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Improving the speed of ghost imaging is one of the main ways to leverage its advantages in sensitivity and imperfect
spectral regions for practical applications. Because of the proportional relationship between image resolution and mea-
surement time, when the image pixels are large, the measurement time increases, making it difficult to achieve real-time
imaging. Therefore, a high-quality ghost imaging method based on undersampled natural-order Hadamard is proposed.
This method uses the characteristics of the Hadamard matrix under undersampling conditions where image information can
be fully obtained but overlaps, as well as deep learning to extract aliasing information from the overlapping results to obtain
the true original image information. We conducted numerical simulations and experimental tests on binary and grayscale
objects under undersampling conditions to demonstrate the effectiveness and scalability of this method. This method can
significantly reduce the number of measurements required to obtain high-quality image information and advance application
promotion.

Keywords: ghost imaging, natural-order Hadamard, deep learning
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1. Introduction
Ghost imaging (GI) is a new imaging method that obtains

image information through computation. Its unique means
of information acquisition is the single-pixel detection of the
overall information of an object encoded by a series of light
fields.[1–3] Consequently, a succession of single-pixel detec-
tors measure signals, which incurs considerable time con-
sumption and thereby limits the imaging speed of large im-
age resolutions. Although GI has certain advantages over tra-
ditional point-to-point optical imaging in terms of imaging
method, detection sensitivity, and noise resistance, the draw-
backs of sampling time consumption make it unable to sig-
nificantly replace and improve the performance of traditional
imaging.[4–7] Therefore, reducing the sampling time consump-
tion is one of the key problems in scientific research and the
application of GI. In essence, a reduction in the sampling time
consumption in GI can be achieved by reducing the number of
light field coding required for high-quality imaging.

Finding ways to significantly reduce the measurement
time and improve the imaging quality from less light field
coding has become a hot spot of research. Common optical
field encoding methods include random speckle,[2] Hadamard
basis,[8] and Fourier basis matrix.[9,10] A large amount of re-

search has shown that Hadamard basis (binary) and Fourier ba-
sis (grayscale) matrices with orthogonal properties exhibit bet-
ter imaging performance than nonorthogonal random speckle
matrices. Compact spatial light field modulation devices in-
clude liquid crystal spatial light field modulators and digital
micro-mirror devices (DMD), etc. Among them, DMD has
a modulation rate of up to 22 kHz under binary modulation
and has significant advantages in refresh speed compared with
other compact spatial light modulation devices. Therefore, se-
lecting the Hadamard basis matrix and DMD for high-quality
undersampling GI research is a better method.

The beginning of Hadamard ‘Russian doll’ sequence op-
timization work[11] made it possible to improve the perfor-
mance of GI. By ordering Hadamard even from small to large,
multiresolution progressive imaging can be realized,[12] and
the measurement times of GI in the field of target recog-
nition and other multiresolution imaging requirements can
be reduced. An effective Hadamard basis ordering method
for single-pixel imaging (SPI) based on generalized two-
dimensional orthogonal bases,[13] which can be traversed in
a zigzag fashion to order basis vectors from highest to low-
est importance, allows the reconstruction of images at very
low sampling rates. In the positive pattern-based Hadamard
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SPI method,[14] the complementary strengths between the pos-
itive and negative modes are leveraged, successfully reduc-
ing the number of required measurements by half. Addition-
ally, by combining a differential measurement strategy with
ghost imaging theory, this technique can achieve high-quality
imaging results even in noisy environments. To improve the
imaging quality and practicability of the method, researchers
have proposed an interconnection between bucket-shaped sig-
nals derived from the actual modulation of the standard
Hadamard basis and their corresponding synchronous trans-
formation modes.[15] Employing the conventional GI algo-
rithm enables the reconstruction of images with superior qual-
ity. In terms of efficiency, the proposal of a method that uses
the maximum projection algorithm to restructure Hadamard
masks[16] for imaging has paved the way for achieving ef-
ficient and rapid image reconstruction. In recent years, a
large number of optimization sequences and methods that can
greatly improve the image quality under undersampling con-
ditions have been proposed, such as Db2 wavelet,[17] Coiflet
wavelet order,[18] Haar wavelet/dual domain,[19] 4-connected-
region,[20] origami,[21] and others.[22–25] In addition, a ghost
imaging scheme based on the mixed transformation method
of the Hadamard matrix, discrete cosine matrix, and Haar
matrix has been proposed,[26] which can easily reconstruct
image information. Subsequently, there were also combi-
nations of cake cutting sequences and compressed sensing
methods,[27] as well as total variation and total wavelet trans-
formed coefficients in ascending order optimization combined
with deep learning methods.[28–30] These methods are pro-
cessed by Hadamard sequence optimization or based on its
sequence optimization. Although the imaging performance
has been greatly improved, the implementation complexity of
these methods has increased.

In this study, another non-optimized Hadamard matrix
was switched to improve the quality of the undersampling
imaging. Based on the aliasing characteristics of image recon-
struction information under the condition of an undersampled
natural-order Hadamard matrix (i.e., the lower the sampling
times, the higher the aliasing degree), combined with deep
learning, a high-quality ghost imaging method based on an un-
dersampled natural-order Hadamard matrix is proposed. This
method achieves image information restoration under various
levels of aliasing and has great application potential and value
for extremely low measurement times and data compression.

2. Methods
In the GI system, a light modulator projects the mod-

ulated light field onto an object with a reflection coefficient
O(x,y). The total reflected signals are collected using a bucket
detector. The mth light field and bucket signal are repre-
sented by I(m)(x,y) and B(m), respectively. The reflected coef-

ficient can be obtained by computing the correlation between
I(m)(x,y) and B(m)

OGI(x,y) =
1
M

M

∑
m=1

[(
B(m)−

〈
B(m)

〉)
×
(
I(m)(x,y)−

〈
I(m)(x,y)

〉)]
, (1)

where 〈
B(m)

〉
=

1
M ∑

M
m=1 B(m),〈

I(m)(x,y)
〉
=

1
M ∑

M
m=1 I(m)(x,y).

Ghost imaging based on the natural-order Hadamard ma-
trix can obtain nearly perfect image quality in full sampling,
whereas overlapping image information will appear in under-
sampling. If the real information of the image can be extracted
from the overlapping image, ghost imaging can be realized
quickly using the undersampled natural-order Hadamard ma-
trix. To address the issue of image overlap in the imaging
results with an undersampling rate, we designed a U-shaped
neural network. The network architecture is shown in Fig. 1.
This network was derived from the U-Net proposed by Olaf
Ronneberger et al. in 2015,[31] originally employed for im-
age segmentation tasks in the medical field but applicable to
image reconstruction tasks as well.[32] Adding a self-attention
mechanism after each downsampling step in U-Net enhances
the network’s focus on crucial regions and features within the
input image. This enhancement aids the network in capturing
global features more effectively while maintaining and recon-
structing detailed information, thereby improving the overall
image reconstruction. The adaptability of this network tran-
scends its initial medical applications, demonstrating its po-
tential effectiveness in diverse imaging scenarios, particularly
in the realm of image reconstruction from constrained sam-
pling data.

The network is mainly composed of an encoder (down-
sampling), decoder (upsampling), intermediate skip connec-
tion, and self-attention mechanism after each downsampling.
The encoder gradually decreases the spatial resolution through
four downsamplings while increasing the number of feature
channels to extract abstract features. Each downsampling
module consists of a layer of convolution operation and a
max pool for image feature extraction. The convolution op-
eration comprises a 3×3 convolution layer, batch normaliza-
tion (BN) layer, and activation layer using the ReLU function.
Each layer performs two consecutive convolution operations,
regardless of whether it is a part of the downsampling or up-
sampling process. The decoder is similar to the encoder in
recovering picture information through four upsampling op-
erations involving repeated steps of bilinear interpolation, in-
verse convolution, feature splicing, and two convolution oper-
ations. The convolutional layers employed in the upsampling
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process comprised a 3×3 convolution layer and a 1×1 convo-
lution layer. A notable feature of U-Net is the use of skip con-
nections, which link the feature maps from the downsampling
stage to their corresponding maps in the upsampling stage.
This connection aids the network in recovering lost detailed

information. Each downsampling process in the network’s en-
coder facilitates learning of the global features of the input
image. To further enhance the network’s focus on crucial re-
gions and features in the input image, a self-attention module
was introduced after each downsampling step.

Conv3T3+BN+ReLU

Skip connecticn

Max pool 2T2

Up conv3T3

Conv 1T1

Self-attention

64

256 256

512 512

1024

1024 512

512 256

256 128

128 64 6464

128 128

Fig. 1. Network model architecture. The self-attention module was added to the original U-Net.

We used the self-attention mechanism to process the im-
age after each downsampling step, enabling the model to learn
the dependencies between different regions within the image.
This approach highlights key features and reduces interference
from irrelevant information. This mechanism achieves image
localization by dynamically adjusting region weights, thereby
capturing both global and local information. It generates a
feature map of the same size as the input image, which iden-
tifies regions associated with location and labels categories
through a global computational approach. This mechanism
operates on feature mapping obtained through convolution. It
first computes the dot product between query (𝑄) and key
(𝐾), and then scales it by dividing by

√
dk to obtain the at-

tention score. Next, SoftMax classification was performed to
obtain the weights for each position. Each position had a value
of 𝑉 . Finally, the output was computed from the matrices 𝑄,
𝐾, and 𝑉 :

Attention(𝑄,𝐾,𝑉 ) = SoftMax
(
𝑄𝐾T
√

dk

)
𝑉 , (2)

where 𝐾T is the column number of the matrices 𝑄 and 𝐾.
It is well known that network training requires a large

number of ghost images as training datasets to obtain better
reconstruction results. To acquire this training dataset, we de-
signed a ghost imaging simulation system. By acquiring the
necessary dataset from the image database as input for the sys-
tem, a significant number of ghost imaging-simulated images

can be rapidly generated. This not only diminishes the com-
plexity of network training but also significantly saves time
and cost.

Finally, we need to choose a suitable loss function for net-
work training. The loss functions for the reconstructed image
task include MSE loss, SSIM loss, perceptual loss, and others.
In this study, the chosen loss function for network training was
MSE loss, defined as

MSE =
1
N ∑

N
i=1 (yi−h(xi))

2, (3)

where yi is the true value of the ith sample, h(xi) is the pre-
dicted value of the ith sample, and N is the number of samples.
The smaller the value of this loss function, the closer the pre-
diction result of the model to the true value. This not only met
our task requirements but also reduced the computation of the
network and improved the network efficiency. Our network
model used the Adam optimizer to update the neural network
parameters based on the gradient information, thereby mini-
mizing the loss function. The initial learning rate lr of Adam
was 0.001. All tasks were performed in a workstation (@Intel-
Xeon CPU and 1×@NVIDIA GeForce RTX 3090 GPU).

3. Results
The goal of this study was to demonstrate the effective-

ness of the proposed method in resolving the issue of over-
lapping imaging results in CGI when undersampling is per-
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formed, thus addressing the inability of CGI to achieve high-
quality results within a short period of time and meet the re-
quirements of rapid imaging applications. We used a natural-
order Hadamard matrix as the spatial light field and conducted
CGI numerical simulations at various sampling times.

3.1. Numerical simulation results

To demonstrate the validity and comprehensiveness of the
method, we used the MNIST dataset[33] and ship dataset from
CIFAR-10.[34] These datasets were converted to grayscale and
resized to 64×64 pixels as target objects. From these, 3000
images were selected as the training set and 100 images as
the test set. A CGI simulation system with a single light field
size of 64×64 pixels, composed of natural-order Hadamard
matrices, was employed. The target object was input into the
CGI simulation system for undersampling to obtain an over-
lapping image. This aliasing occurs because, when undersam-
pling is performed, the natural order reconstructs the image
with a strong aliasing effect, resulting in multiple copies of
the true image. Subsequently, network training was conducted

to obtain the reconstruction results. To objectively evaluate the
performance of the method, we used the peak signal to noise
ratio (PSNR) and structural similarity (SSIM) as the evalua-
tion metrics. PSNR is defined as

PSNR = 10× log10

[
maxVal2

MSE

]
, (4)

where MSE= 1
r×c ∑

r
i=1 ∑

c
j=1 [u(i, j)− x(i, j)]2, and maxVal is

the maximum possible pixel value of the image. SSIM mea-
sures the similarity between the reconstructed and original im-
ages in terms of brightness, contrast, and structure. This is
defined as

SSIM =
(2µxµy +C1)(2σxy +C2)(

µ2
x +µ2

y +C1
)(

σ2
x +σ2

y +C2
) , (5)

where x is the original image; y is the reconstructed image; µx

and µy denote the mean value of x and y, respectively; σ2
x and

σ2
y denote the variances of x and y, respectively; σxy denotes

the covariance of x and y; and C1 and C2 are constants.

Object

Result

CGI

(2048)

PSNR (dB) 35.8634 35.0106 38.1241 35.1189 35.5872 34.8157 35.5082 34.7793 35.2057 34.4795

SSIM 0.8936 0.8609 0.9371 0.8737 0.8873 0.8892 0.8917 0.8723 0.8714 0.8651

Result

PSNR (dB) 35.9056 35.0827 38.1310 35.1514 35.6133 34.8119 35.5447 34.7769 35.2007 34.4516

CGI

(1024)

SSIM 0.8921 0.8331 0.9347 0.8618 0.8732 0.8786 0.8869 0.8720 0.8695 0.8591

Fig. 2. Numerical simulation results of CGI deep learning at 2048 (50%) and 1024 (25%) sampling times, simultaneously showing the digital
target image and numerical values of PSNR and SSIM. First row in the orange box: CGI simulation results at 2048 (50%) sampling times;
second row: reconstruction results obtained using deep learning. First row in the red box: CGI simulation results at 1024 (25%) sampling
times; second row: reconstruction results obtained using deep learning; last row: original image of the target.

First, we used the MNIST dataset as the target image. It

took approximately 50 minutes to train 300 epochs through

the network and approximately 0.011 s to reconstruct the im-

age. As depicted in Fig. 2, the last row in the entire result map

represents the target image, whereas the remaining portions

are divided into two parts: the upper orange box (2048 times

sampling; sampling rate of 50%) and the lower red box (1024

times sampling; sampling rate of 25%). In the orange box,

the first row was obtained as an overlapping image at 2048

(50%) sampling times in the CGI simulation system. The ob-

tained overlapping image was brought into our deep learning

network for training and then tested to obtain the reconstructed
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result, as shown in the second row in the orange box of Fig. 2.
In the red box, the first row is the overlapped image obtained
by CGI at 1024 (25%) sampling times. It is evident that the
overlap is significantly greater than that of the imaging results
obtained at 2048 (50%) sampling times. The second row in the
red box of Fig. 2 displays the reconstructed image after pro-
cessing through the deep learning network. We can see that

the results reconstructed using the proposed method are very

similar to the target image at both 2048 (50%) and 1024 (25%)

sampling times. PSNR was approximately 35 dB, whereas the

SSIM values were approximately 0.87, with the highest value

reaching 0.9371. This proves the effectiveness of the proposed

method.

Result

PSNR (dB) 29.2205 30.6993 29.2986 27.8098 28.9076 27.7960

CGI

(2048)

Result

PSNR (dB) 29.0502 30.1302 28.7434 28.0066 27.8194 28.2913

CGI

(1024)

Object

SSIM 0.8945 0.7875 0.8909 0.8426 0.8186 0.8171

SSIM 0.8517 0.7650 0.7664 0.7603 0.6496 0.7332

Fig. 3. Numerical simulation results of CGI deep learning at 2048 (50%) and 1024 (25%) sampling times, simultaneously showing the ship
target image and numerical values of PSNR and SSIM. First row in the orange box: CGI simulation results at 2048 (50%) sampling times;
second row: reconstruction results obtained using deep learning. First row in the red box: CGI simulation results at 1024 (25%) sampling
times; second row: reconstruction results obtained using deep learning; last row: original image of the target.

To demonstrate the practicality of the proposed method,
we selected the ship dataset within CIFAR-10 as the target im-
age, which is close to practical applications. It took approx-
imately 80 minutes to train 300 epochs through the network
and approximately 0.048 s to reconstruct the image. The first
rows in the orange and red boxes of Fig. 3 show the overlapped
images obtained by CGI at 2048 (50%) and 1024 (25%) sam-
pling times, respectively. As can be seen from the figure, only
a few images show that the target image is a ship from some
local features, and most of the images cannot identify the tar-
get image as a ship. The image of the ship contains more de-
tailed information than the digital image, which is more com-

plex, making it more difficult to accurately obtain the overall
information of the ship. We trained the network with overlap-
ping images at 2048 (50%) and 1024 (25%) sampling times
of the ship as the target image and finally obtained the recon-
struction results, which are shown in the second rows in the
orange and red boxes of Fig. 3, respectively. From the recon-
struction results, it can be seen that the overlapping problem
of the image was effectively solved, and the overall contour
and most of the information features of the ship were effec-
tively recovered. Both the PSNR and SSIM values demon-
strated good performance. Experiments proved that the pro-
posed method is effective for complex target images. How-
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ever, in cases where the picture information is highly complex
and the sampling times are low, the reconstruction results may
still exhibit a local overlap. For example, in the fourth image
of the second row in the red box of Fig. 3 (reconstruction re-
sults at 1024 (25%) sampling times), it can be seen that there
is an overlap between the sails of the ship and the flagpole,
which lacks some detailed features of the image. These prob-
lems are solved using the training dataset and the deep learning
network model, and we will improve and refine these aspects
in the future.

3.2. Experimental results

To verify that the method can realistically meet the re-
quirement of obtaining high-quality imaging results during un-
dersampling, we conducted practical experiments. As illus-
trated in Fig. 4, the experimental system consisted of a light
source, target object, focusing lens, imaging lens, DMD, and
a single-phase element detector. The DMD was a 1024×768
micro-mirror array device. Each micro-mirror can switch in
the ±12◦ directions, corresponding to 1 and 0. The mod-
ulation frequency of the DMD can load binary spatial light
field patterns at a speed of 22k patterns per second. Un-
der ambient illumination (Thorlabs MCWHLP1 cold white
LED), the projected light illuminated on the target object was
directed through the lens to the DMD (Vialux V7000) for
light field modulation. The echo signal reflected on the DMD
was focused on a single-pixel detector (Thorlabs, PDA100A2)
through the lens. The target object was a digital mask model
with a diameter of 25.8 mm (‘Object’ in Fig. 4). It was lo-
cated approximately 24.2 cm away from the DMD, and the
DMD was approximately 26.4 cm away from the single-pixel
detector.

Lens

Lens

Object

Light

Mirror

DMD
Single pixel detector

Fig. 4. Experimental system diagram of computational ghost imaging.

We used a 3D printer to produce skeletonized versions of
numbers 4 and 7, as well as a laser engraver to engrave skele-
tonized versions of numbers 2, 1, and 7 onto an acrylic plate as
experimental objects, as shown in the last row of Fig. 5. The
digital target objects were detected using a CGI system con-
sisting of a natural-order Hadamard matrix with a single light

field size of 64×64 pixels. The first rows in the orange and red
boxes of Fig. 5 show the results of the CGI experiment at 2048
(50%) and 1024 (25%) sampling times, respectively. It can be
seen that the image results of the CGI experiments have the
same effect as the overlapping images obtained from the nu-
merical simulation. Finally, the experimental results were in-
troduced into the deep learning model to obtain the reconstruc-
tion results, and the reconstruction time was approximately
0.013 s. The second rows in the orange and red boxes of Fig. 5
display the reconstruction results of the deep learning network
at 2048 (50%) and 1024 (25%) sampling times, respectively.
It was proved that the method can effectively remove image
overlapping at undersampling and achieve high-quality recon-
struction results.

Result

CGI

(2048)

Result

CGI

(1024)

Object

Fig. 5. Experimental results of CGI deep learning at 2048 (50%) and 1024
(25%) sampling times. First row in the orange box: CGI experimental re-
sults at 2048 (50%) sampling times; second row: reconstruction results ob-
tained using deep learning. First row in the red box: CGI experimental
results at 1024 (25%) sampling times; second row: reconstruction results
obtained using deep learning; last row: target object image.

4. Discussion
To further validate the performance of the proposed ap-

proach, we obtained aliased images at 512 (12.5%) and 256
(6.25%) sampling times after passing them through a CGI sim-
ulation system consisting of natural-order Hadamard matrices.
The results are depicted in Fig. 6. The first rows in the or-
ange and red boxes represent the overlapping images obtained
by CGI at 512 (12.5%) and 256 (6.25%) sampling times, re-
spectively. The second row corresponds to the reconstruction
outcomes under the sampling times, with the last row being
the target image. As shown in Fig. 6, the fewer the sampling
times, the greater the degree of overlap of the images. The
performance superiority of this method can be confirmed by
the reconstruction results and the PSNR and SSIM values.
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Object

Result

CGI

(512)

PSNR (dB) 35.9234 35.0659 38.1374 35.1066 35.5634 34.8313 35.5444 34.7736 35.1303 34.4516

SSIM 0.8827 0.8214 0.9335 0.7880 0.8582 0.8700 0.8866 0.8364 0.8624 0.8334

Result

PSNR (dB) 35.7366 35.1279 38.1530 34.9996 34.6720 34.8760 35.5490 34.4020 34.7578 34.3395

CGI

(256)

SSIM 0.7517 0.7414 0.9345 0.7471 0.6861 0.7877 0.8519 0.7652 0.6813 0.7608

Fig. 6. Numerical simulation results of CGI deep learning sampled at 512 (12.5%) and 256 (6.25%) times, simultaneously showing the digital
target image and the PSNR and SSIM numerical values. First row in the orange box: CGI simulation results at 512 (12.5%) sampling times;
second row: reconstruction results obtained using deep learning. First row in the red box: CGI simulation results at 256 (6.25%) sampling
times; second row: reconstruction results obtained using deep learning; last row: original image of the target.

Object

Result

PSNR (dB) 33.3711 32.6568 35.1158 32.8561 33.6277 33.2409 32.7950 31.9632 32.2026 31.5549

CGI

(512)

SSIM 0.8047 0.7928 0.8765 0.7644 0.7700 0.8111 0.7945 0.7419 0.7554 0.7269

Fig. 7. Numerical simulation results of periodic array objects.

Simultaneously, we processed the MNIST dataset by ar-
ranging the numbers in the image in a periodic array from a
single numerical target in the original plot to multiple numer-
ical targets that are homogeneous and identical, as shown in
the last row of Fig. 7. The processed images were acquired
when ghost imaging was performed at 512 (12.5%) sampling
times to obtain overlapping images, as shown in the first row
of Fig. 7. Finally, the acquired aliased images were recon-
structed using the deep learning method in this study, and the
results are shown in the second row of Fig. 7. From the re-
construction results and the PSNR and SSIM values, it can be
verified that the method performs well in periodic array ob-
jects.

The proposed method can be applied to several fields of
ghost imaging. In the medical field, x-ray ghost imaging com-
bined with the deep learning network in this study can be used
for fluoroscopy and radiography of teeth to help doctors obtain
images of the internal structure of teeth. Through these im-
ages, doctors can accurately diagnose dental diseases, such as
dental caries, pulpitis, and periodontitis. They can also clearly
see the internal structure and defects of the teeth so that they
can better select implants and restorative materials, as well as
improve the success rate and effect of the surgery. As shown
in Fig. 8, the last row is a single tooth intercepted from the
DEN-TEX dataset[35] as the target image, the first row is the
overlapped image obtained using CGI, and the second row is
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the reconstruction result of the deep learning method used in
this study. In conclusion, this method has a wide range of
applications in the field of medical dentistry, which can help

doctors diagnose and treat dental diseases more accurately, as
well as improve the treatment effect and quality of life of pa-
tients.

Result

CGI

Object

Fig. 8. Numerical simulation results of x-ray images of teeth.

5. Conclusion
In this study, we propose and demonstrate a novel

ghost imaging method that utilizes undersampled natural-
order Hadamard light fields in conjunction with deep learning
techniques. We conducted numerical simulations and exper-
imental verifications on the property of obtaining aliased im-
ages through ghost imaging under undersampling conditions
of a natural-order Hadamard light field using binary digital and
grayscale ship data with 1/2 and 1/4 sampling. By processing
the aliasing information obtained from undersampling through
deep learning, high-quality real-time imaging can be achieved.
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