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Abstract

This paper presents a Micro-Electro-Mechanical Systems digital micromirror device (MEMS-
DMD)-enabled ghost imaging (GI) framework for high-resolution imaging under scattering
conditions. Unlike conventional ghost imaging systems that rely on fixed illumination
patterns, the proposed approach exploits the high-speed programmability of a DMD to
implement adaptive illumination strategies, enabling dynamic selection of informative
patterns during data acquisition. This hardware-enabled pattern selection strategy im-
proves sampling efficiency and reconstruction stability under the modeled fog conditions
considered here. A hybrid convolutional neural network–generative adversarial network
(CNN–GAN) model is employed as an inversion tool to reconstruct high-quality images
from compressed bucket measurements. The proposed system achieves substantial im-
provements in reconstruction quality, with 23–40% gains in PSNR and 18–26% in SSIM
compared to traditional ghost imaging methods, while reducing the number of required
measurements by up to 60%. Additional performance gains are achieved through adaptive
pattern selection enabled by the MEMS-DMD. The results demonstrate that integrating
programmable MEMS hardware with learning-based reconstruction provides an effective
solution for imaging under scattering conditions, with potential applications in remote
sensing, environmental monitoring, and surveillance.

Keywords: ghost imaging; MEMS; digital micromirror device; adaptive illumination
patterns; CNN–GAN

1. Introduction
Active optical imaging has emerged as an important technology in remote sensing,

particularly in unfavorable conditions like fogs, as technology has the capability to provide
high imaging resolution. However, interest in the process of image processing in foggy
conditions has been increasing in a bid to enhance the quality of imaging and recombine
foggy images [1]. The imaging and remote sensing technologies have developed with
very crucial functions that can be classified as environmental monitoring and disaster
management. It has been discovered that the concept of ghost imaging (GI) [2,3] can
be used as a helpful indirect imaging technique applicable in creating a representation
of images in problematic situations like foggy conditions, and other problem situations.
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Traditionally, the poor image reconstruction capability in poor conditions was attributed
to the combined effect of scattering and noise in addition to the limitations of traditional
algorithms. In comparison with the classical optical imaging technologies, a GI has the
advantages of not being interference-sensitive, having a very simple system and being able
to work at a longer distance, which is particularly convenient in a number of applications,
such as remote sensing [4], fluorescence imaging [5], terahertz imaging [6], and lidar [6].
Several methodological advancements have been proposed to improve reconstruction
quality in GI systems. Many techniques are important, notably iterative denoising GI [7],
scalar matrix structure with GI [8], differential GI [9], and Hadamard GI [10]. GAN-assisted
underwater GI, multi-scale light-field optimization, negative-film imaging, and phase-
retrieval-based approaches have also been explored [11–15]. Pattern-guided computational
GI encryption further illustrates the flexibility of structured patterns in GI [16]. These
strategies have succeeded in enhancing the image quality of ghost imaging to make it easily
accessible for use in the real world. However, high-quality images are known to make
many measurements which severely restrict the capacity of real-time imaging with the
use of GI. DL will need innovative resolutions to its imaging disadvantages, both in the
resolution and in the degree of reconstruction.

The effect of deep learning (DL) on the advancement of computational imaging is excel-
lent and positive because it accumulates multifaceted non-linear correlations and is capable
of generating patterns out of constrained or distorted information. The convolutional neu-
ral networks (CNNs), generative adversarial networks (GANs), and autoencoders applied
in imaging systems exhibit excellent performance and minimized scattering effect, noise,
and enhanced resolution. The technologies have the capability of compressive sensing
and adaptive generation of patterns, thereby improving ghost imaging in remote sensing.
Researchers have paid attention to the benefits of the optimal reconstruction methods based
on sub-Nyquist sampling data, CNNs and related deep-learning-based GI models [17–21].
In particular, GANs can be used in image reconstruction, namely, high-definition images
derived on the basis of low-resolution images, which is critical in the application context,
in which high-quality images are needed [22]. Deep learning has also been applied to
phase recovery and holographic reconstruction [23]. Though imaging with dense media
has been developed, other problems remain, most importantly, how the signal-to-noise
ratio may be compromised due to scattering. Emerging strategies that employ structured
patterns, polarization channels, and adaptive illumination aim to tackle these issues [24–26].
Furthermore, the integration of hybrid DL frameworks that combine model-driven and
data-driven approaches presents new opportunities to enhance computational performance
and improve image quality [27].

A digital micromirror device (DMD) is a micro-opto-electromechanical deformable
mirror device. Since the first investigation of a deformable micromechanical modulator
in 1977, the first DMD was invented by Larry Hornbeck, a physicist at Texas Instruments
(TI), Dallas, Texas, USA in 1987. DMDs consist of hundreds of thousands or millions
of micromirrors with adjustable tilting angles (+12◦ or −12◦) as on/off-states. All the
micromirrors are integrated on a complementary metal–oxide–semiconductor (CMOS)
circuit, which can offer fast and accurate control of the tilting angles on the micromirrors.
With the development of fast image delivery, switching and implementation techniques
using field-programmable gate arrays (FPGAs), performances in the DMD have been
improved [28,29].

Gong and Mehrl [30] reported, in a review on optical MEMS devices, that DMDs have
several unique characteristics. Related MEMS optical scanner developments have also been
demonstrated [31]. First, the DMDs tend to have a large array of micromirrors (mirrors
will be used for short) and all mirrors must operate as designed. The largest DMDs can
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have up to eight million mirrors. Second, the mirrors in the DMDs must be able to tilt to a
predefined angle uniformly and release from the landed position under gradually ramped
up and down control voltages. Third, the mirrors must be individually controlled and
make swift dynamic transitions with a sufficient operating margin under the control of the
input signals. Finally, the mirrors must have high reflectivity and planar surfaces to deliver
high-brightness and high-contrast images. The DMD mirrors are actuated electrostatically.

MEMS-DMDs bring significant advantages when used in single-pixel or ghost imaging
setups. Their high pattern display speed shortens the total measurement time. Additionally,
the dense arrays of tiny mirrors can generate binary or multi-level structured light patterns
suitable for compressive sensing techniques. These devices are also small, sturdy, and
dependable, making them practical for building portable sensors used in remote sensing
and surveillance applications. According to both research reviews and experimental results,
combining such MEMS spatial light modulators with advanced reconstruction algorithms
substantially reduces the number of required measurements [32].

The transmission of light in fog is severely degraded due to multiple scattering and
absorption, which significantly limits the performance of conventional imaging systems.
This challenge has motivated the development of alternative imaging strategies, such
as single-pixel and structured illumination techniques, that can maintain reconstruction
capability under foggy and scattering conditions [27,33–35]. In addition, the low-light
conditions are better seen with the deep learning methods. Convolutional denoising
autoencoders have demonstrated the ability to reconstruct high-quality images even at
extremely low sampling ratios, highlighting the potential of DL for imaging in degraded
environments [36]. GI systems are the systems based on the utilization of the auxiliary
multiplex channels as the innovative mechanism of their functioning. The channels are
applied to remove non-static optical distortions of the media and consequently achieve
accuracy in the reconstruction [37]. The answers to these predicaments that are brought
about by environmental fog are the employment of rapid spatial light modulators that
rely on optimized structured designs. Image resolution enhancement in remote sensing
is critical, with deep learning techniques, especially super-resolution reconstruction and
compressed sensing, leading to significant improvements. The SRGAN model is effective in
enhancing SSIM and PSNR metrics for high-resolution image generation [38,39]. Moreover,
deep learning algorithms improve ghost images from scattering media. Convolutional
neural networks can recover high-frequency details and reduce noise in weak scattering
conditions, outperforming traditional methods, including atmospheric-turbulence-based
reconstruction approaches [40,41]. Researchers are also integrating deep learning with
single-pixel imaging to enhance resolution. A deep unfolding network with multiple priors
produces high-resolution images with minimal artifacts, beneficial for systems with limited
data [42].

This study develops a GI framework that integrates a MEMS-based DMD with a hybrid
CNN–GAN reconstruction model. The key innovation lies in the use of the MEMS-DMD as
an adaptive sensing component, where high-speed (microsecond-scale) programmability
enables dynamic selection of informative illumination patterns during data acquisition.
Unlike conventional GI approaches that rely on fixed or predefined pattern sets, this
adaptive strategy optimizes the measurement process itself, significantly reducing the
number of required projections while maintaining high reconstruction quality, with up
to 60% sampling reduction. For each projected pattern, a single-pixel (bucket) detector
records the total reflected or transmitted light intensity, forming a set of compressed
measurements. These measurements are then processed using a hybrid neural network,
in which the convolutional neural network extracts structural features and the generative
adversarial network enhances fine details and perceptual quality. By combining adaptive
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acquisition with learning-based reconstruction, the proposed system achieves high-fidelity
imaging performance, even under severe scattering conditions. Owing to its efficiency
and robustness, the framework is well suited for practical applications, including remote
sensing, environmental monitoring, security surveillance, and defense imaging [43].

The main contributions of this work are summarized as follows:

• MEMS-DMD-based adaptive illumination framework.
• Hardware–algorithm co-design for ghost imaging.
• The proposed adaptive strategy reduces required measurements by up to 60% com-

pared to conventional ghost imaging.
• The system demonstrates stable reconstruction performance across varying fog densi-

ties and noise levels.
• A hybrid CNN–GAN model is used to invert the measurement process, enhancing

reconstruction fidelity while maintaining physical consistency.

2. Materials and Methods
The proposed methodology creates advanced techniques to merge deep learning sys-

tems with MEMS-DMD for the optimization of ghost imaging operations in fog conditions.
It improves clear imaging in foggy conditions by implementing a method that combines
CNNs with GANs as well as Reinforcement Learning and compressed sensing technology.
The paper presents experimental setup information together with data acquisition protocols
and details specific training methods and network designs for sampling optimization steps
and complete evaluation criteria.

2.1. Experimental System and Data Collection

A system built using experimental methods enables GI through a single-pixel detector
(SPD) that acquires total light intensities from a succession of structured lighting patterns.
The spatial light modulator (SLM) such as DMD is used to produce many user-defined
patterns. The proposed experimental system is schematically illustrated in Figure 1, and
the architecture of the proposed CNN-GAN reconstruction model is shown in Figure 2.

 

Figure 1. Schematic diagram of MEMS-DMD-based GI proposed system: (a) experimental setup;
(b) CNN-GAN reconstruction workflow.
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Figure 2. Block representation of proposed model.

The experimental setup is built to gather GI data by using a fast DMD together
with a bucket detector. Light from an LED with a wavelength range of 400–760 nm and
output power of 20 W is directed onto the surface of the DMD [44], where a series of
binary patterns generated by the computer are displayed. Each micromirror on the DMD
tilts according to the pattern, steering the light into controlled directions. This produces
structured illumination that changes with every pattern. A lens then guides this patterned
light onto the target object. As each pattern strikes the object, the reflected light carries
information about the object’s form and surface features. Mathematical modeling of DMD
is explained in Section 2.2.

Instead, the system operates on a bucket detector rather than on a traditional camera.
This type of detector [45] does not form an image; it only measures the total amount
of reflected light of one of the patterns shown. As a result, the number of patterns of
illumination is equal, and they have the same values of the associated intensity, which is
denoted by B1, B2, B3. . .Bn. The patterns of illumination are transferred to the computer
along with such values. A group of measurements that consists of the required information
to form an image is formed by them jointly.

The measurements are received and processed into a deep learning workflow to obtain
the data. The first step is data augmentation whereby the dataset is augmented with
simple manipulations such as rotations, flips, and simple noise adjustments at a minor
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level. This gives more examples and improves the generalization capacity. The next step
is normalization, which scales all data to a similar range to support stable training [46].
The processed data is then used to train a hybrid CNN-GAN model. In this model, the
CNN extracts key features from the measurements, while the GAN restores fine details and
improves visual quality. A portion of the dataset is reserved for validation to make sure the
model is learning correctly and not overfitting.

Once the training and validation are complete, the model can reconstruct images
from new measurement sets. When a new series of bucket signals B1. . .Bn is provided, the
trained network generates a clean and high-quality image of the object, even though the
input is limited and affected by noise.

2.2. Mathematical Modeling of DMD

Each micromirror of the device can be switched to either on- or off-states. The on-state
micromirror contributes to the reflected beam while there is no contribution from the
off-state micromirror. The theoretical model for DMD is described in [29].

2.3. Forward Model: GI Under Scattering Media

The core challenge of GI scattering media can be mathematically formulated as a
degraded forward model. The standard GI reconstruction relies on the second-order
intensity correlation between a known illumination pattern generated by DMD and a total
(bucket) intensity measurement. In the presence of scattering media (atmospheric fog), this
model must explicitly account for wavelength-dependent scattering and absorption.

Let Ii
p(x, y) represent the i-th structured illumination pattern generated by the MEMS-

DMD and projected onto the target scene [47]. The object’s reflectance (or transmissivity) is
denoted by T(x, y). In an ideal, non-scattering environment, the total light collected by the
single-pixel bucket detector for the i-th pattern is

Bi =
x

Ipi (x, y)T(x, y) dx dy (1)

The conventional correlation-based reconstruction estimate of the object is then ob-
tained from N measurements as

OGI(x, y) =
1
N

N

∑
i=1

[
Ipi (x, y)−

〈
Ipi

〉]
[Bi − ⟨B⟩] (2)

where 〈·⟩ denotes the ensemble average over all measurements, under statistically indepen-
dent and uniform illumination patterns.

In a foggy environment, however, the light propagating from the DMD to the object
and back to the detector undergoes significant attenuation and scattering. The attenuation
of the direct (ballistic, unscattered) component of light in fog can be quantitatively described
by the Beer–Lambert law. Let F(x, y) define the spatially varying attenuation map due
to fog:

F(x, y) = exp[−β(λ)d(x, y)] (3)

where β(λ) is the wavelength-dependent attenuation coefficient of the fog, and d(x, y) is
the effective optical path length through the fog for each scene point. The attenuation
coefficient β combines both scattering βs and absorption βa contributions, i.e., β = βs +βa.
While Equation (3) provides a controllable first-order description of fog attenuation, realistic
fog involves multiple scattering and volumetric effects that are not captured by this simple
exponential decay. Nevertheless, it serves as a physically motivated basis for generating
diverse training data. Importantly, the proposed DL framework is not limited to this
model, as it learns the inverse mapping directly from real fog measurements, as validated
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in Section 3.1. Incorporating more advanced scattering models such as Monte Carlo or
radiative transfer remains an avenue for future work. It is important to note that the
primary objective of this study is not to develop a highly complex scattering model, but
to evaluate the performance of the proposed MEMS-DMD adaptive imaging framework
under controlled and progressively degraded conditions. The Beer–Lambert model is
therefore adopted as a first-order approximation to enable systematic analysis.

When fog is present, the light that reaches the bucket detector is no longer given by
(1). Instead, the measured signal becomes

Bfog
i =

x
Ipi (x, y) T(x, y) F(x, y) dx dy + ηi (4)

where ηi accounts for measurement noise and stray light from multiple scattering. Substi-
tuting (4) into the reconstruction, Formula (2) yields

Ofog
GI (x, y) ∝ T(x, y)F(x, y) + ε(x, y) (5)

where ε(x, y) aggregates noise and correlation artifacts. Equation (5) reveals the funda-
mental limitation of conventional GI in fog: the reconstructed image is the product of
the true object and the unknown fog attenuation map. This multiplicative degradation
severely reduces contrast, obscures fine details, and introduces low-frequency haze effects
that cannot be removed by simple linear filtering or classical denoising.

This forward model clarifies the imaging challenge: the fog attenuation map F(x, y)
acts as an unknown space-varying multiplier that corrupts both correlation-based and
Fourier-based GI reconstructions. Traditional algorithms, which assume a direct linear
relationship between measurements and the object, are therefore illustrated with foggy
conditions. Deep learning approaches, particularly the hybrid CNN-GAN framework
proposed here, learn a non-linear mapping that implicitly inverts this degradation. Our
network is trained to estimate

T(x, y) = Gθ

({
Bfog

i , Ii
p

})
(6)

where Gθ represents the trained generator network with parameters θ. It directly recon-
structs a high-quality estimate of the true object T(x, y) from the fog-corrupted bucket
measurements Bfog

i and the corresponding DMD patterns Ii
p, without requiring explicit

knowledge of the unknown attenuation map. This data-driven inversion forms the core of
our MEMS-DMD-enabled, fog-robust ghost imaging system.

2.4. Hybrid CNN-GAN Model

On the computational side, the core reconstruction pipeline is built on a CNN ar-
chitecture incorporating both an encoder–decoder design and optional GAN modules
for high-fidelity output. The base network is similar to a U-Net or multi-scale feature
extraction model.

2.4.1. CNN Architecture

In our implementation, we utilize four encoding blocks, each containing two convo-
lutional layers with a kernel size of 3 × 3 and ReLU activations, followed by a 2 × 2 max
pooling layer. The number of feature channels doubles at each level, starting from 64 at
the top level to 512 at the deepest level. Correspondingly, four decoding blocks mirror this
structure in reverse, with transposed convolutions for up sampling and skip connections
that bridge matching levels in the encoder and decoder. Skip connections are important
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to conserve spatial detail, which is critical in dealing with the complex scattering that is
caused by fog.

2.4.2. GAN Enhancement for High-Resolution Imaging

In scenarios demanding extremely high resolution, a GAN approach is incorporated
by attaching a generator (a forementioned CNN) to a discriminator network. The dis-
criminator adopts a patch-based design, analyzing different patches of the reconstructed
image to assess realism. A patch size of 70 × 70 pixels has proven effective in detecting
subtle artifacts.

During training, the combined objective function is a weighted sum of three terms:
(a) mean squared error (MSE) between the reconstructed image and the ground truth,
(b) a perceptual loss that measures differences in feature space extracted by a pre-trained
network (commonly a VGG19 architecture), and (c) an adversarial loss that guides the
generator to produce more photo-realistic outcomes.

Our experiments found that balancing weights of 0.5 for MSE, 0.3 for perceptual loss,
and 0.2 for adversarial loss yielded strong visual and quantitative performance, though
these ratios can be tuned depending on application requirements.

2.4.3. Training Dataset and Data Augmentation

The training dataset comprises two primary sources: simulated measurements and
experimentally acquired data. Simulations are generated by taking known phantom or
natural images (for instance, an open-source dataset CIFAR-10 of 10,000 images), which
are augmented and simulated under varying fog densities, noise levels, and sampling
ratios. The simulated dataset is generated under diverse and physically realistic scatter-
ing conditions to ensure robustness and generalization. Fog effects are modeled using
Equation (3), where the attenuation coefficient is varied to represent different levels of
scattering severity. For network optimization, we use the Adam optimizer with a learning
rate of 1 × 10−4, β1 = 0.9, and β2 = 0.999. We employ mini batches of 16 samples, each
containing a set of bucket signals along with the ground truth image. Training proceeds
for up to 200 epochs, though we implement early stopping if the validation loss does not
improve for 15 consecutive epochs [48].

To prevent overfitting, each ground truth image is paired with a degraded image
generated under these varying conditions. This diversity enables the proposed model
to learn a generalized and physically consistent inverse mapping; dropout layers with a
dropout rate of 0.3 are placed in the deepest encoding and decoding blocks, and we apply
random data augmentations such as flips, rotations up to 15 degrees, and an intensity jitter
of ±10%. Central to reducing sampling overhead is the integration of compressed sensing
techniques with adaptive pattern selection. Traditional GI might require thousands of
patterns to achieve satisfactory reconstruction, which is time-intensive and may degrade in
dynamic or heavily fogged environments. At the same time, an adaptive illumination is
performed using an RL component. In the present manuscript, adaptive illumination refers
to policy-guided sequential pattern selection during acquisition rather than a closed-form
global optimization of the illumination field. The system is a recursive process which selects
the next pattern to project, which is determined by the partial reconstruction that has been
received. The reward aspect is made in a way that will encourage the high reconstruction
quality and penalize the abuse of overuse of patterns. To evaluate generalization, we
tested the trained model on the MNIST handwritten digit dataset, which has a completely
different structure from the CIFAR-10 natural images used for training.

The proposed methodology is assessed with the assistance of a set of quantitative
values: (a) primary measures, which include peak signal-to-noise ratio (PSNR) and struc-
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tural similarity index (SSIM); (b) sampling efficiency, which is a number of patterns of
illumination to reach a specific level of PSNR or SSIM; (c) the time of reconstruction, for
which both inference times on a CPU and a GPU are measured; and (d) noise resistance,
which is assessed with the assistance of a sensitivity analysis at varying levels of noise.
The results may be statistically proven through repeated experiment use where one of
the experiments is run in every configuration under experimentation. The procedure of
the experiment conducts at least ten repetitive tests in each of the combinations of the
density of the fog as well as the means of selecting the pattern and obtaining the data of the
aggregate performance. Proposed model block representation given in Figure 2.

The methodology is experimented with a pixel resolution as small as 64 × 64 pixels
to a maximum of 1024 × 1024 pixels and the results are also done in the open air. The
adaptive technique gives the same results with varying environmental conditions as well
as having high PSNR and SSIM values. Accordingly, the fog-related performance reported
below should be interpreted as a model-based evaluation under Equation (3), rather than
as full experimental validation in real atmospheric fog.

3. Results
3.1. Quantitative Analysis of Image Quality of MEMS-DMD System

The MEMS-DMD-based GI system was experimented with controlled conditions of a
reference of fog and optical densities of 10–25 dB. The capability of our hybrid CNN-GAN
model to reconstruct compared to the conventional correlation-based GI is also high, as
shown in Figure 3. All demonstrated results are averaged over degradation across different
fog densities, noise levels, and sampling conditions to ensure statistical reliability. With the
rise in the degree of the fog, the conventional GI method becomes extremely poor and its
PSNR falls to 15.2 dB and SSIM levels to 0.41. In comparison to it, the MEMS-based deep
learning methodology maintains a high-quality reconstruction with a PSNR of 32.8–24.1 dB
and SSIM of 0.89–0.67 at the same fog levels range.

Figure 3. Impact of fog density on reconstruction quality: (a) PSNR and (b) SSIM comparison between
traditional GI and our MEMS-DMD-enabled hybrid CNN-GAN approach.

The heatmap analysis in Figure 4 reveals the noise resilience of a system. The hybrid
CNN-GAN model consistently outperforms traditional GI by 8–15 dB in PSNR across
all noise levels (0–25 dB SNR). This robustness stems from the synergistic combination
of MEMS-DMD’s precise pattern generation and the deep network’s ability to learn fog-
invariant features.
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Figure 4. Heatmap visualization of PSNR performance across varying fog densities and noise levels
for (a) hybrid CNN-GAN and (b) traditional GI methods.

The imaging time in GI system is very important to show the performance of imag-
ing system. Figure 5 illustrates the effectiveness of image size on reconstruction time
between traditional GI techniques and (CNN-GAN)-based GI methods through bar graphs,
demonstrating the proposed approach’s exceptional computational speed across different
image scales.

 

Figure 5. The effect of image size on reconstruction time.

3.2. MEMS-Enabled Sampling Efficiency and Adaptive Illumination

The high-speed switching capability of the MEMS-DMD enables the adaptive pattern
selection strategy used in this study, reducing the required number of pattern projections.
As shown in Table 1, our system achieves comparable reconstruction quality using 60–80%
fewer measurements than traditional GI. At extreme fog conditions (25 dB), traditional GI
requires 250% of baseline sampling, while our adaptive approach maintains quality with
only 100% sampling.

Table 1. Sampling requirements for comparable reconstruction quality under different fog conditions.

Fog Density (dB) Traditional GI (Samples
Required)

Hybrid
(CNN-GAN)-Based GI

(Samples Required)

Low (10 dB) 100% 40%
Medium (15 dB) 150% 60%

High (20 dB) 200% 80%
Extreme (25 dB) 250% 100%
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The adaptive illumination patterns, made possible by the DMD’s microsecond-scale
switching, selectively probe spatial frequencies, most informative for fog penetration.
As shown in Figure 6, this results in an additional 8–12% improvement in PSNR com-
pared to using fixed random patterns, demonstrating the advantage of MEMS-based
dynamic control.

 

Figure 6. Performance improvement achieved by MEMS-DMD adaptive illumination patterns
compared to fixed random patterns across fog densities.

3.3. Qualitative Analysis of Reconstruction Performance

While PSNR and SSIM provide objective measures of reconstruction accuracy, per-
ceptual image quality remains critical for practical interpretation in fog-affected remote
sensing applications. Figure 7 presents a visual comparison under modeled scattering
(fog) conditions using MNIST digits as test objects, which were not part of the training set.
The results include MEMS-DMD-enabled traditional GI, Compressive sensing-based GI
(CSGI), a CNN-GI reconstruction, and the proposed hybrid CNN-GAN approach, with the
ground truth (real) shown for reference. The traditional GI illustrated in the Figure 7a,b,
result exhibits pronounced noise, low contrast, and light scattering, leading to a substantial
loss of structural details. The CNN-GI method shown in Figure 7c partially suppresses
noise and recovers scene geometry. However, it is overly smooth, and it cannot capture the
high-frequency detail, resulting in smoother edges and a decrease in texture fidelity.

Figure 7. Qualitative comparison of performance of image reconstruction in scattering conditions.
Row 1: Ground truth (real) image. Row 2: Repeatedly rebuilt target object using different methods,
i.e., (a) traditionally GI, (b) compressive sensing GI, (c) CNN-only reconstruction model and (d) the
proposed MEMS-DMD-enabled hybrid CNN-GAN. The proposed method shows stronger noise sup-
pression, detail recovery, and perceptual fidelity than the comparison methods in this representative
model-based example.
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On the other hand, the proposed hybrid CNN-GAN model, which is shown in
Figure 7d, creates a reconstruction that is visual and structurally consistent. Even mi-
nor details such as text outlines are readily recreated and the feel of the surface looks
natural and just as it was supposed to appear on the reference image. This development
implies that the adversarial component is effective when compensating for the information
loss that is caused by the scattering by enforcing realistic high-frequency priorities. Overall,
the qualitative results demonstrate that the proposed MEMS-DMD-based hybrid model
yields higher perceptual fidelity under the tested modeled scattering conditions.

To quantitatively assess the fidelity of the reconstructions and rule out hallucination
artifacts, we computed the mean absolute error (MAE) between the reconstructed images
and the ground truth for the samples shown in Figure 7. The proposed CNN-GAN method
achieved an MAE of 0.0810, compared to 0.3078 for traditional GI, 0.2547CSGI and 0.0968 for
the CNN-only reconstruction. These low error values, combined with the visual inspection,
confirm that the adversarial component enhances perceptual quality without introducing
structured artifacts or hallucinations.

These MAE values should be interpreted together with the broader PSNR, SSIM,
noise, and sampling-ratio analyses reported in Figures 3, 4 and 6, which collectively
indicate that the proposed method maintains improved reconstruction fidelity across
the modeled degradation conditions considered in this study. Thus, the MAE analysis
supports the absence of obvious GAN-induced hallucination in the representative examples,
while the overall reliability claim remains bounded to the adopted model-based fog and
noise conditions.

3.4. Computational Efficiency and Real-Time Performance

Neural architecture with the optimization of MEMS hardware acceleration allows
neural reconstruction in almost real time. As Figure 6 indicates, the results of our system
are that it takes us less than 8 s to reconstruct 512 × 512 images, whereas the classic way
we do it (GI) takes us 22 s, which is 64 times shorter. This speed benefit increases with
the image size, and the hybrid method has a linear time complexity as compared to the
traditional methods whose time complexity increases quadratically.

More importantly, Figure 8 shows that the time of reconstruction of our system is
almost the same (7–8 s) at higher levels of fog, whereas the time taken by the traditional
GI processing has become 120% (10–22 s) longer. This shows that MEMS-DMD/deep
learning synergy changes the nature of computational paradigms: fog no longer incurs a
processing penalty.

Figure 8. Reconstruction time across varying fog densities, highlighting the constant processing time
of our MEMS-DMD system versus the escalating cost of traditional GI.
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3.5. Scalability and Memory Efficiency

The MEMS-DMD architecture has the inherent ability to do multi-resolution imaging
without modification of the hardware. As Figure 9a,b demonstrate, our system has a
consistent quality of the resolution in 256 × 256 up to 1024 × 1024 pixels, and the PSNR
of our system is better than the traditional methods [49] by 7.4 to 7.9 dB. One of the
main qualities of field-deployable systems is the ability to make an easy adjustment to
different resolution specifications, which is provided by the programmable nature of DMD.
Embedded deployment needs memory efficiency. Our system takes an average of 2.138 GB
of memory as a reconstruction whilst the traditional methods take 4.582 GB of memory,
which is a 53–54% saving, as shown in Figure 9c. This is made possible by the condensed
representation learnt by CNN-GAN and optimized pattern sequencing made possible by
the DMD.

 

Figure 9. (a) Peak signal-to-noise ratio (PSNR) and (b) structural similarity index (SSIM) perfor-
mance across different image resolutions for traditional ghost imaging (GI) and MEMS-DMD hybrid
CNN–GAN systems. (c) Memory utilization during reconstruction for traditional GI and MEMS-
DMD hybrid CNN–GAN systems.

3.6. Model-Based Robustness Analysis and Practical Implications

Within the modeled noise conditions of Figure 10b, the system retains PSNR > 25 dB
at an input SNR of 5 dB. One can trace this strength to three MEMS enabled properties,
which are: (1) high-fidelity pattern synthesis, which reduces the impact of quantization
errors, (2) dynamically chosen patterns, which eliminate noise sensitive frequencies, and
(3) the ability of the GAN to disentangle signal and noise in feature space. By examining
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the sampling rate optimization demonstrated in Figure 10a, it is possible to realize that the
system is capable of achieving usable reconstruction (PSNR > 20 dB) on 30 percent sampling
compared to 70 percent of the conventional GI. This directly translates to 3.3× faster data
acquisition, enabled by the DMD’s 23 kHz pattern rate.

 

Figure 10. (a) PSNR versus sampling rate and (b) PSNR performance versus input noise level for
traditional GI and MEMS-DMD hybrid CNN-GAN systems.

4. Discussion
The results demonstrate that the proposed approach is not merely an improvement

in reconstruction algorithms, but a system-level advancement in GI design. The key con-
tribution lies in the use of the MEMS-DMD as an adaptive sensing component, where
illumination patterns are dynamically optimized during data acquisition. Unlike conven-
tional GI systems that rely on fixed or random pattern sets, this adaptive strategy improves
measurement efficiency at the source, leading to enhanced reconstruction quality under
scattering conditions.

In comparison to existing DLGI methods, the primary distinction of this work lies
in the integration of adaptive illumination with reconstruction. Most prior approaches
focus on improving image recovery from a given set of measurements, assuming a fixed
acquisition process. In contrast, the proposed framework introduces an additional degree
of freedom by adaptively selecting informative patterns through programmable MEMS
hardware. This shift from post-processing enhancement to acquisition-level optimiza-
tion is critical, as it directly reduces sampling requirements and improves robustness in
degraded environments.

Within this framework, the hybrid CNN–GAN model serves as an effective inversion
tool that complements the adaptive acquisition process. The CNN component ensures
structural consistency, while the GAN enhances high-frequency details and perceptual qual-
ity. Importantly, the learning-based reconstruction is not presented as the primary novelty,
but as a supporting mechanism that enables efficient recovery of images from compressed
and degraded measurements generated by the MEMS-DMD system. While GAN-based
single-pixel imaging has been demonstrated (e.g., SPI-GAN [50]), those approaches typi-
cally use fixed random or Hadamard patterns. Our system’s adaptive illumination, enabled
by the DMD’s 23 kHz switching, reduces sampling requirements by up to 60% under fog, a
feature not present in prior GAN-based GI works. As an example, SRGAN-based super-
resolution has been used to enhance remote sensing image quality under limited-resolution
conditions [38]. Equally, in our work, we demonstrate that a generator using GAN can
be trained to generate high-fidelity images under settings of the traditional correlation in
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which the traditional correlation fails to work. But one distinction is the fact that we use
the DMD not only as a pattern projector but as an adaptive member. The system is able to
learn the pattern sequences that probe a foggy scene most efficiently, and this is possible
due to the microsecond time to reconfigure the MEMS device.

Importantly, the present results should be interpreted as a feasibility demonstration of
the proposed hardware–algorithm framework under a bounded, model-based scattering
formulation. They show that programmable MEMS-assisted acquisition coupled with
learning-based reconstruction can improve sampling efficiency and reconstruction fidelity
within the assumptions of Equation (3) and the evaluated test conditions. They do not
yet constitute full physical realism or full experimental validation of fog imaging in real
atmospheric environments, where multiple scattering, turbulence, sensor nonidealities,
and scene variability may be stronger.

Our CNN-GAN model is one of the examples of the more recent movement towards
the use of data-driven priors combined with physical models. ADMM-based deep unrolling
methods combine compressed sensing and deep learning principles, allowing control over
the trade-off between reconstruction quality and system complexity [25]. This study applies
to a hybrid reconstruction technique to enhance robustness and efficiency criteria, just
as the works mentioned in this research. The desire to integrate model-based and data-
based methodologies in addressing imaging issues has proven to be a current trend in
the industry.

Also, the emerging requirement is that of specialized network architectures designed
to operate effectively in scattering media. The U-Net-based polarization recovery in [24]
and the multi-scale attention GAN in [51] show how the optimized DL architectures are
better in the aspect of remote sensing than generic models. They are particularly stated
to be an encoder–decoder CNN with skip connections and patch-GAN discriminator that
is trained both to preserve the edges and textures that are lost to fog and to be sensitive
to the macro-level haze (via perceptual loss) and micro-level information (via adversarial
training). Quantitative values of PSNR and SSIM enhancement at the various levels of fog
density prove the effectiveness of this custom design (Figures 4 and 5). The risk of GAN-
induced hallucination is mitigated by the balanced loss function (MSE 50%, perceptual 30%,
adversarial 20%) and the encoder–decoder architecture with skip connections (Section 2.4.1),
as evidenced by the low mean absolute error (0.0810) reported in Section 3.3 and the
successful reconstruction of MNIST digits.

The application range of GI becomes broader through the embeddings of auxiliary
channels and multiplexing methods. Research [37] investigated methods of multiplexing
combined with polarization technologies which enhance system reliability and operational
performance. The combination of DL frameworks with these methods establishes com-
plete solutions to address traditional GI system limitations when processing dynamic and
scattering conditions.

The findings of this research correspond to the advances in present-day low-sample
image reconstruction techniques that yield high-quality results. Multi-task detection for GI
that combines array detectors with DL algorithms to deduce high-quality reconstruction
at extremely low sampling rates. The experimental research supports the low sampling
efficiency results found by the study, thus demonstrating that deep learning-enhanced
ghost imaging shows great promise for practical applications [19].

Recent investigations show that DL upgrades of GI technologies offer usable flexibility
together with scalability potential. A network of multiple priorities is being developed
through deep unfolding to achieve superior reconstruction outcomes from merging various
characteristics [42]. This study demonstrated adaptability across different imaging environ-
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ments such as deep learning methods, per the authors’ previous work. The comparison of
our proposed method is shown in Table 2.

Table 2. Comparison of GI methods.

Method Illumination
Patterns Adaptive Sampling

Efficiency
Fog

Robustness

Traditional GI defined No Low Poor
CS-GI defined No Medium Moderate

DL-based GI defined No Medium Good
Proposed
Method

Adaptive
illumination Yes High High

Although the current study adopts a simplified attenuation model to represent scat-
tering effects, the proposed framework is not limited to this assumption. The hardware–
algorithm co-design can be readily extended to more physically accurate models, including
multiple scattering and volumetric effects. Future work will focus on validating the system
using experimental datasets and incorporating more advanced forward models to further
improve physical realism and applicability. Additionally, improving MEMS-DMD-based
GI performance in scattering environments is the incorporation of polarization-sensitive
measurements. Polarization information can help discriminate between ballistic and multi-
ply scattered photons, potentially enhancing contrast and reconstruction fidelity in dense
fog conditions.

5. Conclusions
This work presents a MEMS-DMD-based GI framework for a model-based evalua-

tion of image reconstruction under scattering conditions. By leveraging the high-speed
programmability of the MEMS-DMD, the proposed framework introduces an adaptive
illumination strategy that dynamically optimizes pattern projection during acquisition.
This approach fundamentally differs from conventional ghost imaging methods that rely
on fixed pattern sets and post-processing improvements alone.

The integration of adaptive sensing with a learning-based reconstruction model en-
ables significant improvements in both imaging quality and efficiency. Results obtained
under the present modeled fog settings demonstrate substantial gains in PSNR and SSIM
across varying fog densities, while reducing the required number of measurements by up
to 60%. These improvements highlight the importance of optimizing the data acquisition
process, rather than relying solely on reconstruction algorithms.

Importantly, this study establishes a hardware and algorithm co-design paradigm for
GI, in which the MEMS-DMD functions not only as a pattern generator but as an active
sensing component that enhances measurement quality. The hybrid CNN–GAN model
serves as an effective inversion tool, complementing the adaptive acquisition process to
recover high-fidelity images from degraded measurements.

The results suggest that future advancements in GI will increasingly depend on such
integrated system-level designs. Further work will focus on validating the proposed
framework using more physically accurate scattering models, real experimental datasets,
and extended sensing configurations, including multi-modal and real-time imaging systems.
These developments will support the practical deployment of MEMS-based ghost imaging
technologies in real-world remote sensing and surveillance applications.

https://doi.org/10.3390/mi17050598

https://doi.org/10.3390/mi17050598


Micromachines 2026, 17, 598 17 of 19

Author Contributions: Conceptualization, Z.A. and R.I.; methodology, Z.A.; validation, Z.A., S.U.
and R.I.; formal analysis, simulation validation and analysis, Z.A. and R.I.; investigation, S.U.
and Z.A.; resources, Z.A.; data curation, Z.A. and R.I.; writing—original draft preparation, Z.A.;
writing—review and editing, Z.A. and R.I.; visualization, S.U., G.J. and A.P.; supervision, G.J. and
A.P. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Liu, J.; Wang, S.; Wang, X.; Ju, M.; Zhang, D. A Review of Remote Sensing Image Dehazing. Sensors 2021, 21, 3926. [CrossRef]

[PubMed]
2. Erkmen, B.I. Computational ghost imaging for remote sensing. J. Opt. Soc. Am. A 2012, 29, 782–789. [CrossRef] [PubMed]
3. Liu, W.; Gong, W.; Liu, Z.; Sun, S.; Nie, Z. Progress and applications of ghost imaging with classical and quantum light. Chin. Opt.

Lett. 2024, 22, 111101. [CrossRef]
4. Sun, M.; Wang, H.; Huang, J. Improving the performance of computational ghost imaging by using a quadrant detector and

digital micro-scanning. Sci. Rep. 2019, 9, 4105. [CrossRef]
5. Tian, N.; Guo, Q.; Wang, A.; Xu, D.; Fu, L. Fluorescence ghost imaging with pseudothermal light. Opt. Lett. 2011, 36, 3302–3304.

[CrossRef]
6. Totero Gongora, J.S.; Olivieri, L.; Peters, L.; Tunesi, J.; Cecconi, V.; Cutrona, A.; Tucker, R.; Kumar, V.; Pasquazi, A.; Peccianti, M.

Route to intelligent imaging reconstruction via terahertz nonlinear ghost imaging. Micromachines 2020, 11, 521. [CrossRef]
7. Ma, S.; Hu, C.; Wang, C.; Liu, Z.; Han, S. Multi-scale ghost imaging LiDAR via sparsity constraints using push-broom scanning.

Opt. Commun. 2019, 448, 89–92. [CrossRef]
8. Iqbal, R.; Song, Y.; Zahoor, K.; Deng, L.; Tian, D.; Wang, Y.; Wang, P.; Cao, J. Bio-inspired ghost imaging: A self-attention approach

for scattering-robust remote sensing. Biomimetics 2026, 11, 53. [CrossRef]
9. Yang, X.; Yu, Z.; Jiang, P.; Xu, L.; Hu, J.; Wu, L.; Zou, B.; Zhang, Y.; Zhang, J. Deblurring ghost imaging reconstruction based on an

underwater dataset generated by few-shot learning. Sensors 2022, 22, 6161. [CrossRef]
10. O-oka, Y.; Fukatsu, S. Differential ghost imaging in time domain. Appl. Phys. Lett. 2017, 111, 061106. [CrossRef]
11. Sun, M.-J.; Meng, L.-T.; Edgar, M.P.; Padgett, M.J.; Radwell, N. A Russian Dolls ordering of the Hadamard basis for compressive

single-pixel imaging. Sci. Rep. 2017, 7, 3464. [CrossRef]
12. Yang, X.; Yu, Z.; Xu, L.; Hu, J.; Wu, L.; Yang, C.; Zhang, W.; Zhang, J.; Zhang, Y. Underwater ghost imaging based on generative

adversarial networks with high imaging quality. Opt. Express 2021, 29, 3611–3624. [CrossRef]
13. Wang, H.; Wang, X.-Q.; Gao, C.; Liu, X.; Wang, Y.; Zhao, H.; Yao, Z.-H. High-quality computational ghost imaging with multi-scale

light fields optimization. Opt. Laser Technol. 2024, 166, 110196. [CrossRef]
14. Yang, A.; Zhang, Y.; Ren, L.; Li, F.; Wu, Y.; Wu, L.; Zhang, D.; Liu, J. Computational ghost imaging based on negative film imaging.

Optik 2023, 281, 170932. [CrossRef]
15. Chen, Z.; Cheng, J.; Wu, H. Phase retrieval based on shaped incoherent sources. Sensors 2023, 23, 9405. [CrossRef]
16. Zheng, P.; Ye, Z.; Xiong, J.; Liu, H.-C. Computational ghost imaging encryption with a pattern-guided approach. Opt. Express

2022, 30, 21866–21880. [CrossRef]
17. Wu, H.; Wang, R.; Zhao, G.; Xiao, H.; Wang, D.; Liang, J.; Tian, X.; Cheng, L.; Zhang, X. Sub-Nyquist computational ghost imaging

with deep learning. Opt. Express 2020, 28, 3846–3853. [CrossRef] [PubMed]
18. Wang, D.-Y.; Bie, S.-H.; Chen, X.-H.; Yu, W.-K. Single-pixel infrared hyperspectral imaging via physics-guided generative

adversarial networks. Photonics 2024, 11, 174. [CrossRef]
19. Liu, X.; Han, T.; Zhou, C.; Huang, J.; Ju, M.; Xu, B.; Song, L. Low sampling high-quality image reconstruction and segmentation

based on array network ghost imaging. Opt. Express 2023, 31, 9945–9960. [CrossRef] [PubMed]
20. Ye, H.; Guo, D. Research on mechanism of joint-coding imaging based on generative adversarial neural network. Opt. Laser Eng.

2024, 170, 107790. [CrossRef]
21. He, Y.; Wang, G.; Dong, G.; Zhu, S.; Chen, H.; Zhang, A.; Xu, Z. Ghost Imaging Based on Deep Learning. Sci. Rep. 2018, 8, 6469.

[CrossRef]

https://doi.org/10.3390/mi17050598

https://doi.org/10.3390/s21113926
https://www.ncbi.nlm.nih.gov/pubmed/34200320
https://doi.org/10.1364/JOSAA.29.000782
https://www.ncbi.nlm.nih.gov/pubmed/22561937
https://doi.org/10.3788/COL202422.111101
https://doi.org/10.1038/s41598-019-40798-x
https://doi.org/10.1364/OL.36.003302
https://doi.org/10.3390/mi11050521
https://doi.org/10.1016/j.optcom.2019.05.016
https://doi.org/10.3390/biomimetics11010053
https://doi.org/10.3390/s22166161
https://doi.org/10.1063/1.4997925
https://doi.org/10.1038/s41598-017-03725-6
https://doi.org/10.1364/OE.435276
https://doi.org/10.1016/j.optlastec.2023.110196
https://doi.org/10.1016/j.ijleo.2023.170932
https://doi.org/10.3390/s23239405
https://doi.org/10.1364/OE.455975
https://doi.org/10.1364/OE.386976
https://www.ncbi.nlm.nih.gov/pubmed/32122046
https://doi.org/10.3390/photonics11020174
https://doi.org/10.1364/OE.481995
https://www.ncbi.nlm.nih.gov/pubmed/37157558
https://doi.org/10.1016/j.optlaseng.2023.107790
https://doi.org/10.1038/s41598-018-24731-2
https://doi.org/10.3390/mi17050598


Micromachines 2026, 17, 598 18 of 19

22. Ledig, C.; Theis, L.; Huszár, F.; Caballero, J.; Cunningham, A.; Acosta, A.; Aitken, A.; Tejani, A.; Totz, J.; Wang, Z.; et al.
Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network. Proc. IEEE Conf. Comput. Vis. Pattern
Recognit. 2017, 2017, 4681–4690. [CrossRef]

23. Rivenson, Y.; Zhang, Y.; Günaydın, H.; Teng, D.; Ozcan, A. Phase recovery and holographic image reconstruction using deep
learning. Light Sci. Appl. 2018, 7, 17141. [CrossRef]

24. Li, D.; Lin, B.; Wang, X.; Guo, Z. High-performance polarization remote sensing with a modified U-Net-based deep-learning
network. IEEE Trans. Geosci. Remote Sens. 2022, 60, 5621110. [CrossRef]

25. He, Y.; Zhou, Y.; Yu, J.; Chen, H.; Zheng, H.; Liu, J.; Xu, Z. ADMMNet-based deep unrolling method for ghost imaging. IEEE
Trans. Comput. Imaging 2024, 10, 233–245. [CrossRef]

26. Zhao, S.; He, Z.; Wang, L. Semantic ghost imaging based on semantic coding. Opt. Laser Technol. 2025, 168, 111808. [CrossRef]
27. Ongie, G.; Jalal, A.; Metzler, C.A.; Baraniuk, R.G.; Dimakis, A.G.; Willett, R. Deep learning techniques for inverse problems in

imaging. IEEE J. Sel. Areas Inf. Theory 2020, 1, 39–56. [CrossRef]
28. Yoon, T.; Kim, C.-S.; Kim, K.; Choi, J.-R. Emerging applications of digital micromirror devices in biophotonic fields. Opt. Laser

Technol. 2018, 105, 237–246. [CrossRef]
29. Ren, Y.-X.; Lu, R.-D.; Gong, L. Tailoring light with a digital micromirror device. Ann. Phys. 2015, 527, 447–470. [CrossRef]
30. Gong, C.; Mehrl, D. Characterization of the Digital Micromirror Devices. IEEE Trans. Electron Devices 2014, 61, 4210–4215.

[CrossRef]
31. Janusas, G.; Palevicius, A.; Ostasevicius, V.; Bansevicius, R.; Busilas, A. Development and experimental analysis of piezoelectric

optical scanner with implemented periodical microstructure. J. Vibroeng. 2007, 9, 10–14.
32. Gao, Z.; Cheng, X.; Yue, J.; Hao, Q. Extendible ghost imaging with high reconstruction quality in strong scattering medium. Opt.

Express 2022, 30, 45759–45775. [CrossRef]
33. Bashkansky, M.; Park, S.D.; Reintjes, J. Single pixel structured imaging through fog. Appl. Opt. 2021, 60, 4793–4797. [CrossRef]

[PubMed]
34. Sun, B.; Edgar, M.P.; Bowman, R.; Vittert, L.E.; Welsh, S.; Bowman, A.; Padgett, M.J. 3D computational imaging with single-pixel

detectors. Science 2013, 340, 844–847. [CrossRef] [PubMed]
35. Edgar, M.P.; Gibson, G.M.; Padgett, M.J. Principles and prospects for single-pixel imaging. Nat. Photonics 2019, 13, 13–20.

[CrossRef]
36. Hu, H.K.; Sun, S.; Lin, H.; Jiang, L.; Liu, W.T. Denoising ghost imaging under a small sampling rate via deep learning for tracking

and imaging moving objects. Opt. Express 2020, 28, 37284–37293. [CrossRef]
37. Petrov, N.V.; Ismagilov, A.O.; Oparin, E.N.; Shumigai, V.; Lappo-Danilevskaia, A.K.; Nasedkin, B.; Tsypkin, A.N. Ghost imaging

with auxiliary multiplex channels: A review of the latest results. Proc. SPIE 2024, 13070, 130701C. [CrossRef]
38. Yu, M.; Wang, H.; Liu, C.; Lin, D. Super-resolution reconstruction of remote sensing images based on SRGAN. Proc. SPIE 2022,

12473, 124730U. [CrossRef]
39. Dai, X.; Yan, Q.; Luo, X.; Lu, G.; Yin, J.; Huang, X. Multi-sampling-rate compressed reconstruction network driven by joint model

and data for single-pixel imaging. Opt. Commun. 2026, 538, 132853. [CrossRef]
40. Li, S.; Deng, M.; Lee, J.; Sinha, A.; Barbastathis, G. Imaging through glass diffusers using densely connected convolutional

networks. Optica 2018, 5, 803–813. [CrossRef]
41. Xia, J.; Zhang, L.; Zhai, Y.; Zhang, Y. Reconstruction method of computational ghost imaging under atmospheric turbulence based

on deep learning. Laser Phys. 2023, 34, 015202. [CrossRef]
42. Zou, Q.; Yan, Q.; Dai, Q.; Wang, A.; Yang, B.; Li, Y.; Yan, J. Single-pixel imaging based on multiple prior deep unfolding network.

IEEE Photonics J. 2024, 16, 7801110. [CrossRef]
43. Iqbal, R.; Cao, J.; Hao, Q.; Liang, M. Adaptive ghost imaging: Optimizing reconstruction in strong turbulence conditions. Phys.

Lett. A 2025, 528, 130833. [CrossRef]
44. Lin, L.-X.; Cao, J.; Zhou, D.; Hao, Q. Scattering medium-robust computational ghost imaging with random superimposed-speckle

patterns. Opt. Commun. 2022, 522, 129083. [CrossRef]
45. Wang, C.; He, Y.; Wang, Y.; Chen, H.; Zheng, H.; Liu, J.; Zhou, Y.; Xu, Z. Implicit representation optimization method for enhanced

ghost imaging through scattering medium. Opt. Laser Eng. 2025, 175, 109262. [CrossRef]
46. Buddi, T.; Kandakatla, R.; Kotkunde, N.R.; Ramamurty, U.; Perveen, A. (Eds.) Multi-Disciplinary Research and Sustainable

Development, 1st ed.; CRC Press: London, UK, 2025; p. 404. [CrossRef]
47. Wang, T.; Chen, W.; Yu, W.; Liu, B.; Guo, K.; Guo, Z. High-performance multispectral ghost imaging based on the sine–cosine

optimized patterns. Opt. Laser Technol. 2024, 169, 111969. [CrossRef]
48. Guo, S.; Wu, H.C.; Chan, S.C.; Zhu, J. A multi-output neural network-based hybrid control strategy for MMC-HVDC systems.

Electronics 2025, 14, 4803. [CrossRef]
49. Dagur, A.; Agarwal, S.; Shukla, D.K.; Ali, S.; Sharma, S. (Eds.) Artificial Intelligence and Sustainable Innovation, 1st ed.; CRC Press:

London, UK, 2026; p. 702. [CrossRef]

https://doi.org/10.3390/mi17050598

https://doi.org/10.1109/CVPR.2017.19
https://doi.org/10.1038/lsa.2017.141
https://doi.org/10.1109/TGRS.2022.3164917
https://doi.org/10.1109/TCI.2024.3361770
https://doi.org/10.1016/j.optlastec.2024.111808
https://doi.org/10.1109/JSAIT.2020.2991563
https://doi.org/10.1016/j.optlastec.2018.02.005
https://doi.org/10.1002/andp.201500111
https://doi.org/10.1109/TED.2014.2361855
https://doi.org/10.1364/OE.474579
https://doi.org/10.1364/AO.425281
https://www.ncbi.nlm.nih.gov/pubmed/34143044
https://doi.org/10.1126/science.1234454
https://www.ncbi.nlm.nih.gov/pubmed/23687044
https://doi.org/10.1038/s41566-018-0300-7
https://doi.org/10.1364/OE.412597
https://doi.org/10.1117/12.3021804
https://doi.org/10.1117/12.2653847
https://doi.org/10.1016/j.optcom.2025.132853
https://doi.org/10.1364/OPTICA.5.000803
https://doi.org/10.1088/1555-6611/ad0ebf
https://doi.org/10.1109/JPHOT.2024.3420787
https://doi.org/10.1016/j.physleta.2025.130833
https://doi.org/10.1016/j.optcom.2022.129083
https://doi.org/10.1016/j.optlaseng.2025.109262
https://doi.org/10.1201/9781003675242
https://doi.org/10.1016/j.optlastec.2024.111969
https://doi.org/10.3390/electronics14244803
https://doi.org/10.1201/9781003654483
https://doi.org/10.3390/mi17050598


Micromachines 2026, 17, 598 19 of 19

50. Karim, N.; Rahnavard, N. SPI-GAN: Towards Single-Pixel Imaging through Generative Adversarial Network. arXiv 2021,
arXiv:2107.01330.

51. Wang, C.; Zhang, X.; Yang, W.; Wang, G.; Li, X.; Wang, J.; Lu, B. MSWAGAN: Multispectral remote sensing image super-resolution
based on multiscale window attention transformer. IEEE Trans. Geosci. Remote Sens. 2024, 62, 5404715. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/mi17050598

https://doi.org/10.1109/TGRS.2024.3385752
https://doi.org/10.3390/mi17050598

	Introduction 
	Materials and Methods 
	Experimental System and Data Collection 
	Mathematical Modeling of DMD 
	Forward Model: GI Under Scattering Media 
	Hybrid CNN-GAN Model 
	CNN Architecture 
	GAN Enhancement for High-Resolution Imaging 
	Training Dataset and Data Augmentation 


	Results 
	Quantitative Analysis of Image Quality of MEMS-DMD System 
	MEMS-Enabled Sampling Efficiency and Adaptive Illumination 
	Qualitative Analysis of Reconstruction Performance 
	Computational Efficiency and Real-Time Performance 
	Scalability and Memory Efficiency 
	Model-Based Robustness Analysis and Practical Implications 

	Discussion 
	Conclusions 
	References

