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ABSTRACT

Imaging in a complex environment is recognized to be challenging in various applications. Imaging with single-pixel detection, e.g., ghost
imaging (GI), emerges as a solution in recent years. Here, we report a unified GI framework based on untrained neural networks (UNNs) to
eliminate the effect of complex environments and realize high-resolution object reconstruction. Two UNNs are designed to respectively esti-
mate the corrected realizations and a series of dynamic scaling factors from the collected realizations. A GI-formation-based physical model
is incorporated into the network to ensure the validity of the corrected realizations and enable object reconstruction. Experimental results
demonstrate that the proposed method is effective and robust for high-resolution and high-contrast object reconstruction in complex envi-
ronments, i.e., dynamic scattering media with high-randomness light disturbance. In addition, the proposed method is validated at low sam-
pling ratios to alleviate data acquisition burden. With the advantages in the integration, adaptability, and efficiency, the proposed method
provides a promising solution for GI in complex environments.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0252090

Ghost imaging (GI) is an innovative technique that has garnered
increasing attention over the past decades.1,2 Unlike traditional imag-
ing that relies on the pixelated detectors, GI can be applied to recon-
struct an object by correlating a series of illumination patterns with
synchronized realizations captured by a single-pixel detector (SPD).3,4

Due to the inherent properties of SPD, GI offers low cost and high
detection sensitivity. Therefore, GI is particularly suitable for applica-
tions in low-light scenarios,5–7 e.g., imaging through scattering media,5

biomedical imaging,6 and long-distance imaging.7 Additionally, GI has
demonstrated potential in the fields of spectroscopy,8 communication,9

cryptography,10 etc.
While existing studies demonstrate the effectiveness of GI in

static environments,11,12 it remains a pivotal concern to maintain the
superior performance of GI in dynamic scattering environments. In
static environments, constant scaling factors are imposed on the real-
izations. The introduced effect can be eliminated after a normalization
without affecting reconstruction quality. However, real-world scenar-
ios (e.g., underwater and light disturbance) could be dynamic and
intricate, resulting in a nonlinear variation of scaling factors and a fail-
ure of GI methods.13 Recently, a temporal correction method14 was
proposed to solve the problem of GI reconstruction in dynamic envi-
ronments. Although the method has been effective, it demands to

double the acquisition time. This limitation has inspired an alternative
learning-based correction method,15 which involves designing a data-
set with a specific scaling factor variation. However, scaling factor var-
iations in real-world scenarios are typically unknown or too complex
to be explicitly modeled. Consequently, such a supervised paradigm
exhibits the limited generalization in its adaptability to environments.
To overcome the challenge, an adaptive moving average method16 was
reported to correct scaling factors by exploiting temporal information
among neighboring realizations from a statistical perspective. The
method could not handle frequent or abrupt scaling factor variations
and requires an extra strategy to obtain high-contrast object recon-
struction. Contrary to previous methods, here we set our sights on
exploring a more efficient and extensive GI framework based on
untrained neural networks (UNNs)17–19 in complex environments
with high-randomness light disturbance.

In this Letter, we report a unified GI framework to realize high-
resolution and high-contrast object reconstruction in complex
environments without requiring datasets in deep learning models. The
proposed framework decomposes the realizations collected in complex
environments into corrected realizations and scaling factors. Two
UNNs are respectively deployed to predict two components through a
joint UNN optimization. One network is designed to capture the
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statistics of latent object information, following a GI-formation-based
physical model to estimate the corrected realizations. Another network
is adopted to estimate random scaling factor variations. Each scaling
factor is predicted independently, without considering temporally
adjacent information or depending on explicit assumptions about the
scaling factor variation. Experimental results demonstrate that the pro-
posed method can robustly and flexibly reconstruct high-contrast and
high-resolution objects in complex environments with high-
randomness light disturbance.

In GI, an unknown object Oðx; yÞ is sequentially illuminated by a
series of random patterns Pðx; yÞ: The realizations captured by the
SPD can be used to reconstruct the object with a second-order correla-
tion algorithm, e.g., differential GI (DGI).4 However, when wave prop-
agation is distorted by a stochastically complex environment, dynamic
scaling factors, K, are introduced. The collected realizations ~B in com-
plex environments can be described by

~Bi ¼ Ki

ð ð
Pi x; yð Þ � O x; yð Þdxdy; (1)

where i ¼ 1; 2;…;N; N denotes the total number of realizations, and
� denotes an element-wise multiplication. The stochastic variation of
dynamic scaling factors K could be unpredictable and temporally
uncorrelated in complex environments. With the presence of the fac-
tors K, the correlation between random patterns P and the realizations
~B is disrupted, impeding the efficacy of conventional GI methods.

The removal of dynamic scaling factors from the collected real-
izations can be seen as an ill-posed inverse problem to be solved with
optimization-based methods. A unified framework that combines two
neural networks Wo and Wk is developed to respectively estimate cor-
rected realizations B and scaling factors K. A flow chart of the pro-
posed method is shown in Fig. 1. The network Wo with a uniform-
distributed input zo is adopted to predict B. However, the estimates B
would be invalid for object reconstruction without explicit constraints.
To address this, instead of directly generating B through the network,
Wo is optimized to generate an output to be close to object information
Oðx; yÞ ¼ WoðzoÞ: Here, Oðx; yÞ is subsequently fed into a GI-forma-
tion-based physical model to generate a series of corrected realizations

B. The physical model is incorporated into the network using a single
convolution layer. The convolution kernel is substituted by a series of
random patterns. The weights of convolution kernel correspond to
pixel values of random patterns, and the number of kernel channels is
equal to the number of random patterns, i.e., N. Therefore, a series of
corrected realizations B are generated and formed as a column vector
with N entries. To estimate dynamic scaling factors induced by a com-
plex environment, the network Wk is used with an input zk sampled
from the uniform distribution. The input and output dimensions of
Wk are determined by the number of random patterns, denoted asffiffiffiffi
N

p � ffiffiffiffi
N

p
: The generated two-dimensional matrix is reshaped into a

column vector withN entries. The architecture of the individual neural
network is an autoencoder with skip connections.17

With the networksWo andWk, estimated realizations B̂ ¼ K � B
can be calculated. The developed unified GI framework in complex
environments can be described by

min
Wo;Wk

kWk zkð Þ � ½Wo zoð Þ � P� � ~Bk2: (2)

The parameters of Wo and Wk are jointly updated using the
ADAM optimizer on a NVIDIA GeForce RTX 4090 GPU. The learn-
ing rate is 0.001. It can be found that an optimal configuration for two
networks is realized after the joint UNN optimization. The network
Wo is forced to output a high-resolution reconstructed object and sub-
sequently yield the realizations based on the GI-formation-based phys-
ical model. The generated corrected realizations are then multiplied by
scaling factors generated byWk to spawn the realizations B̂ to be close
to the experimentally collected realizations ~B:

To verify the proposed method, a series of optical experiments
are conducted in complex environments. In Fig. 2, a green laser beam
(MGI-III-532-50mW) is expanded and collimated to illuminate an
amplitude-only spatial light modulator (SLM) (Holoeye, LC-R720).
16384 random patterns with 128� 128 pixels are sequentially dis-
played by SLM. These illumination patterns are magnified by a factor
of 2 with a 4f optical system and projected onto an object. The complex
environment is constructed by using dynamic and turbid water with
high-randomness light disturbance. A LED is placed 36.0 cm above the
object, providing an illuminance of 10.25 lux. The initial position of
the LED corresponds to a rotation angle of 0�, as shown in Fig. 2. In
this case, the light area covered by the LED has a diameter of

FIG. 1. Flowchart of the developed unified GI framework using UNN in complex
environments: �; a single convolution layer; kmm, scaling factors; and m ¼ ffiffiffi

N
p

:
Corrected realizations B can be close to those collected in free space without
scattering.

FIG. 2. A schematic experimental setup in complex environments. L1: a collimated
lens with a focal length of 10.0 cm; L2: a lens with a focal length of 5.0 cm; L3: a
lens with a focal length of 10.0 cm; L4: a lens with a focal length of 5.0 cm; SLM:
spatial light modulator; SPD: single-pixel detector; O: object.
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approximately 2.2 m. To produce high-randomness light disturbance,
the LED is manually rotated in a random manner to various angles
between �90� and 40� during experiments, with the positive direction
defined as rightward. Unknown intensity amplifications could be
introduced into the collected realizations at any moment. For dynamic
scattering media, 10-ml skimmed milk diluted with 250-ml clean water
is continuously dripped into water tank during experiments, and a stir-
rer works at 450 revolutions per minute to accelerate the mixing of
milk and water. The transparent water tank has dimensions of 10.0 cm
(length)� 15.0 cm (width)� 30.0 cm (height), and an axial distance is
7.0 cm between the front face of the tank and the object. 3000-ml clean
water is initially placed in the water tank. A series of light intensities
distorted by a complex environment are sequentially collected by the
SPD (Thorlabs, PDA100A2), positioned 30.0 cm away from the object.

Figure 3 shows experimental results using a USAF 1951 resolu-
tion test chart as an object, when the proposed method in complex
environments is applied. To quantitatively evaluate the reconstruction
quality, contrast-to-noise ratio (CNR)20 is calculated [see Eq. (S1) in
the supplementary material for details]. In Fig. 3(a), experimentally
collected single-pixel intensities exhibit stochastic fluctuations due to
the combined effect of scattering and light disturbance. Based on the
data in Fig. 3(a), a reconstructed object using conventional DGI is
filled with noise and the CNR value is �0.05, as shown in Fig. 3(e). It
is indicated that the collected realizations lose effectiveness in ghost

reconstruction owing to the influence of complex environments. The
proposed method can eliminate the impact of complex environments
by separating dynamic scaling factors from the collected realizations.
The two designed networks respectively produce corrected realizations
in Fig. 3(b) and dynamic scaling factors in Fig. 3(c). The corrected real-
izations that the network generates uniformly fluctuate and are not
affected by complex environments. Dynamic scaling factors, on the
contrary, exactly reproduce the influence of complex environments on
the collected realizations. Estimated intensities B̂ in Fig. 3(d) are
derived from a multiplication of these two components and show a
high resemblance to the collected intensities ~B; illustrating the effec-
tiveness of the developed joint optimization. Using a constraint with
the GI-formation-based physical model, the latent object information
is reconstructed with high resolution, as shown in Fig. 3(f). The CNR
value is 41.79. Line pairs in group 2 element 6 with a linewidth of
70.15lm can be distinguished. Therefore, it is experimentally verified
that the proposed method can be applied to realize high-resolution
object reconstruction when imaging through dynamic and turbid
water with high-randomness light disturbance is conducted.

To illustrate the robustness, the proposed method is further
tested using different objects, i.e., “0,” “Y,” “U,” and “3Lines.” The
experimentally collected realizations and the recovered results (i.e.,
corrected realizations, scaling factors, and estimated realizations) by
using the proposed method are shown in Fig. S2 in the supplementary
material. It can be found that the light disturbance is completely differ-
ent, similar to variable and unpredictable environments in real-world
scenarios. As can be seen in Figs. 4(a)–4(d), reconstruction results
using conventional DGI are corrupted by noise and CNR values are
�0. On the contrary, the reconstructed objects using the proposed
method are shown in Figs. 4(e)–4(h), with CNR values of 227.25,
229.57, 230.69, and 238.50, respectively. High-contrast objects are
retrieved, demonstrating that the developed unified GI framework can
accurately infer object information in complex environments.
Independent of datasets, the proposed method has high robustness to
be generalized to recover different objects and adapt to environmental
variety and uncertainty. Ghost reconstruction using the proposed
method at different sampling ratios is also studied to reduce the data
acquisition burden in complex environments. Experimental results
and CNR variations are shown in Figs. S3 and S4 in the supplementary
material. It is demonstrated that the proposed method enables high-
quality and high-efficiency GI in complex environments with dynamic
and turbid water and random light disturbance at a sampling ratio
of 6.25%.

FIG. 3. (a) The single-pixel intensities ~B experimentally collected in a complex envi-
ronment, (b)–(d) corrected intensities (realizations), estimated scaling factors, and
estimated intensities (realizations) B̂ obtained by using the proposed method, (e)
ghost reconstruction using DGI, and (f) ghost reconstruction using the proposed
method.

FIG. 4. Ghost reconstruction for the objects “0,” “Y,” “U,” and “3Lines” using (a)–(d)
DGI and (e)–(h) the proposed method.
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Further investigation of the effect of LED illuminance on the pro-
posed method is carried out at illuminance levels of 6.18, 10.25, 14.12,
and 17.89 lux. At different LED illuminance levels, the scaling factors
estimated by using the proposed method can always capture environ-
mental variations, and the estimated realizations consistently approxi-
mate the experimentally collected realizations (see Fig. S5 in the
supplementary material). The typically reconstructed ghost images are
shown in Fig. 5. In Figs. 5(a)–5(d), conventional DGI still fails to
reconstruct objects owing to the influence of complex environments.
In contrast, the proposed method demonstrates high resilience against
the harsher environments, as shown in Figs. 5(e)–5(h). The CNR val-
ues of the reconstructed object images are 241.68, 238.50, 212.88, and
191.37, respectively. The decrease in the CNR values is attributed to a
smaller proportion of effective intensities in the collected realizations
at the higher LED illuminance. Despite the decrease, the reconstructed
objects always exhibit high visibility. Experimental results verify the
robustness of the proposed method against LED illuminance varia-
tions. To shorten the acquisition time, the proposed method is feasible
to recover high-quality object information in complex environments
with different illuminance levels at low sampling ratios (see Figs. S6
and S7 in the supplementary material for details).

To benefit from the characteristics of UNN, a simple and unified
framework incorporated with a GI-formation-based physical model is
proposed to be applied for optical imaging in complex environments.
Since the network structure inherently captures image statistics and
impedes noise, the unknown object can be reconstructed with high qual-
ity, obviating the requirement for post-processing. Unlike the learning-
based method15 that performs a scaling factor modeling process in a
supervised manner, the proposed method does not require datasets and
can generate temporally uncorrelated scaling factors. This renders the
proposed method to be immune from random environmental variations
during experiments and broadens its environmental adaptability. The
proposed method can even reconstruct high-quality objects at low sam-
pling ratios, remarkably improving the acquisition efficiency in complex
environments compared with previous studies.14–16

In conclusion, we have reported a unified GI framework using
UNN in complex environments. The proposed method employs two
designed networks to respectively estimate the corrected realizations
and dynamic scaling factors. Integrating with a GI-formation-based
physical model, the network can recover the latent object information
with high quality. A series of optical experiments are conducted to ver-
ify the effectiveness of the proposed method in complex environments,
i.e., dynamic and turbid water with high-randomness light disturbance.

Experimental results demonstrate that the proposed method can
robustly estimate dynamic scaling factors and realize high-resolution
and high-contrast object reconstruction in complex environments,
even at low sampling ratios (e.g., 6.25%). The proposed method pos-
sesses characteristics of simple integration, broad adaptability, and
high efficiency, promoting the advancement in real-world applications
of GI.

See the supplementary material for the methods andmore experi-
mental results.
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