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Achieving high-quality ghost imaging (GI) reconstruction under extremely low sampling rates remains a significant
challenge. This paper proposes a novel deep learning-based approach for high-fidelity GI reconstruction. Leveraging an
end-to-end conditional generative adversarial network (cGAN), the method incorporates residual structures integrated with
efficient channel attention (ECA) and convolutional block attention module (CBAM) mechanisms to significantly enhance
feature extraction and representation. This framework enables direct reconstruction of target images from one-dimensional
bucket detection signals. Pre-trained on simulated datasets, the proposed method demonstrates exceptional performance.
The results under ideal simulation conditions demonstrate that the proposed method can achieve high quality (SSIM ≥
0.8) even at the extremely low ratio of 0.29%. Experimental results on the MNIST and Fashion–MNIST benchmark
datasets confirm that accurate image reconstruction can be obtained at remarkably low sampling rates (0.78%). Compared
to traditional computational GI, baseline cGAN methods and GAN with integrated SENet attention module consistently
demonstrate the superiority of our approach, establishing a new state-of-the-art in low-sampling-rate GI reconstruction.
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1. Introduction
Ghost imaging (GI) represents a fundamentally distinct

imaging paradigm compared to conventional CCD/CMOS
sensors, reconstructing an object’s image non-locally
through second-order correlations within light intensity
fluctuations.[1–3] Following its inaugural experimental realiza-
tion with entangled photons in 1995,[4] the field has evolved
substantially with techniques including: iterative denoising
GI,[5] compressed sensing GI (CSGI),[6,7] differential GI,[8]

and Hadamard basis GI.[9,10] Whereas traditional implemen-
tations require dual optical paths, Shapiro’s computational
GI (CGI) framework (2008) eliminated the reference arm
requirement through a single-path architecture.[11] Subse-
quent research has extended GI methodologies to various
domains such as terahertz,[12] x-ray,[13] and turbulent media
imaging.[14]

Despite significant advancements, ghost imaging (GI)
systems still face a fundamental challenge: their inherently
high measurement requirements. Both imaging speed and re-
construction quality are directly constrained by the number
of sampling measurements. While increasing the sampling
rate typically enhances reconstruction quality, achieving high-
fidelity reconstruction under low-sampling conditions necessi-
tates meticulous optimization of the illumination patterns. Il-
lumination strategies have evolved from initial random speckle
patterns[15] to structured illumination schemes, encompassing

advanced modalities such as Fourier basis patterns[16,17] and
Walsh–Hadamard basis patterns.[18,19] Concurrently, recon-
struction frameworks have undergone parallel development,
particularly driven by the groundbreaking progress in com-
pressed sensing (CS) algorithms,[20] which offer novel tech-
nical pathways for enhancing reconstruction efficiency.

The recent integration of artificial intelligence (AI), par-
ticularly deep learning, offers further promise in improving
GI efficiency under low sampling conditions.[21,22] Current
deep learning approaches for GI reconstruction fall primar-
ily into two categories: (i) Post-reconstruction enhancement:
Employing deep neural networks to refine an initially blurred
image obtained at low sampling rates;[23–25] (ii) End-to-
end reconstruction: Directly mapping one-dimensional (1D)
bucket detector signals to the target image without interme-
diate reconstruction.[26–28] Although end-to-end approaches
demonstrate the potential for substantial sampling reduction—
achieving reconstructions at 6.25% sampling for MNIST im-
ages or 5.45% with specialized architectures like DattNet,[21]

high-fidelity reconstruction under ultra-low sampling rates
(significantly below these thresholds) remains elusive. Gen-
erative adversarial networks (GANs) have emerged as power-
ful solutions, with capabilities that encompass full-sampling
quality CSGI at 50% sampling[29] and motion-target GI using
cross-correlation.[30] However, achieving high-quality imag-
ing below the 5% sampling rates continues to pose significant
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research challenges.
In this work, we address this critical challenge by propos-

ing a novel deep learning-based GI reconstruction method
specifically designed for high-quality image recovery under
extremely sparse sampling. We propose a novel deep learning-
based method built upon an end-to-end conditional genera-
tive adversarial network (cGAN) framework, pre-trained on
simulated data for enhanced performance. The core innova-
tion lies in the generator architecture, which integrates resid-
ual blocks with dual attention mechanisms: efficient chan-
nel attention (ECA) and convolutional block attention module
(CBAM), strategically embedded at multiple deeper network
layers. This design significantly strengthens feature extrac-
tion and representation by enabling dynamic focus on critical
image regions. Extensive simulation and experimental eval-
uations on benchmark datasets (MNIST, Fashion–MNIST)
demonstrate the method’s exceptional effectiveness, achieving
high-fidelity reconstruction even at remarkably low sampling
rates down to 0.29% (in ideal simulation) and 0.78% (in exper-
iment), significantly outperforming traditional and contempo-
rary baseline methods.

2. Method
2.1. Deep learning-based GI reconstruction method

The principle of the proposed scheme is illustrated in
Fig. 1. Our ghost imaging reconstruction framework utilizes
a generative adversarial network (GAN)[31] architecture com-
prising two core components: a generator (G) and a discrimi-
nator (D).

Discriminator (D)

Real 

or

fake
Ii (x,y) Bi

Generator (G)
Output imageTarget image

Fig. 1. The schematic diagram of the proposed GI method.

The generator processes the 1D bucket signals Bi acquired
by the GI system. These signals first undergo dimensional ex-
pansion via a fully connected layer. The dimensionally ex-
panded bucket signal is then reshaped into a feature tensor of
the required size (say 1×64×64). This tensor serves as the in-
put to a U-net backbone network, which ultimately generates
the final reconstructed image. The discriminator receives both
the generated image from G and the corresponding ground-
truth images as input. Its objective is to classify each input
image as ‘real’ (ground-truth, output ∼ 1) or ‘fake’ (generated,
output ∼ 0).

During adversarial training, G and D are optimized al-
ternately within a minimax game framework. The generator
G strives to produce realistic images capable of deceiving the
discriminator D. Concurrently, the discriminator D learns to
improve its ability to distinguish between real and generated
images. This adversarial process drives both networks towards
optimizing their respective objective functions. Theoretically,
the training converges when a Nash equilibrium is reached,
signifying that G produces images indistinguishable from the
real data by D.

Within the ghost imaging framework, a sequence of spa-
tially varying speckle patterns, Ii(x,y) (i = 1,2,3, . . . ,M), is
sequentially illuminated onto the target object T (x,y). A
bucket detector collects the transmitted or reflected intensity
for each illumination event. This yields measurements {Bi}
(i = 1,2,3, . . . ,M), where M is the measurement number, re-
lating to the sampling rate. The bucket measurement Bi for
each speckle pattern is given by the spatial integral over the
object plane as

Bi =
∫∫

Ii(x,y)T (x,y)dxdy. (1)

At the reconstruction stage, the object image is computa-
tionally retrieved from the bucket measurements {Bi} and the
known speckle patterns {Ii(x,y)} using a correlation function.
The reconstruction is expressed as

T̂ (x,y) =
1
M

M

∑
i=1

(Bi −⟨B⟩)(Ii(x,y)−⟨I(x,y)⟩), (2)

where T̂ (x,y) denotes the reconstructed target image, ⟨B⟩ =
1
M ∑

M
i=1 Bi denotes the mean bucket signal, and ⟨I(x,y)⟩ =

1
M ∑

M
i=1 Ii(x,y) corresponds to the ensemble-averaged speckle

pattern.
The proposed scheme differs from traditional second-

order correlation and compressive sensing methods by accom-
plishing direct image reconstruction from a 1D sequence of
bucket detection values. This mapping is mathematically rep-
resented as,

T̂ (x,y) = 𝒢
(
{B;Ψ}

)
, (3)

where B = {Bi}M
i=1 is a bucket detection sequence of M mea-

surements. The reconstruction model, parameterized by Ψ ,
implements an implicit mapping 𝒢(·) from B to T̂ (x,y). Since
deriving an explicit expression for 𝒢(·) and solving the in-
verse problem in Eq. (3) is challenging, a cGAN is introduced
to approximate the inverse mapping. The training dataset is
(B(n),T (n))

N
n=1, where N denotes the total number of training

instances, B(n) is the n-th bucket sequence, and T (n) is the cor-
responding ground-truth image.

Critically, instead of processing the raw 1D bucket signal
directly, the generator 𝐺 first transforms it into a structured
two-dimensional (2D) representation Z = E(B(n)) through
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fully connected layers. This design enables the optimization
process to convert the temporal variations in the bucket sig-
nal into an organized spatial representation, thereby making it
suitable for subsequent convolutional processing. The genera-
tor subsequently processes Z through a series of convolutional
layers for deep feature extraction and spatial upsampling. The
fundamental convolution operation at each layer is given by

Zℓ+1 = ϕ(W ℓ *Zℓ+bℓ), (4)

where Zℓ denotes the feature map at layer ℓ, W ℓ and bℓ are
the convolutional kernel weights and biases, * denotes convo-
lution, and ϕ is a nonlinear activation function. Through this
progressive layer-wise feature transformation, the network ef-
fectively maps the initial 2D representation Z to a high-fidelity
reconstructed image.

2.2. Network structure

The designed network employs a cGAN architecture,[32]

extending the standard GAN framework through its dual ad-
versarial components: a generator dedicated to image syn-
thesis and a discriminator responsible for authenticity assess-
ment. Figure 2 shows the designed network architecture, with
Fig. 2(a) detailing the generator, and Fig. 2(b) illustrating the
discriminator.

As illustrated in Fig. 2(a), the generator utilizes an
encoder–decoder structure initiated by a 1D bucket detector
signal. Its encoder employs four progressive downsampling
stages with 4× 4 convolutional kernels (stride 2, padding 1)
to extract hierarchical features. To enhance architectural per-
formance, a residual block is utilized in the second stage to
strengthen feature continuity, while the third stage incorpo-
rates ECA for efficient channel dependency modeling. The
fourth stage further integrates the CBAM to jointly optimize
spatial and channel feature representation. To balance com-
putational efficiency and generalization, attention mechanisms
are selectively applied only in later layers. The decoder recon-
structs images through four transposed convolutional stages
with skip connections preserving critical high-frequency de-
tails between corresponding encoder–decoder layers. All lay-
ers use ReLU activations except the final output layer, which
employs a sigmoid function. This strategic implementation
of attention mechanisms primarily in later stages effectively
balances computational efficiency against potential overfitting
risks. This strategic placement of attention mechanisms opti-
mizes performance while mitigating overfitting risks.

In contrast, the discriminator (Fig. 2(b)) adopts a Patch-
GAN architecture to evaluate the authenticity of reconstructed
images. Unlike conventional discriminators that perform
global classification, PatchGAN divides the input image into
multiple local patches and independently assesses the realism
of each patch. Consequently, it outputs a probability feature

map of size 1×3×3, where each element represents the like-
lihood that the corresponding image patch originates from real
data. The output values range from 0 to 1, with values closer
to 1 indicating a highly realistic region, and values closer to
0 suggesting synthetic or unrealistic content. By enabling
fine-grained discrimination of local structures, this design en-
hances the model’s sensitivity to texture and structural details,
thereby improving the overall perceptual quality of the recon-
structed images.

Adversarial training progressed through three phases. Ini-
tially, the discriminator underwent dedicated pre-training to
establish baseline discrimination capability between early gen-
erator outputs and real images. Subsequently, both networks
engaged in alternating min–max optimization: the genera-
tor progressively refined its synthetic samples while the dis-
criminator adaptively enhanced its discrimination capability.
Training terminated when the accuracy of the discriminator
approached 50%, indicating the generator produced samples
indistinguishable from real data.

Under ultra-low sampling rates, the training of genera-
tive adversarial networks (GANs) becomes highly unstable
and prone to mode collapse. To address this issue, we adopt a
Wasserstein GAN with gradient penalty (WGAN–GP), which
enforces Lipschitz continuity to stabilize gradient updates.
Additionally, spectral normalization is applied to both the gen-
erator and the discriminator, constraining model capacity and
further preventing training divergence.

2.3. Loss function

Neural network training optimizes the parameters govern-
ing the weights and biases to enhance predictive capability.
Within our supervised learning framework, this optimization
relies on paired samples of input bucket signals and corre-
sponding ground-truth images that constrain the model during
iterative refinement. The network thereby learns to reconstruct
high-quality images from input signals.

Employing a cGAN framework, our model’s objective
function integrates complementary loss components that col-
lectively guide the generator toward structurally faithful and
visually realistic reconstructions. The adversarial loss LGAN

promotes distributional alignment by training the generator to
produce outputs indistinguishable from real images, formu-
lated as follows:

LcGAN(G,D) = E [logD(x,y)]+E [log(1−D(x,G(x)))] , (5)

where x represents the input bucket signal reshaped into a 2D
image, and y is the corresponding ground-truth image. G(x)
denotes the generated output, and D(·) denotes the discrimi-
nator’s authenticity probability. This loss conditions the gen-
erator output on the input signal while matching the real image
distribution.
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Structural precision is enforced through pixel-level L1

loss, which constrains the mean absolute error between gen-
erated and target images, expressed as

LL1(G) = E [‖y−G(x)‖1] . (6)

This component ensures geometric alignment by minimizing
pixel-space deviations.

The complete objective function combines these comple-

mentary mechanisms as

G* = argmin
G

max
D

LcGAN(G,D)+λLL1(G), (7)

where λ = 100 is used to balance the loss contributions. The
argminG maxD operator represents the adversarial min–max
optimization, stabilizing training by simultaneously refining
the generator’s synthesis capability and the discriminator’s as-
sessment accuracy.
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Fig. 2. Network organization of the proposed ghost imaging system implemented via cGAN. (a) Generator architecture: Comprises an encoder–
decoder topology incorporating residual blocks and attention mechanisms. (b) Discriminator configuration: Structural design of the adversarial
evaluator.
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3. Numerical simulation and experimental re-
sults
This section details the numerical validation framework

and experimental verification of the proposed GI methodol-
ogy.

For the numerical simulations, a total of 2 × 104 im-
ages were randomly selected from the MNIST training set for
model training, while an additional 2500 images were ran-
domly sampled from the MNIST test set for evaluation. All
images were resized to 64× 64 spatial resolution. Network
optimization employed the Adam algorithm with learning rate
10−4 and weight decay 10−4, implemented on an Intel(R)
Xeon(R) CPU E5-2678 v3 @ 2.5 GHz and NVIDIA TITAN
RTX 24 G GPU platform.

The experimental configuration, detailed in Fig. 3, em-
ploys a digital micromirror device (Texas Instruments DLP
LightCrafter 4500) to project structured speckle patterns onto
target specimens. Backscattered photons were collected by
a single-element photodetector (Thorlabs PMM02-1) devoid
of spatial discrimination capability. The photocurrent signals
were digitized using a 16-bit analog-to-digital conversion unit
(National Instruments USB-6341). An adversarial neural net-
work architecture performed direct end-to-end reconstruction
of object intensity distributions from the temporally sampled
bucket detection sequences.

L

DMD

LED

L

PD
L

ADC

Target object

Ii↼x↪y↽

Bi

Fig. 3. Experimental setup for the proposed ghost imaging scheme.
DMD: digital micromirror device, PD: photodetector, ADC: analog-to-
digital converter.

Quantitative evaluation of reconstruction fidelity em-
ploys two complementary metrics: peak signal-to-noise ratio
(PSNR) and structural similarity index (SSIM), which provide
distinct yet synergistic assessments of image quality. Both
metrics evaluate fidelity between reconstructed image M(i, j)
and ground truth N(i, j) with dimensions m× n. The PSNR
quantifies pixel-level accuracy through mean squared error

MSE(M,N) =
1

m×n

m

∑
i=1

n

∑
j=1

[M(i, j)−N(i, j)]2 , (8)

PSNR(M,N) = 10log10

(
MAX2

MSE

)
, (9)

where MAX denotes the maximum possible pixel value in the
image, and higher PSNR values indicate reduced distortion.
The SSIM metric evaluates perceptual similarity by compar-
ing luminance, contrast, and structural covariance as

SSIM(M,N) =
(2µMµN +C1)(2σMN +C2)

(µ2
M +µ2

N +C1)(σ2
M +σ2

N +C2)
, (10)

where µM and µN represent the mean values, σM and σN de-
note the standard deviations of the image intensity distribu-
tions M(i, j) and N(i, j), respectively, and σMN is their covari-
ance. The terms C1 = (k1L)2 and C2 = (k2L)2 ensure numer-
ical stability, where L represents the dynamic range of pixel
values (L = 255 for 8-bit grayscale images). The scalar con-
stants k1 and k2 (satisfying k1,k2 ≪ 1) prevent division by
near-zero denominators. An SSIM value approaching unity in-
dicates perfect structural correspondence between the images.

3.1. The performance

Figure 4 presents simulated and experimental reconstruc-
tion results for handwritten digits across progressively reduced
sampling ratios. The simulation results are shown for sam-
pling ratios of 1.2%, 0.78%, 0.39%, and 0.29%, respectively.
The results under ideal simulation conditions demonstrate ro-
bust performance, achieving SSIM ≥ 0.8 even at the extremely
low ratio of 0.29%. Experimental validation at 1.2% and
0.78% sample ratios confirms this capability. Reconstructions
remain fully successful at 1.2%, while most digits retain rec-
ognizability at 0.78%, but digits ‘6’ and ‘9’ exhibit quality
degradation at 0.78%, attributable to measurement errors from
environmental noise. Collectively, these results confirm the
method’s strong low-sampling reconstruction capability, sup-
porting its feasibility for ghost imaging. Relevant demonstra-
tions have been conducted subsequently to verify this phe-
nomenon.

Figure 5 illustrates the comprehensive validation results
on the structurally more complex Fashion–MNIST dataset.
Quantitative evaluations under sub-Nyquist sampling rates
confirm the method’s capability for high-fidelity reconstruc-
tion of complex targets, demonstrating statistically significant
performance improvements compared to conventional ghost
imaging methodologies. Particularly noteworthy is the su-
perior performance of the proposed method on the Fashion–
MNIST dataset at ultra-low sampling rates (0.29% and 0.39%)
compared to its performance on the MNIST dataset. This en-
hancement can be attributed to the effectiveness of the atten-
tion mechanism in extracting salient features from complex
target objects, while the attention mechanism provides limited
benefits for simple structures such as MNIST digits, it sig-
nificantly enhances the reconstruction of rich visual details in
Fashion–MNIST images.

To bridge the discrepancy between simulation and exper-
iment, we introduced varying levels of Gaussian noise into the
simulations to emulate experimental noise disturbances. As
shown in Fig. 6, the reconstruction performance of the pro-
posed method was evaluated under different noise levels, char-
acterized by the standard deviation σ , at a sampling rate of
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Fig. 4. Quantitative reconstruction performance of handwritten digits (0–9) under sub-Nyquist sampling using proposed ghost imaging method.
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Fig. 6. Reconstruction performance under different noise intensities at
a 1.2% sampling rate.

1.2%. The results demonstrate a decline in both PSNR and
SSIM with increasing noise variance. When the standard devi-
ation σ reaches 50, the simulation results closely approximate
the experimental outcomes, exhibiting nearly identical PSNR
and SSIM values. This indicates that environmental noise is
a primary factor degrading the reconstructed image quality in
practical experiments.

3.2. Comparisons

Figure 7 compares simulation-based reconstruction re-
sults on the MNIST dataset across multiple GI methods at
progressively reduced sampling rates (1.2% to 0.29%). They
are conventional GI (GI), a baseline cGAN without residual
blocks and attention mechanisms,[32] a GAN integrated with
the SENet attention module (SE-GAN),[33] and our proposed
method. To quantitatively assess the reconstruction perfor-
mance, the average SSIM and PSNR for reconstructed images
are evaluated for digits (‘3’, ‘6’, and ‘8’) under each sampling
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rate, as shown in Fig. 7.
The results demonstrate that under extremely low sam-

pling rates (e.g., 0.39% and 0.29%), conventional GI fails to
produce recognizable reconstructions. While both the base-
line cGAN and SE-GAN remain functional under these con-
ditions, our method consistently achieves superior reconstruc-
tion quality. More importantly, this performance gain comes
with a significant efficiency advantage. The integration of
the SENet module in SE-GAN leads to substantial compu-
tational overhead, resulting in a training time approximately
double that of our method. Consequently, our approach deliv-
ers not only enhanced performance but also markedly reduced
training costs. This performance advantage enlarges signifi-
cantly as sampling rates decrease further, demonstrating our
method’s enhanced capability under severely under-sampled
conditions.

On the Fashion–MNIST dataset, the proposed imaging
scheme demonstrates notably superior performance compared
to other ghost imaging methods. As shown in Fig. 8(a), when
the sampling rate is as low as 0.39% and 0.29%, the conven-
tional cGAN fails to reconstruct images from the “sneaker”
category effectively. By contrast, the proposed method consis-
tently yields high-fidelity reconstruction results. Although the
reconstructions of SE-GAN and the proposed method appear

visually comparable, the PSNR and SSIM trends across differ-
ent sampling rates in Figs. 8(b) and 8(c) quantitatively validate
the performance advantage of our scheme.

To evaluate the respective contributions of the ECA mod-
ule and the CBAM in our framework, we conduct an abla-
tion study at 0.78% sampling rate, comparing the performance
when both modules are employed versus when only one is
used. All models were trained under identical settings in terms
of dataset size and number of epochs. Figure 9 illustrates
the reconstruction results for the full model (dual attention),
CBAM-only, and ECA-only configurations. Quantitatively,
the proposed method with dual attention mechanisms achieves
higher PSNR and SSIM values than the single-attention vari-
ants. The ECA-only model performs the worst across most
categories, with the exception of the “NUPT” image. We
attribute the effectiveness of the dual-attention design to the
complementary roles of each module: CBAM, with its spatial
attention mechanism, is critical in preserving structural details
during reconstruction. In our network, CBAM is applied at the
fourth layer, while ECA operates at the third layer. This com-
bination enables joint optimization across channel and spatial
dimensions, leading to enhanced feature representation and su-
perior reconstruction performance.

GI cGAN Proposed IGNAGcIG cGAN

1.2%

0.78%

0.39%

0.29%

Ground truth 

Proposed Proposed

0.29 1.2

Sampling rate (%)

30

25

20

5

10

15

P
S
N

R
 (

d
B

)

(b) (c)

SSIM values of simulation results

0.29

(a)

1.0

0.8

0.6

0.4

0.2

0

S
S
IM

PSNR values of simulation results
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cGAN

SE GAN
Proposed

GI
cGAN

SE GAN
Proposed

NAG-ESNAG-ESNAG-ES

0.780.39 1.20.780.39

Fig. 7. The MNIST dataset analysis: (a) qualitative comparison of four reconstruction algorithms, (b) quantitative PSNR evaluation across test
samples, and (c) quantitative SSIM evaluation across test samples.
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Fig. 8. The Fashion–MNIST dataset analysis: (a) qualitative visual comparison of reconstruction algorithms, (b) quantitative PSNR assessment
across test samples, and (c) quantitative SSIM assessment across test samples.

PSNR=13.62 dB
SSIM=0.6405

Ground truth

Proposed

PSNR=15.15 dB
SSIM=0.8038

PSNR=14.57 dB
SSIM=0.7799

CBAM-only

PSNR=10.83 dB
SSIM=0.4723

PSNR=13.91 dB
SSIM=0.7691

PSNR=13.20 dB

SSIM=0.7402

ECA-only

PSNR=11.97 dB
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PSNR=13.06 dB
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Fig. 9. The ablation experiments for the reconstruction results by the the full
model (dual attention), CBAM-only, and ECA-only configurations at 0.78%
sampling rate.

Furthermore, we conducted comparative evaluations of
four distinct GI methodologies on both the MNIST and
Fashion–MNIST datasets at a sampling rate of 1.2%. Quanti-
tative analysis of the reconstructed images, with visual results
for the MNIST dataset and Fashion–MNIST dataset presented
in Fig. 10, demonstrates that, compared to the baseline model,
the cGAN, and the SE-GAN, the proposed method achieves

statistically significant improvements in both perceptual clar-
ity and structural integrity. These qualitative enhancements
are further corroborated by the quantitative metrics in Table 1,
which show that the proposed method attains the highest mean
PSNR and SSIM across both datasets. Collectively, these ex-
perimental results confirm that the proposed framework ex-
hibits superior performance in three critical aspects of low-
sampling-rate ghost imaging: reconstruction fidelity, compu-
tational efficiency, and noise robustness.

GT

cGAN

GI

Proposed

GT

GI

SE-GAN

cGAN

SE-GAN

Proposed

Fig. 10. Experimental results of different imaging methods at 1.2% sampling
rate on MINST and Fashion–MNIST datasets.
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Table 1. Average PSNR and SSIM values of different ghost imaging meth-
ods on the MNIST and Fashion–MNIST datasets at a sampling rate of 1.2%.

Dataset Metric GI cGAN SE-GAN Proposed

MNIST
Avg PSNR 6.90 13.73 15.05 15.84
Avg SSIM 0.0050 0.6288 0.6830 0.7054

Fashion–MNIST
Avg PSNR 7.13 7.39 8.32 8.70
Avg SSIM 0.0364 0.3604 0.3704 0.4013

4. Conclusion
In summary, this paper presents a deep learning-based GI

reconstruction method designed to achieve high-quality im-
age recovery under low sampling rate conditions. The pro-
posed approach builds upon a cGAN framework, in which
residual blocks and attention mechanisms are strategically in-
corporated. Specifically, a U-net-style generator architecture
is employed, with efficient attention modules embedded in
the deeper layers of the generator to enhance the representa-
tion of critical image features. This design improves the net-
work’s expressiveness while maintaining computational effi-
ciency and mitigating the risk of overfitting associated with
excessive attention mechanisms.

The numerical simulations and experimental validations
on the MNIST and Fashion–MNIST datasets demonstrate that
the proposed method can effectively reconstruct clear and ac-
curate images even at extremely low sampling rates (0.29% in
ideal simulation and 0.78% in experiment). Compared to con-
ventional GI techniques, the baseline cGAN model, and the
SENet-integrated GAN (SE-GAN), the proposed method con-
sistently achieves superior reconstruction quality. These re-
sults highlight the robustness and expressive capability of the
proposed approach, indicating its strong potential for applica-
tion in low-sampling-rate GI scenarios.
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