CelebA) Dataset.l*’] The fabrication process of
the metasurface involves a combination of electron beam lithog-
raphy (EBL) and reactive ion etching (RIE). The detailed fabrica-
tion process is provided in Figure S3 (Supporting Information).
The results of the metasurface experiments are illustrated in
Figure 4. As seen, although SBP on Day 1 drops down to 0.6 after
3 h, the overall stability (SBP) fluctuates from 0.6 to 0.7 on Day 2,
even if the optical system (including the laser source and all elec-
tronic devices) is shut off for 37 h. During the inactive period, the
optical system has experienced complex perturbations, including
but not limited to air flow, vibrations of setups, vibrations of the
building, and other optical experiments. Subsequently, the opti-
cal system is reactivated to gather testing data. It is worth noting
that the network is trained based on the data acquired on Day 1,
but the proposed framework can still effectively retrieve the face
images from speckles obtained on Day 2. All this indicates the
temporal generalization capability of the proposed framework.

4, Discussions

Although the diffuser remains unchanged during each group of
data collection, environmental perturbations vary across differ-
ent days and moments, which is a common challenge in optical
experiments. To address this, we have demonstrated that the pro-
posed framework possesses sufficient spatiotemporal robustness
to adapt to scattering medium statuses that are not present in the
training data. This feature is enabled by training the network with
a diverse set of statuses from the scattering medium, allowing it
to extract the underlying speckle features.

In experiments, we measure the quantified perturbation of
a non-stationary scattering medium based on the speckle back-
ground PCC (SBP). Here, SBP is derived from speckles result-
ing from loading a uniform phase pattern on the SLM and can
Dbe used to evaluate the influence of scattering medium instabili-
ties. Then, complex and dynamic relations between speckle in-
tensities and input images are learned by the proposed GAN,
so that the generator extracts inherent features from speckles

Laser Photonics Rev. 2025, 01836 e01836 (6 0f8)
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through complex-valued convolutions, which is able to mimic the
random scattering process accurately as modeled by the trans-
mission matrix theory (performances of real-valued GAN and
complex-valued GAN are compared in Figure S4, Supporting In-
formation). The discriminator evaluates the retrieved images to
help the generator further improve outputs, so that the retrieved
images are continually refined to approach the corresponding
ground truth image during network training.

Notably, after the metasurface experiments (fluctuating SBP
on Day 2 in Figure 3a), we can conclude that the proposed GAN
successfully overcomes speckle decorrelation even for a time in-
terval At > 37 h (or longer, if needed). To the best of our knowl-
edge, this is the first research in speckle imaging of complex ob-
jects (e.g., grayscale human face images with detailed features)
whose network training and testing are performed on various
days with significantly different or unpredictable system statuses.
This capability opens new venues for applications where net-
works can be trained in advance but maintain their validity for
data acquired later, regardless of the status of the medium. This
is essential for extending the impact of the learning-based ap-
proaches in the field.

Additionally, due to its robustness across different scattering
media (ground glass and metasurface in experiments), the pro-
posed GAN can be further extended to imaging through deep
biological tissues with strong volume scattering. This is a long-
desired yet considered challenge, since the optical field decorre-
lates rapidly on the order of milliseconds due to physiological mo-
tions such as breathing, heartbeat, and blood flow.[2>#] With the
proposed GAN-based framework, one can train the network with
datasets that cover more statuses of the sample.

Furthermore, the performance of the proposed GAN can be
enhanced by incorporating additional encoded speckle informa-
tion during the training stage or by adopting an optical neural
network for faster processing.[*] Retrieving high-quality images
from speckles remains challenging, particularly when speckles
significantly decorrelate from the training data. To address this,
including more training speckle samples with varying scattering
medium statuses generally leads to better-retrieved images.

Additionally, speckle data with a larger region of interest (ROI),
containing more speckle grains, provides more access to addi-
tional encoded information. However, this improvement comes
at the cost of longer training time (details in Figure S5, Support-
ing Information). Alternatively, for less complicated target infor-
mation, such as binary digits and letters,**>! using a smaller
training dataset and a lighter network structure can reduce the
time and computing resources required for network training. For
instance, Figure 5 demonstrates that even with T = 10 min and
At = 20 min, digits can be retrieved from speckles with high fi-
delity. Moreover, exploiting the spatial redundancy of target infor-
mation encoded in the speckle field allows down-sampling!**! or
using a partial field of view of the speckles.[32 These could signif-
icantly reduce the size of the training data, thereby accelerating
the learning process of the network.

These enhancements hold significant promise for practical ap-
plications of speckle imaging, particularly when utilizing a dis-
ordered metasurface as the scattering medium. For example,
by training a GAN with speckles from different system condi-
tions, we can create a pre-trained GAN capable of retrieving in-
formation from optical speckles acquired later—even when the
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Figure 5. Digit-induced speckle experiments with different training durations (T = 20 and 10 min) and different time intervals (At =1, 5, 10, 15, 20
min) between training and testing datasets: the top row of each column is the ground truth image; the right columns on other rows represent the
corresponding retrieved images by inputting the speckles in the left columns into the generator of the GAN; the numbers next to the retrieved images
are PCCs between the retrieved images and the corresponding ground truth images.

medium’s statuses are unknown to the pre-trained model. The
robustness of the network against spatiotemporal decorrelation
could greatly enhance the accuracy of perception systems, allow-
ing them to adapt to various scenarios.

5. Conclusion

In summary, we propose a GAN-based learning framework de-
signed for non-holographic image retrieval from spatiotempo-
rally decorrelated speckles acquired in a non-stationary scatter-
ing medium. Our framework’s extended robustness is convinc-
ingly demonstrated through experiments using ground glass as
the scattering medium. Despite the inherent non-stationarity of
the medium and the separation of data into distinct training pe-
riods, our approach successfully retrieves high-fidelity face im-
ages from speckles. Furthermore, when employing a disordered
metasurface as the scattering medium, our framework remains
effective even when tested with images acquired on the second
day of network training—after a 37-h optical system downtime.
These results underscore the exceptional spatiotemporal decor-
relation robustness of our proposed GAN-based framework. It
enables high-fidelity retrieval of complex information (e.g., hu-
man face images) from speckles acquired under varying media
or system statuses. Importantly, our framework’s ability to train
in advance and adapt to input data acquired later holds signif-
icant promise. It opens avenues for learning-based approaches
in diverse speckle imaging scenarios, including non-holographic
imaging through biological tissues and target sensing under dy-
namic environmental conditions.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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