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At certain wavelengths, single-pixel imaging is considered to be a solution that can achieve high
quality imaging and also reduce costs. However, achieving imaging of complex scenes is an overheadintensive process for single-pixel imaging systems, so low efficiency and high consumption are the biggest obstacles to their practical application. Improving efficiency to reduce overhead is the solution to
this problem. Salient object detection is usually used as a pre-processing step in computer vision tasks,
mimicking human functions in complex natural scenes, to reduce overhead and improve efficiency by
focusing on regions with a large amount of information. Therefore, in this paper, we explore the implementation of salient object detection based on single-pixel imaging after a single pixel, and propose a
scheme to reconstruct images based on Fourier bases and use U2Net models for salient object detection.
Keywords : Fourier transform, Salient object detection, Single-pixel imaging
OCIS codes : (070.4340) Nonlinear optical signal processing; (100.5010) Pattern recognition;
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I. INTRODUCTION

single-pixel imaging is an imaging technique developed
from computational ghost imaging [1]. It is based on the
principle of correlation measurement and relies solely on
the collection of light intensity information to image the
object. Single-pixel imaging takes structured light illumination on the illumination side and uses a single-pixel light
intensity detector on the detection side to collect the signal.
When the illumination structure changes, the corresponding
change in the light intensity of the object reflects the degree
of correlation between the illumination structure and the
spatial information of the object. By continuously changing
the illumination structure and accumulating the correlation
information, the final imaging of the object is achieved [2].
Since a single-pixel camera requires only light intensity
detection at the detection end, its requirements are much
lower than those of front-facing detectors in ordinary imaging. Therefore, for some special conditions, such as for

Photos and videos commonly seen in life are often created by capturing photons (the building blocks of light) using digital sensors, meaning that ambient light reflects off
an object and the lens focuses it on a screen made up of tiny
photosensitive elements, or pixels. The image is a pattern
formed by the light and dark spots created by the reflected
light. The most common digital camera, for example, consists of hundreds of pixels that form an image by detecting
the intensity and color of light at each point in space. Also,
a 3D image can be generated by placing several cameras
around the object and photographing it from multiple
angles, or by scanning the object using a stream of photons and reconstructing it in three dimensions. However,
regardless of the method used, the image is constructed by
collecting spatial information about the scene. In contrast,
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some bands where the technology of surface array detectors
is not mature, single-pixel imaging technology has great
application advantages.
For example, imaging through biologic tissues and improving the spatial resolution of optical microscopy have
been two major biomedical imaging challenges. Nonvisible imaging is the current solution to these challenges,
because the use of wavelengths in the optical window
of biological tissues (e.g. X-ray imaging [3], computed
tomography (CT) imaging [4], ultrasound imaging [5],
positron emission imaging [6, 7], single photon emission
imaging [8–11], terahertz imaging [12–16], etc.) can effectively overcome the scattering effect of light by biological
media, and the use of shorter wavelengths than visible light
for imaging can achieve higher spatial resolution. However,
traditional optical imaging methods require the use of a surface array detector, and the relative complexity, difficulty,
and high cost of making a surface array detector that can
operate in the non-visible wavelength band make it difficult to improve the quality of non-visible imaging based
on traditional imaging methods. As a new imaging method,
single-pixel imaging is considered a solution to achieve
high-quality non-visible imaging because it only requires a
single point detector without spatial resolution to achieve
spatial information acquisition of the target object to reconstruct the object image. However, single-pixel imaging
technology has only reached the degree of being able to image, and still faces some problems in practical applications.
For example, the imaging quality still has a certain gap
compared with traditional imaging techniques because the
image reconstruction mechanism of random and statistical
mathematics is applied, and the reconstructed image will
show obvious noise. Secondly, the number of single-pixel
imaging measurements is huge, which means that singlepixel imaging has low efficiency and high overhead. Many
scholars have conducted research on how to improve the
imaging efficiency of single-pixel imaging, and proposed a
Fourier-based single-pixel imaging technique [18], which
is the most efficient technique for sampling so far. Li et al.
[18] of Shanghai Jiaotong University proposed the idea of
single-pixel imaging based on a discrete cosine basis and
deciding the sampling rate of a single-pixel imaging system
according to the demand of subsequent tasks. This scheme
has low imaging efficiency, poor performance of the selected deep learning model, and cannot maximize the overhead
savings of the single-pixel imaging system.
Based on the study of the above critical issues, this paper
proposes image reconstruction based on a Fourier basis to
apply salient object detection techniques to single-pixel imaging systems. Salient object detection, commonly used as
a pre-processing procedure in many complex vision tasks,
including target detection [1, 20], semantic segmentation
[21–24], image classification, etc., all mimic human functions to quickly capture regions of attractive objects in complex natural scenes and process more information in these
regions with sufficient details, while relatively irrelevant
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information in other regions is not processed, which greatly
ensures that the human visual system works efficiently and
properly. Invoking this capability of salient object detection
as an image pre-processing step in single-pixel imaging
systems has important scientific significance and application value, especially in medical imaging and subsequent
medical image information processing. This scheme not
only improves the imaging efficiency of single-pixel imaging systems, but also can decide different sampling rates
according to different tasks, which greatly improves efficiency and saves the overhead of single-pixel imaging systems. It also becomes particularly important to select a deep
learning model with good performance for saliency target
detection, which serves as a pre-processing procedure for
complex vision tasks, and its excellent performance lays a
solid foundation for subsequent tasks.

II. PRINCIPLE
2.1. Single-pixel Imaging
Suppose a two-dimensional image of an object is I ∈
Rn1×n2, containing a total of N pixel points, where N = n1
× n2. To acquire this image, a series of modulation mask
patterns with spatial resolution are loaded onto the DMD.
For the modulation mask sequence P = [P1, P2, ..., PM]
∈ RM×n1×n2, where Pi ∈ Rn1×n2 denotes the ith frame of the
modulation mask and M denotes the number of modulation masks, the corresponding light intensity value M is
[s1, s2, ..., sM] ∈ RM captured by the barrel detector after
interacting with the object. The two-dimensional image is
in matrix form, and for convenience of expression, the twodimensional image is expanded into vector form, i.e. I ∈
RN; similarly, the modulation mask sequence is represented
as a two-dimensional matrix form, i.e. P ∈ RM×N, where
each row represents one frame of the mask. It is possible to
obtain

P I = s. 

            (1)      

Single-pixel imaging is a computational imaging method
that uses a known modulation mask matrix and a sequence
of detected measurement signals to solve for the target image. Then the solved target image can be solved by Eq. 2 as
follows:

  
I = P − s.              (2)
However, to solve it according to this formula, it is
 the modulation mask matrix P is
necessary to ensure that
orthogonal and M = N.

2.2. Fourier Basis Based Image Reconstruction
Notation must be legible, clear, compact, and consistent
with standard usage. In general, acronyms should be spelled
out the first time they are used. Adherence to the following
guidelines will greatly assist the production process:
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I  x y  − j ⋅ π  f x x + f y y df x df y,
(3)


C  f x  f y   j ⋅ π  f x x + f y y dxdy,
(4)



where
x, y are the right-angle coordinates
in the spatial
domain; fx, fy are the right-angle coordinates in the Fourier
domain, corresponding to the spatial frequencies in the
directions of x, y; I(x, y) denotes a two-dimensional image;
C( fx, fy) denotes the Fourier spectrum of a two dimensional
image; and j is the imaginary unit.
In the beginning, Fourier analysis was only used for
one-dimensional continuous signals, but in fact, it is also
applicable to two-dimensional discrete signals, and images
are actually two-dimensional discrete signals, so Fourier
analysis is also suitable for digital images. Equations 5 and
6 represent the two-dimensional discrete Fourier normal
transform and the two-dimensional discrete Fourier inverse
transform, respectively.
M − N −

C u v =   I  x y − j π 
x = y =



M − N −

I  x y  =   C u v  j π 
x = y =

ux vy
+ ,    ˄˅
(5)
M N

ux vy
+ ,     ˄˅
(6)
M N

where u, v are the discretized forms of the spatial frequencies fx, fy, respectively. According to Fourier analysis, any
image is a linear combination of a series of Fourier base
patterns. The weight corresponding to each Fourier base
pattern is the Fourier coefficient C(u, v).
The process of acquiring the Fourier spectrum involves
acquiring the weights of each Fourier base pattern corresponding to the image, i.e. acquiring the Fourier coefficients. We use a computer to generate the Fourier base pattern, project the resulting pattern onto the target object, and
then use a barrel detector to collect the intensity of the resulting light signal. Four Fourier base patterns with spatial
frequencies ( fx, fy), initial phase 0, π/2, π, 3π/2 are projected
on the target object P1, P2, P3, P4.


P  x y f x  f y  = a b ⋅ π f x x + π f y y + m .    (7)

Where
n is 1, 2, 3, 4 corresponding to m for 0, π/2, π,
3π/2 a is the average light intensity, b is the contrast, x,
y are the right angle coordinates of the plane where the
target object is located, fx, fy are the spatial frequencies corresponding to the directions of x, y respectively. Equation
7 is rewritten as Eq. 8 according to the triangular constant
deformation.

Px y fx  f y  = a + b⋅ π fx x + π f y y
P x y fx  f y  = a −b⋅ π fx x + π f y y





φ  f x  f y  =  R x y ⋅P x y f x  f y φ dxdy ,     
(9)
S


where S is the projection region of the Fourier
base pattern.
The value of the optical response of the single-pixel detector is Eq. 1.

Dφ  f x  f y  = Dn + β ⋅ Eφ  f x  f y ,          
(10)


where Dn is the value of the optical response caused
by the
background illumination at the detector position, and β is a
factor related to the magnification of the single-pixel detector and the spatial relationship between the detector and the
object. The response values D1, D2, D3, D4 can be obtained
from the four Fourier base pattern expressions of Eq. 7, Eq.
9, and 10 as in Eq. 11:
D  f x  f y  = Dn + a ⋅ β  R x ydxdy + b ⋅ β  R x y ⋅ π f x x + π f y ydxdy
S

S

D  f x  f y  = Dn + a ⋅ β  R x ydxdy − b ⋅ β  R x y ⋅ π f x x + π f y ydxdy
S

S

D  f x  f y  = Dn + a ⋅ β  R x ydxdy − b ⋅ β  R x y ⋅ π f x x + π f y ydxdy
S

(8)

 (11)
              

S

D  f x  f y  = Dn + α ⋅ β  R x ydxdy + b ⋅ β  R x y ⋅ π f x x + π f y ydxdy
S

S

According to the four-step phase shift method can be obtained about the Fourier coefficients C( fx, fy) as in Eq. 12:
C  f x  f y  =  D  f x  f y  − D  f x  f y  + j ⋅  D  f x  f y  − D  f x  f y 
= b ⋅ β   R  x y  ⋅ π  f x  f y  − j ⋅  f x  f y dxdy
S

= b ⋅ β   R  x y  ⋅   − j ⋅ π  f x  f y dxdx

(12)

S

= b ⋅ β ⋅ F R  x y 



In summary, it can be seen that each Fourier coefficient
C( fx, fy) can be obtained from the four Fourier base patterns
with initial phases of 0, π/2, π, and 3π/2 , respectively.
Accordingly, the Fourier spectrum of the obtained object
image can be reconstructed by implementing the Fourier
inversion as in Eq. 13.
I  x y  = F −C  f x  f y 

(13)
 
= F − D  f x  f y  − D  f x  f y  + j ⋅  D  f x  f y  − D  f x  f y ,
where F−1{ } denotes the Fourier inverse transform.

P x y fx  f y  = a −b⋅ π fx x + π fy y        
P x y fx  f y  = a + b⋅ π fx x + π f y y

Assuming that the target object is reflective and the reflected intensity of the object in the direction of the single
pixel detector measured relative to the direction of illumination used in projecting the Fourier base pattern is R(x,
y), and the object image is noted as I(x, y), the relationship
between the object image and the reflected intensity distribution of the object is I(x, y) ∝ R(x, y). The light intensity
of the reflected light obtained from the target object illuminated by the Fourier base pattern P(x, y; fx, fy, φ ) is given by
Eq. 9.

To reconstruct an image with a resolution of M × N pixels without distortion, all M × N Fourier coefficients in its
Fourier spectrum need to be acquired. Since each Fourier
coefficient requires projection of a four-part phase-shifted
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Fourier base pattern, i.e. four measurements are required;
and since the object image is mathematically a real-valued
matrix with conjugate symmetry in its Fourier spectrum,
a total of 2 × M × N measurements are required to acquire
M × N Fourier coefficients. In other words, in the case of
a distortion-free reconstructed image, obtaining the Fourier spectrum of the image using the four-part phase shift
method takes twice as many measurements as the number
of pixels in the reconstructed image, the underlying reason
being that the four-step phase shift method is essentially a
differential measurement.
The image energy is mainly concentrated in the low-frequency part of the Fourier spectrum, while the Fourier coefficients of high frequencies have small or even near-zero
modes. Therefore, the object image can be reconstructed by
projecting only the Fourier base pattern of low spatial frequencies, obtaining the Fourier coefficients of low frequencies and directly setting the coefficients of high frequencies
to zero, thus achieving the goal of fewer measurements.

2.3. Salient Object Detection
The human visual system can quickly acquire information in images, and the dynamic selection ability of the human visual system, called the visual attention mechanism,
plays an important role in the processing of what humans
perceive around them. The visual attention mechanism allows people to quickly and accurately capture the part of
an image that is of most interest, which is called the salient
region as shown in Fig. 1, it is the result obtained after the
salient object detection in the image. For an image, the salient region often contains the most important information
in the image. Normal image processing processes the entire
image, which is a waste of computer computing power and
time, resulting in inefficient image processing. This dynamic selection capability in human vision is introduced into
image processing as salient object detection, which extracts
salient regions from the image and mainly processes the
selected regions, greatly improving the efficiency of image
processing. In many application scenarios in single-pixel
imaging systems, we can save overhead by selecting the appropriate sampling rate according to the task. We choose a
model for salient object detection.

2.4. U2Net Model
Most of today’s salient object detection networks are
based on extracting deep features using a backbone trained
for image classification purposes. In the literature, the method used for salient object detection after single-pixel imaging is the PoolNet network architecture with a ResNet-50
backbone. ResNet-50 is designed for the ultimate purpose
of image classification, and the extracted features represent
the semantic rather than the most important local and global
contrast information for saliency target detection. Instead
of using a pre-trained model for image classification as the
main backbone, the network structure used in this paper
employs a double-layer nested U-shaped structure network
trained from scratch. The specific network model is shown
in Fig. 2.
The network consists of five encoders on the left side,
five decoders on the right side, and one decoder on the bottom side, which are combined in a U-shaped structure, and
there is also a U-shaped structure in each decoder and encoder. The U-shaped structure network in each stage of decoder and encoder is called residual U-block (RSU). RSU
module is shown in Fig. 3, and it consists of three main
parts:
(1) Input convolutional layer: the input feature map is
converted into an intermediate feature map with the number
of channels, which is the ordinary convolutional layer for
extracting local features.
(2) Network-based feature extraction layer: the intermediate feature map is used as the input, and multi-scale
contextual information is extracted through the processing
of the network, which is denoted as the network. There are
parameters controlling the depth of the RSU module; the
larger the RSU layer, the more pooling operations and the
larger the receptive field.
(3) Feature fusion layer: the fusion of local features and
multi-scale features.
For example, in Fig. 3, there are 4, 5, 6, and 7 layers of
RSU modules, respectively. The more layers of the module
used to get a larger receptive field, conversely, the smaller.
Map 1 to Map 6 are the 6 groups of feature maps obtained
by different RSU modules, and they are fused to obtain the
final fused feature maps. Because of the different depths of
the RSU modules, the final fused feature maps contain rich

FIG. 1. Salient object detection.
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FIG. 2. U2Net model architecture.

(a)

(b)

(c)

(d)

(e)

FIG. 3. Residual U-block (RSU) module (a) RSU7, (b) RSU6, (c) RSU5, (d) RSU4, and (e) RSU4F.

global and local information.
The use of a double-layer nested U-shaped structure allows for more efficient extraction of multi-scale features
within each phase and multi-level features in the aggregation phase.

III. SIMULATION STUDY
3.1. Dataset
The dataset used for the training U2Net model in the
experiment is the DUTS dataset reconstructed based on the

Fourier spectrum to obtain the Fourier coefficients, the specific process of image reconstruction based on Fourier basis
is shown in Fig. 4. And the original DUTS [25] dataset contains 10,553 images. We selected some images in the training set with sampling rates of 100%, 25%, 6.25%, 1.56%,
and 0.39% for reconstruction, and the results are shown in
Fig. 5. It was found that when the sampling rate is 100%,
25% and 6.25%, the reconstructed image is relatively clear.
After calculation, it was found that the average time required for the reconstructed image with different sampling
rates is as shown in Table 1. It was found that the time
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FIG. 4. Fourier basis-based image reconstruction process.

FIG. 5. Reconstructed images of partial training set at 100%, 25%, 6.25%, 1.56%, and 0.39% sampling rate.
TABLE 1. Average time (s) required to reconstruct images at
different sampling rates
Sampling Rates 100%
Time (s)

25%

6.25%

1.56%

0.39%

11.3682 2.8137 0.6646 0.1742 0.0493

required to reconstruct the image at 100% and 25% sampling rates is seconds, while the corresponding speed below
6.25% is milliseconds, which greatly saves the overhead of
the single pixel imaging system, but does not significantly
reduce the quality of the reconstructed image.

A total of 21,106 images with sampling rates of 1.56%
and 0.39% were used for the training of the network. The
data and labels used for training are shown in Fig. 6. The
dataset used for testing the significance target detection results is the ECSSD [25] dataset based on the Fourier spectrum to obtain the reconstructed Fourier coefficients. One
thousand images are included in the original dataset, and
sampling rates of 100%, 25%, 6.25%, 1.56%, and 0.39%
are used to form 5 datasets, which are input to the model
for detection. The reconstructed ECSSD dataset is shown in
Fig. 7.
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FIG. 6. Partial training set and labels.

FIG. 7. Partial test set.

3.2. Experimental Parameters
In this scheme, U2Net is used as the model of deep learning. To train the network, the 10,553 images in the DUTS
training set are first converted to grayscale images and
resized to 128 × 128. Then the pre-processed images are
reconstructed by simulated Fourier inverse transform using

Matlab, and the sampling rates are selected as 100%, 25%,
6.25%, 1.56%, and 0.39% to obtain the single-pixel imaging images based on Fourier spectrum acquisition with corresponding sampling rates. In order to save training time,
21,106 reconstructed images of size 128 × 128 pixels with
sampling rates of 1.56% and 0.39% are used to train the
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network in the training phase. We train our network from
scratch, with all convolutional layers initialized by Xavier,
setting the loss weights w(m)
side and wfuse both to 1. We train
our network using the Adam optimizer with its hyperparameters set to default values [initial learning rate lr = 1e-3,
betas = (0.9, 0.999), eps = 1e-8, and weight decay = 0]. We
trained the network until the loss function started to converge, and after 600k iterations (batch 12), the loss function
started to converge during training, and the whole training
process took about 120 hours. The program was run on a
graphics processing unit (NVIDIA GeForce GTX 3060
with 12 GB of video memory), Python version 3.8.2, using
PyTorch 1.8.2.

3.3. Evaluation Indicators
Since the F-measure score and the mean absolute error
(MAE) are common metrics for evaluating the performance
of the saliency target detection model, we give in Table
2 the mean values of max Fβ and MAE for the whole test
object scenario with different sampling ratios. The higher
the F-measure score, the lower the mean value of MAE,
indicating higher accuracy. The F-measure is denoted as Fβ ,
and the expression is Eq. 14:

( + β ) ×  ×  ,          (14)
=
 


Fβ


β ×
 


where Precision = |B∩G|/|B|; Recall = |B∩G|/|G|; B is the
mask generated by binarizing the significance map S with
a threshold; G is the true significance map; and |-| is the accumulation of non-zero terms, and is empirically set to 0.3.
The expression for MAE is Eq. 15.



=


MN

M − N −


  S i j  − Gi j .         (15)
i = j =



3.4. Simulation Analysis
In this paper, a scheme is proposed to perform image
reconstruction based on a Fourier basis, and then train a
saliency target detection model using the reconstructed
pattern as the training set of the model and test it. The feasibility of the scheme is verified by computer simulation.
In the simulation, the theoretical feasibility of the scheme

TABLE 2. In this paper, we use the significance test max
Fβ and mean absolute error (MAE) values of the scheme at
different sampling rates
Sampling Rate 100%

25%

6.25%

1.56%

0.39%

max Fβ

0.4769 0.5011 0.5103 0.8901 0.4911

MAE

0.3457 0.2803 0.2781 0.1137 0.2906



FIG. 8. Results obtained for different sample rate test sets.
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TABLE 3. Comparison of evaluation indexes of three methods
under 1.56% sampling rate
Evaluation Indexes ThisWorks

FIG. 9. Comparison of different significance testing methods
at 1.56% sampling rate.

to obtain Fourier coefficients based on Fourier spectrum for
image reconstruction based on Fourier inversion was verified, and the performance of the trained U2Net model was
observed for the reconstructed input images at 5 different
sampling ratios of 100%, 25%, 6.25%, 1.56%, and 0.39%.
Experimentally, 1,000 images in the ECSSD dataset were
converted to grayscale maps and resized to 128 × 128 as
the test object scenes to be imaged with single pixels. The
test subject scene images were reconstructed at five different sampling ratios of 100%, 25%, 6.25%, 1.56%, and
0.39%. Then 5,000 test reconstructed images of 128 × 128
pixels were divided into five batches according to different
sampling ratios and input to the trained U2Net-based model.
The test results obtained are as in Fig. 8. It was found that
the model obtained in 100% of the cases of the saliency target detection results was not good, and there were also folds
in the edges of the target. The initial judgment is that the
sampling rate of the training set is 1.56% and 0.39%, and
there is a big difference between the images with a 100%
sampling rate and this phenomenon, since 25%, 6.25% and
1.56% have better detection results. A low sampling rate
like 0.39% also gives roughly the region of significance.
Comparing the results obtained from the test with the actual
significance plot and calculating the max Fβ and MAE values shows that the model gives good results for 25%, 6.25%
and 1.56%, with a particularly good performance at 1.56%.
Because of the good performance shown by the model
on the 1.56% test set, the reconstructed images at the 1.56%
sampling rate were compared with other methods using
the saliency target detection scheme in this paper, and we
selected the more classical traditional ITTI method for
saliency target detection, as well as the PoolNet networkbased implementation for saliency target detection used in
the [1]. For the ITTI method, we used reconstructed im-

ITTI

PoolNet

max Fβ

0.8901

0.2331

0.3583

MAE

0.1137

0.2257

0.4412

ages (of size 128 × 128) based on the ECSSD dataset at a
sampling rate of 1.56% as input for testing. In order to have
better comparability with the PoolNet network, we used the
reconstructed images (size 128 × 128) based on the DUTS
dataset at 1.56% and 0.39% sampling rates with a total of
21,106 images as a training set on the network backbone
of ResNet-50, and tested the model obtained with the same
dataset, get the comparison results in Fig. 9. The scheme in
this paper can accurately detect the region of the target, and
the combination of max Fβ value and MAE value in Table 3
also shows that this scheme has good performance that far
exceeds other methods.
It was found that single-pixel imaging based on the Fourier spectrum can get better imaging results. Moreover, the
U2Net network model experimented in this scheme has a
better detection effect for the reconstructed images, and the
model obtained can get better detection results below the
25% sampling rate, although the significant target detection effect is poor at high sampling rates. The best results
are achieved on images with a 1.56% sampling rate. Good
detection results are still obtained at the 0.39% sampling
rate. The detection results of this scheme are superior to the
traditional methods ITTI and deep learning PoolNet model.

IV. CONCLUSION
In this paper, we discussed the implementation of salient
object detection based on single-pixel imaging systems
and proposed a salient object detection scheme based on
Fourier-based reconstructed images and deep learning models. Based on U2Net model, salient object detection is performed on the reconstructed images of under-sampled data.
The proposed scheme shows better detection results as well
as robustness, providing a new idea for single-pixel imaging systems for complex vision tasks. The experimental
results and analysis also demonstrate the good flexibility of
the single-pixel saliency target detection system in adapting to different application requirements. More data can be
measured in some applications such as image segmentation and image synthesis when well-defined boundaries are
required, and more measurements can be reduced in some
applications such as visual tracking and target localization
when only a rough idea of the target’s location and area is
needed. This not only improves the efficiency of the singlepixel imaging system, but also greatly saves the overhead
of the single-pixel imaging system.
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