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Existing three-dimensional (3D) imaging technologies have issues such as requiring active illumination, multiple
exposures, or coding modulation. We propose a passive single 3D imaging method based on an ordinary imaging system.
Using the point spread function of the imaging system to realize the non-coding measurement on the target, the full-focus
images and depth information of the 3D target can be extracted from a single two-dimensional (2D) image through the
compressed sensing algorithm. Simulation and experiments show that this approach can complete passive 3D imaging
based on an ordinary imaging system without any coding operations. This method can achieve millimeter-level vertical
resolution under single exposure conditions and has the potential for real-time dynamic 3D imaging. It improves the
efficiency of 3D information detection, reduces the complexity of the imaging system, and may be of considerable value to
the field of computer vision and other related applications.

Keywords: passive three-dimensional imaging, single exposure, point spread function, compressed sensing
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1. Introduction
Three-dimensional (3D) imaging has wide applications in

many fields, such as autonomous driving, industrial produc-
tion, geographic surveying, and life sciences.[1–3] Based on
types of light-source and the corresponding working princi-
ples, it can be divided into active and passive imaging. Ac-
tive imaging is the mainstream 3D imaging technology and
includes LiDAR, 3D holographic imaging, and structured light
imaging. However, it cannot satisfy the imaging of low reflec-
tive and self-luminous targets, whereas passive imaging tech-
nology is not limited by specific target scenes. Various pas-
sive 3D imaging methods have already been proposed, such as
multi-camera 3D imaging,[4] monocular 3D imaging based on
a convolutional neural network,[5] and 3D imaging based on
optical coding.[6–9] Monocular passive 3D imaging technolo-
gies have made considerable progress in recent years. How-
ever, most of them require multiple exposures[2] and cod-
ings, which makes the system relatively complex, and a large
amount of computation and storage space is required for the al-
gorithm execution.[10] This decreases the measurement speed
and cannot meet requirements of real-time dynamic imaging.
Thus, the exploration of an efficient, low-data volume, and
simplified passive imaging method based on single exposure

is currently an urgent problem to be solved.
In recent years, compressed sensing (CS)[11–15] has be-

come a hotspot in the application of image fields.[10,16,17]

CS is a signal acquisition theory that breaks the require-
ments of the Nyquist sampling theorem and can recover
most of the original signal under subsampling conditions.
With the advent of single-pixel cameras,[18] CS imaging
has been researched in depth, including single-photon CS
imaging,[19] CS LiDAR,[20,21] and CS imaging combined with
deep learning.[22] CS has also enabled considerable progress
in multi-dimensional imaging, such as spectral imaging,[23–25]

3D imaging,[2,26] and high-speed video imaging.[27–29]

In terms of 3D information reconstruction, Sun et al. used
illumination coding in combination with a multi-angle single-
pixel detector to collect information on objects and calculated
3D information using the surface gradient method.[30] Yuan
et al. proposed an efficient reconstruction algorithm based
on single exposure coding full-focus clear images and depth
maps.[31] Li et al. used a 3D point spread function (PSF) in
optical microscopy to perform fast and accurate imaging of
small samples.[32] Although the above 3D imaging schemes
have achieved high image quality, limitations such as system-
specific light source dependence, non-single exposure, and
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multiple coding still exist.
This work proposes a 3D imaging method based on CS,

which uses an ordinary two-dimensional (2D) imaging sys-
tem to establish a 3D imaging method based on passive de-
tection under the condition of single exposure. This method
compresses multi-dimensional depth data into a 2D plane, the
point spread function (PSF) of the system is used to recon-
struct the 3D information of the target from the detected 2D
image. Thus, the ordinary 2D imaging system has 3D imaging
capabilities. In this work, the relationship between the PSFs
of the system and the 2D intensity detection results is theoret-
ically analyzed. Then, the reconstruction measurement matrix
is constructed, and the compressive imaging algorithm is com-
bined with 3D information reconstruction to achieve 3D infor-
mation measurement without coding. Simulation and experi-
ments have shown that this method helps to obtain 3D infor-
mation under the conditions of ordinary 2D detector, and can
achieve millimeter-level vertical resolution under the condi-
tions of single exposure and passive detection. This promotes
the development of 3D imaging systems towards miniaturiza-
tion, simplification, and real-time dynamic imaging.

The remainder of this paper is organized as follows: Sec-
tion 2 introduces the theoretical method of 3D information re-
construction based on an ordinary imaging system. In Sec-
tion 3, the design of simulated PSFs is proposed and results
from numerical simulations are presented. In Section 4, an ex-
perimental system set to demonstrate the passive 3D imaging
effect of single exposure based on compressed sensing is re-
ported. In this section, the experimental system is calibrated
and the experimental results are discussed in detail. The main
conclusions of the study are summarized in Section 5.

2. Theoretical method
An ordinary imaging system with a 3D target is shown in

Fig. 1. According to the basic principle of an imaging system,
a target becomes a clear image at the plane that satisfies the
lens imaging formula and a blurred image at the defocus state.
The blurring degree of the image is related to the distance from
the target to the imaging plane, which can be quantitatively
described by the convolution of the original target information
and the PSF of the corresponding depth. Therefore, the PSF
has a linear coding effect on the target. For 3D target scenes,
information from the target at multiple depths is imaged by
an optical system and linearly superimposed on the detector
plane to form a 2D aliased image. The intensity of every im-
age pixel is connected with the original target information at
different depths by the 3D PSFs of the system. This imaging
process can be expressed by

𝐼(x) =
N

∑
n=1

𝐻n(x′,x)𝑡n(x′), (1)

𝐻n(x′,x) = ℓ[PSFn⊗𝐸x′ ], (2)

where 𝑡n(x′) represents the 3D target with a spatial coordinate
of x′, n is the n-th depth layer of the target, N is the total num-
ber of depth layers that need to be reconstructed, 𝐼(x) is the
image intensity received by the detector with a spatial coor-
dinate of x, 𝐻n(x′,x) represents the optical transmission rela-
tionship of the imaging system at the n-th depth, which is the
sub-measurement matrix of the current depth, PSFn is the PSF
of the imaging system at the n-th depth, ⊗ represents the con-
volution operation, 𝐸x′ is a matrix with the same size as one
layer of the target and the element value is 1 only at x′, and ℓ

refers to the operation of reshaping a matrix into one row and
merging different rows.

Illumination source

3D target

3D image

Image system

CCD

CS reconstruction

tn (x' )
Hn (x',x) I (x)

Fig. 1. Single exposure 3D imaging technology based on compressed
sensing.

I

H1 H2

H

Hn

tn

t

t1

t2

Fig. 2. Schematic of the 3D-imaging matrix relationship for single ex-
posure under ideal conditions. The rectangular area in the upper left
corner is the convolution diagram of the PSF on different target pixels.

From Eq. (2), after the PSFs are determined, the measure-
ment matrix of the whole system is constructed via a convolu-
tion calculation. Further expanding Eq. (2) (from the perspec-
tive of pixels) can provide the diagram of the imaging system
matrix. The rectangular area in the upper left corner of Fig. 2
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is the convolution diagram of the PSF on different target pix-
els. The PSF matrix is called the convolution kernel and is
used to construct the current depth measurement matrix. The
diffusion processes for different center pixels can be consid-
ered as the translation of the convolution kernel. According to
the diffusion range (i.e., the red rectangular area at the upper
left corner of Fig. 2), one row of the sub-measurement ma-
trix can be obtained. After convoluting all pixels x′ in the 3D
space, multiple 𝐻n can be horizontally merged to obtain the
overall measurement matrix 𝐻 . Figure 2 shows the imaging
relationship diagram of the system from the pixel perspective.

𝐻1, 𝐻2, and 𝐻n are the sub-measurement matrices of each

depth, and they construct the overall measurement matrix 𝐻

via horizontally merging.

As can be observed from Eq. (2) and Fig. 2, when the

image size of each depth is Q×Q, the image size of the sub-

measurement matrix 𝐻n(x′,x) at that depth is Q2×Q2. As-

suming a reconstructed depth layer number of N, the overall

measurement matrix 𝐻 is Q2× (Q2×N) with a sampling rate

of 1/N. The following equation can be obtained by digitizing

the graphical description shown in Fig. 2:

𝐻1(1,1) . . . 𝐻1(1,q)
...

. . .
...

𝐻1(q,1) · · · 𝐻1(q,q)

𝐻2(1,1) . . . 𝐻2(1,q)
...

. . .
...

𝐻2(q,1) · · · 𝐻2(q,q)

· · ·
𝐻n(1,1) . . . 𝐻n(1,q)

...
. . .

...
𝐻n(q,1) · · · 𝐻n(q,q)





𝑡1(1)
...

𝑡1(q)
𝑡2(1)

...
𝑡2(q)

...
𝑡n(1)

...
𝑡n(q)



=

𝐼(1)
...

𝐼(q)

 , (3)

where q = Q2 is the total number of pixels of the image at
each depth. Using the known values of 𝐻 and 𝐼 , the original
information of images at different depths can be obtained by
solving the equations based on the CS algorithm. Thus, we can
use the ordinary imaging system to obtain a 2D aliased image
and reconstruct the information of 3D targets. In the CS, the
object information is reconstructed by solving the following
optimization problems:

min
𝑡

TV(𝑡), s.t. 𝐼 =𝐻𝑡, (4)

where TV(𝑡) is the total variation of 𝑡. In this work, we apply
total variation minimization using the augmented Lagrangian
and alternating direction algorithms (TVAL3)[33] and the spar-
sity of the 3D objects gradient to solve Eq. (4).

3. Simulation
We first validate the feasibility of the 3D information re-

construction method by simulation. The image size in this
simulation is 64×64 pixels, and the number of depth layers to
be reconstructed is N = 3. Therefore, the size of the generated
measurement matrix 𝐻 is 4096× (4096× 3). In the simula-
tion process, we assume the condition of paraxial approxima-
tion, and the system PSF in the same depth plane has linear
shift invariance. According to the properties of lens imaging
and the Fresnel diffraction formula, the transfer function of the

system is calculated as follows:

Ui(xi,yi) =
1

λ 2d0di
exp
[
j

k
2di

(xi
2 + yi

2)
]∫∫∫∫

U0(x0,y0)

×P(ξ ,η)exp
[
j
k
2

( 1
d0

+
1
di
− 1

f

)
(ξ 2 +η

2)
]

× exp
[
j

k
2d0

(x0
2 + y0

2)
]

exp
[
− j

2π

λd0
(x0ξ + y0η)

]
× exp

[
− j

2π

λdi
(ξ xi +ηyi)

]
dx0 dy0 dξ dη , (5)

where Ui(xi,yi) is the intensity value at (xi,yi) of the image
plane, U0(x0,y0) is the intensity value of the target at (x0,y0),
λ is the wavelength of the incident light, d0 is the object dis-
tance, di is the image distance, P(ξ ,η) is the pupil function, f
is the focal length of the lens, j is the complex factor, and k is
the wave number, with k = 2π/λ .

The PSF of an optical system can be considered as the im-
age when imaging a point target at a particular depth. By tak-
ing the parameters x0 and y0 in Eq. (5) to be zero, the quadru-
ple integral can be simplified to a double integral

Ui(xi,yi) =
1

λ 2d0di
exp
[
j

k
2di

(x2
i + y2

i )
]∫∫

P(ξ ,η)

× exp
[
j
k
2

( 1
d0

+
1
di
− 1

f

)
(ξ 2 +η

2)
]

× exp
[
− j

2π

λdi
(ξ xi +ηyi)

]
dξ dη . (6)
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According to Eq. (6), the PSFs of the imaging system at
different object distances can be obtained via numerical in-
tegration. The PSFs of the imaging system at any depth are
isotropic, therefore the main elements of the measurement ma-
trix are axisymmetric with the diagonal of the matrix, as shown
in Fig. 2. Using the simulated PSFs and the original images
for the convolution operation, the original images at different
depths are blurred to different degrees, and the 2D detection
images of targets at different depths can be simulated. The
linear superposition of detection images at different depths is
equivalent to the single exposure effect for 3D targets. Then,
the 3D information is reconstructed by using the CS algorithm
TVAL3.

(a)

(b)

(c)

d01

d01

d02

d03

d02 d03 

Fig. 3. Simulation results of the single exposure 3D information recon-
struction. (a) PSFs at different depths; (b) measurement matrix. For
convenience, only part of the sub measurement matrices 𝐻1, 𝐻2, and
𝐻3 are displayed. (c) Original clear images of three depth point targets
(left), and the 2D aliased image obtained by the imaging system (right).
The three target imaging results are normalized individually.

Figure 3 shows the simulation results of the imaging pro-
cess of several point targets at different depths. The size
of the selected convolution kernel is 19× 19. It is assumed
that the detector can measure information from a single pixel
at any depth within the pixel size of 19× 19. Figure 3(a)
shows the PSFs corresponding to different depths, calcu-
lated with Eq. (6). The simulation selects object distances
d01 = 99.6 mm, d02 = 100 mm, d03 = 100.6 mm, image dis-
tance di = 100 mm, lens focal length f = 50 mm, wave-
length λ = 540 nm, lens aperture is 10 mm, and pupil function
P(ξ ,η) = 1. Figure 3(b) shows the measurement matrix con-
structed according to Fig. 3(a). For convenience, only parts of
the sub-measurement matrices 𝐻1, 𝐻2, and 𝐻3 are displayed.
The left side of Fig. 3(c) shows the original clear images of the
point targets at different depths, and the right side shows the

actual 2D imaging result of the imaging system. In the simu-
lations, 1% noise is added to the detected image.

(a) (b) (c)

Fig. 4. Simulation results of the reconstruction of point targets at dif-
ferent depths. (a)–(c) Results of 3D reconstruction of simulation image
on the right side of Fig. 3(c) using the TVAL3 algorithm with the ver-
tical positions of d01 = 99.6 mm, d02 = 100 mm, and d03 = 100.6 mm,
respectively.

Figure 4 shows the 3D information reconstruction re-
sults, from which the point targets with different depths can
be clearly distinguished from the 2D aliased imaging result.
In this study, the peak signal-to-noise ratio (PSNR) is used
to evaluate the imaging quality. For two monochrome images
with a size of m×n, the PSNR is typically defined by the mean
square error (MSE):

MSE =
1

mn

m−1

∑
i=0

n−1

∑
j=0

[
𝑧(i, j)−𝑧0(i, j)

]2
, (7)

PSNR = 10log10

(MAXI
2

MSE

)
= 20log10

(MAXI√
MSE

)
, (8)

where 𝑧 and 𝑧0 are the reconstructed image and the original
image, respectively, with coordinates of (i, j), and MAXI is
the maximum value of the image, which is 255 in our simula-
tion. Using Eqs. (7) and (8), the reconstructed PSNRs of the
three point targets are calculated to be 137.33 db, 153.76 db,
and 91.93 db, respectively. This result shows that the single
exposure 3D imaging scheme based on CS can achieve clear
localization and high-quality reconstruction of point targets at
different depth positions.

(a) (b) (c) (d)

Fig. 5. Simulation results of 3D reconstructions of binary letter tar-
gets at different depths. (a) Single exposure 2D imaging result; (b)–(d)
3D reconstruction results of the simulation image (a), with the verti-
cal positions of d01 = 99.6 mm, d02 = 100 mm, and d03 = 100.6 mm,
respectively.

Figure 5 shows the simulation results of 3D reconstruc-
tions of binary letter targets at different depths. The imaging
targets are the letters C, A, and S, and their distances from
the imaging system are d01, d02, and d03, respectively. The
PSFs are the same as those in Fig. 3(a). Figure 5(a) shows
the 2D aliased image obtained by the imaging system with 1%
noise added. Figures 5(b)–5(d) show the reconstructed results
at the three depths, and the PSNRs are 29.87 db, 41.78 db,
and 28.16 db, respectively. It can be observed that for binary
image targets, the reconstruction can still achieve satisfactory
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results. Therefore, 3D information reconstruction algorithms
and schemes based on CS can achieve both high-quality po-
sitioning of point targets and high-precision reconstruction of
complex images at different depths.

(a) (b) (c) (d)

Fig. 6. Simulation results of 3D reconstructions of grayscale letter tar-
gets with grayscale values changing linearly from top to bottom be-
tween 0 and 255: (a) 2D aliased image; (b)–(d) reconstruction results at
the positions of +8 mm, 0 mm, and +19 mm, respectively.

To further verify the 3D imaging ability, we study the
imaging effect for multi-depth and multi-level grayscale let-

ter targets. The grayscale letters C, A, and S at depths of
d01 = 99.6 mm, d02 = 100 mm, d03 = 100.6 mm, are used,
and the grayscale values of each letter change linearly from
top to bottom between 0 and 255. The reconstruction results
are shown in Fig. 6. Figure 6(a) gives the 2D aliased image
obtained by the simulated PSFs. Figures 6(b)–6(d) show the
reconstruction results with different depths. It can be seen
that the grayscale changes of the letters are accurately recon-
structed. The PSNRs of the reconstructed grayscale images
are 36.51 db, 42.30 db, and 34.82 db, respectively. These re-
sults confirm that the 3D imaging method depending on the
ordinary imaging system has good universality, and can com-
plete the acquisition and reconstruction of 3D information for
grayscale objects without coding.

Table 1. Reconstructed PSNRs and times corresponding to PSFs of different sizes.

PSF 5×5 7×7 9×9 11×11 13×13 15×15 17×17 19×19
PSNR1 25.52 28.48 30.75 30.65 30.45 31.09 32.20 29.87
PSNR2 39.80 39.96 39.95 41.15 40.58 41.13 40.66 41.78
PSNR3 19.90 27.46 27.33 29.18 28.58 28.29 29.69 28.16
Time (s) 28.36 35.82 38.69 39.06 39.91 39.96 40.65 42.70

During the simulation, we found that the selection of the
PSF sizes would affect the construction of the measurement
matrix and the overall reconstruction quality. Under the con-
dition of consistent computing resources, the selection of the
PSF size would also have a certain impact on the reconstruc-
tion time. We change the size of the PSFs in Fig. 3(a) and
compare the corresponding imaging qualities to explore the in-
fluence of this on the reconstruction quality and to obtain the
optimal PSF range. The simulation uses a PSF of 19×19 pix-
els to blur the original letter target, and then constructs mea-
surement matrices with PSF sizes of 5×5 to 19×19 pixels to
reconstruct the image, and studies the PSNRs and reconstruc-
tion times. The simulation data are listed in Table 1.

In Table 1, PSNR1, PSNR2, and PSNR3 characterize the
reconstruction performance of targets before, on, and after the
focal plane, respectively. It can be observed that within a cer-
tain range, changing the PSF size has no clear impact on the
reconstruction results. Compared to the PSFs of the large area,
the PSFs of the small area applied to the 3D reconstruction
will degrade the PSNR of the image. This is due to the lack
of edge information on the relevant PSF, resulting in a devi-
ation between the accurate measurement matrices and those
actually used. Therefore, the size of the PSFs should be as
large as possible within the allowable range of the image size
to include all the diffusion information. As shown in the last
row of Table 1, the reconstruction time is positively correlated
with the size of the PSF. Therefore, it is necessary to compre-
hensively consider the matching relationship between PSF size
and reconstruction quality, reconstruction time and computing
resources, and select the appropriate size of PSFs to find the

best reconstruction scheme.

4. Experimental results and discussion
4.1. System calibration

In this section, we verify the 3D imaging scheme exper-
imentally. According to the proposed 3D imaging principle,
obtaining the measurement matrices at different depths in ad-
vance is necessary to reconstruct the 3D image information.
From the above reconstruction relationship, it can be seen that
the reconstruction quality of the system depends on the ac-
curacy of the measurement matrix at different depths, which
is the core of 3D information reconstruction, and its perfor-
mance is determined by the PSFs at the corresponding depths.
In order to obtain the most realistic experimental PSFs and to
improve the performance of the experimental 3D imaging sys-
tem, we first obtained the most realistic 3D PSFs of the system
through optical calibration to build the measurement matrix. It
should be emphasized that the calibration process is performed
before imaging, and therefore will not affect the imaging speed
performance of this single exposure 3D imaging method.

The calibration system is shown in Fig. 7. It consists of
a charge-coupled device (CCD, GEV-B1620M-TC000) with a
pixel size of 7.45 µm, an optical combination lens with focal
length of 41 mm and an effective aperture of 3.2 mm, an LCD
display, a millimeter-level electric displacement platform, and
a computer. The PSF at a particular distance can be obtained
by imaging a single pixel highlight point target with the imag-
ing system. In the calibration process, the LCD display ex-
hibits a white single-pixel highlight to generate a point target
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with a size of 78 µm, and it forms an image on the CCD with
a size of approximately 16× 16 pixels when the LCD is on
the focal plane of the imaging system. In the calibration and
subsequent imaging process, 8× 8 CCD pixels are combined
into one pixel to generate a more ideal PSF. During the exper-
imental calibration process, we moved the highlight point tar-
get on the electric displacement platform in 1 mm step within
the range of 27–71 mm. When it reaches the specified posi-
tion, the exposure of the point target at the current depth is
taken to obtain the speckle image at that depth, which is the
experimental PSF of the system at the current depth. To facil-
itate comparison, the focal plane position is defined as 0 mm,
and the direction from the focal plane away from the imaging
system is a positive distance, while the opposite direction is a
negative distance.

CCD

PC

Lens

LED display

Electric displacement platform

Fig. 7. Experimental calibration system.

(a) (b) (c)

Fig. 8. Calibration results of PSFs, at positions +8 mm (a), 0 mm (b),
and +19 mm (c).

Figure 8 shows the PSFs calibration results of the point
target at three different depths of 5 mm, 41 mm, and 60 mm,
and at the relative positions of +8 mm, 0 mm, and +19 mm,
respectively. The PSFs are used as the convolution kernel to
construct the measurement matrix for each depth. We notice
that the measured PSFs are not uniformly diffused. There are
two main reasons for this. One is that the point target dis-
played by the LCD is not exactly on the optical axis. The
other is that we cannot strictly ensure that the motion direction
of the electric displacement platform and the imaging system
are coaxial. The combined effect will affect the quality of the
measurement matrix to a certain extent.

To investigate the performance of the real imaging sys-
tem, we perform the simulation described in Section 3 again
with the calibrated PSFs. According to the calibration data,
the measurement matrix is constructed using a PSF with a size
of 19×19 pixels. The 3D targets are the letters C, A, and S lo-
cated at +8 mm, 0 mm, and +19 mm, respectively. Figure 9(a)
shows the simulated 2D imaging result. The 3D reconstruc-
tion results are shown in Figs. 9(b)–9(d), from which we can
see that the 3D target information at different depths can be

clearly reconstructed into three planes. The PSNRs of the re-
constructed images are 30.75 db, 41.25 db, and 26.02 db, re-
spectively. In the practical experiments, ideal PSFs cannot be
easily obtained. However, the 3D reconstruction results of the
targets are not significantly affected by this. This shows that
the measurement matrix constructed by calibrated PSFs satis-
fies the requirement of CS theory and can be used to achieve
high-quality 3D information reconstruction.

(a) (b) (c) (d)

Fig. 9. Reconstruction results of binary letter targets using calibrated
PSFs with depths of +8 mm, 0 mm, and +19 mm: (a) 2D aliased im-
age, (b)–(d) reconstruction results.

(a) (b) (c) (d)

Fig. 10. Reconstruction results of grayscale letter targets using cali-
brated PSFs with depths of +8 mm, 0 mm, and +19 mm: (a) 2D aliased
image, (b)–(d) reconstruction results.

In order to reflect the imaging ability of the experimen-
tal system for grayscale targets, we use the experimental PSFs
shown in Fig. 8 to simulate the imaging for grayscale letter
targets. The grayscale letters C, A, and S are located at depths
of +8 mm, 0 mm, and +19 mm, respectively. The recon-
struction results are shown in Fig. 10. Figure 10(a) is the 2D
aliased image obtained by using the experimental PSFs. Fig-
ures 10(b)–10(d) are the reconstruction results, of which the
PSNRs are 35.29 db, 44.71 db, and 31.86 db, respectively.
These results confirm that the 3D imaging method can have
good reconstruction performance for complex grayscale ob-
jects in the real experiment.

4.2. Experiments

After the calibration of the system PSFs, the imaging of
actual objects is performed. The experimental imaging system
is shown in Fig. 11. We also use the LCD display to show
images as the objects to be tested to ensure that the imaged
objects are accurately aligned with the calibration position.
During the experiment, the letters C, A, and S are displayed
on the LCD display at different depths, and then exposed by
a CCD to obtain a 2D aliased image of the letter targets at
multiple depths. There are two cases of focus position in this
study, which are discussed as follows: The condition wherein
the defocused objects are on the same side of the focal plane
is defined as a unidirectional defocus state, and the condition
wherein the defocused objects are on opposite sides of the fo-
cal plane is defined as a bidirectional defocus state. We con-
ducted the four experiments given in Table 2 for different de-
focus conditions and position states.
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Table 2. Four different experimental defocus states.

Experimental defocus states Depths of C Depths of A Depths of S
(1) Unidirectional non-equidistant +8 mm 0 mm +19 mm
(2) Bidirectional non-equidistant −11 mm 0 mm +19 mm

(3) Unidirectional equidistant 0 mm +3 (+4) mm +6 (+8) mm
(4) Bidirectional equidistant −5 (−14) mm 0 mm +5 (+14) mm

CCD

PC

Lens

3D target

Electric displacement platform

Fig. 11. Experimental imaging system.

Figure 12 shows the results of experiments 1 and 2,
and the 2D imaging results are shown in Figs. 12(a) and
12(e). From the reconstruction results in Figs. 12(b)–12(d) and
Figs. 12(f)–12(h), it can be observed that the 3D images were
reconstructed using the CS algorithm, which can clearly sep-
arate letter targets at different depths and achieve almost full-
focus reconstruction. This demonstrates that our proposed 3D
imaging system and reconstruction method can achieve very
satisfactory imaging performance in both unidirectional and
bidirectional non-equidistant defocus states.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 12. The blurred images and reconstruction results of experiments 1
and 2. [(a), (e)] Images obtained in experiments 1 and 2. [(b)–(d), (f)–
(h)] Reconstruction results. In experiment 1, the positions of the letters
C, A, and S are +8 mm, 0 mm, and +19 mm, respectively. In experi-
ment 2, the positions are −11 mm, 0 mm, and +19 mm, respectively.

Figure 13 shows the 3D reconstruction results under uni-
directional equidistant defocus of experiment 3. The fixed let-
ter C is located at 0 mm, and distances of C–A and A–S vary
equally from +3 mm to +8 mm. The first column in the figure
is the 2D aliased images obtained by a single exposure, and
the second to fourth columns correspond to the reconstruction
results of different depth information. It can be seen that the
reconstruction quality improves as the distance between ad-
jacent depths increases. When the distance between adjacent
depths is 3 mm, the reconstruction is unideal. At a distance
between adjacent depths of 4 mm, the 3D imaging method de-

scribed in this study can achieve excellent visual reconstruc-
tion results, confirming that its vertical resolution can reach
millimeter level in the unidirectional equidistant defocus state
and it has strong imaging ability.

Depths
(mm)

2D aliased
images

Reconstruction
results of C

Reconstruction
results of A

Reconstruction
results of S

(a)
(0/+3/+6)

(b)
(0/+4/+8)

(c)
(0/+5/+10)

(d)
(0/+6/+12)

(e)
(0/+7/+14)

(f)
(0/+8/+16)

Fig. 13. Reconstructed images of experiments in the unidirectional
equidistant defocus state of experiment 3. The distances of C–A and
A–S vary equally from +3 mm to +8 mm, respectively.

Experiment 4 verified the imaging ability under the bidi-
rectional equidistant defocus state. The 2D imaging results are
revealed in Figs. 14(a) and 14(e), with the defocus distances
of ±5 mm and ±14 mm, respectively. The 3D reconstruction
results are shown in Figs. 14(b)–14(d) and Figs. 14(f)–14(h).
When the defocus distance is ±5 mm, the reconstructed 3D
image quality is unideal. In the state of short-spacing bidi-
rectional equidistant defocus, there is crosstalk in the PSFs at
different depths, which hinders the information separation of
3D targets at different depths. When the defocus distance is
increased to ±14 mm, the reconstruction can complete the 3D
information separation of the targets at different depths. From
this experiment, it can be concluded that the imaging system
can achieve a vertical resolution of 14 mm in the bidirectional
equidistant defocus state.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 14. Reconstructed images of experiments in the bidirectional
equidistant defocus state: [(a), (e)] 2D images acquired in experiment
4, [(b)–(d), (f)–(h)] reconstruction results. The positions of the letter A
in the two experiments are both 0 mm, while those of the letters C and
S in the two rows are ±5 mm and ±14 mm, respectively.

4.3. Average correlation coefficient and vertical resolution

Figure 15 shows the PSFs at depths of 0 mm,±5 mm, and
±14 mm. We can see that in the state of bidirectional equidis-
tant defocus, the PSFs of the optical system exhibit similarity
at symmetrical positions relative to the focal plane, as shown
in Figs. 15(a) and 15(c) or Figs. 15(d) and 15(f). In this situa-
tion, the characteristic difference between the PSFs is unclear,
which significantly affects the performance of the measure-
ment matrix and makes it hard to accurately complete the re-
construction of 3D information at different depths. This is an
important reason for the difficulty of 3D reconstruction in the
bidirectional equidistant defocus state.

Additionally, it can be observed from Fig. 15 that there
are differences in the radii of these PSFs at different depths.
The reconstruction results in Fig. 14 show that in the bidi-
rectional equidistant defocus state, the larger the PSF radius
difference, the greater the reconstruction accuracy.

In this work, we found that the similarity of PSFs between
different depths affects the performance of 3D information re-
construction, and this similarity can be measured using the

correlation coefficient ρ(𝐴,𝐵),

ρ(𝐴,𝐵) =
cov(𝐴,𝐵)

σ𝐴σ𝐵
, (9)

where cov(𝐴,𝐵) is the covariance of the matrices 𝐴 and 𝐵,
and σ𝐴 and σ𝐵 are the standard deviations of the matrices
𝐴 and 𝐵, respectively. Since this work involves 3D recon-
struction of multiple depth information, there will be multiple
correlation coefficients between PSFs. We use the average cor-
relation coefficient (ACC) between PSFs at multiple depths to
measure the performance of the 3D information reconstruc-
tion system. Calculating the correlation between PSFs at dif-
ferent depths is equivalent to the traditional method of directly
examining the correlation of the measurement matrix, as the
measurement matrix used for 3D information reconstruction
is generated by PSFs at different depths. This method signif-
icantly reduces the computational complexity as the scale of
the PSF is much less than that of the measurement matrix.

(a) (b) (c)

(e) (f) (g)

Fig. 15. PSFs under the bidirectional equidistant defocus state at dif-
ferent depths: [(a)–(c)] PSFs at depths of −5 mm, 0 mm, and +5 mm,
[(d)–(f)] PSFs at depths of −14 mm, 0 mm, and 14 mm.

Table 3. Calculation of the ACC of PSFs between different depths in the four experiments.

Depths (mm) PSF1–PSF2 PSF2–PSF3 PSF1–PSF3 ACC
+8/0/+19 0.4235 0.2398 0.7663 0.4765
−11/0/+19 0.3735 0.2398 0.7968 0.4700
0/+3/+6 0.9601 0.5865 0.5119 0.6862
0/+4/+8 0.5955 0.8329 0.5688 0.6657

0/+5/+10 0.5662 0.6321 0.4394 0.5459
0/+6/+12 0.5119 0.7569 0.4235 0.5641
0/+7/+14 0.5718 0.6538 0.3191 0.5149
0/+8/+16 0.5688 0.6387 0.2825 0.4967
−5/0/+5 0.7854 0.5662 0.5690 0.6402
−14/0/+14 0.2767 0.3191 0.9480 0.5146

Table 3 shows the calculation of the ACC of PSFs be-
tween three different depths in the four experiments, which
are in good agreement with the reconstruction results given
above. For the same defocus states, combined with the experi-
mental reconstruction results, we found that a larger ACC will
degrade the reconstruction quality, which further demonstrates

that the ACC can be used to evaluate the overall ability of the
system to reconstruct 3D information.

In the experiment, we investigated the relationship be-
tween the ACC and the distance of adjacent depths in both uni-
directional and bidirectional equidistant defocus states. The
results are shown in Fig. 16, in which the star points are the
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calculated results, and the blue lines are the fitting curves. As
can be analyzed, under the conditions of unidirectional and
bidirectional equidistant defocus, the ACC of the system ex-
hibits a monotonic characteristic as the distance between ad-
jacent depths increases. Combining the 3D reconstruction re-
sults in Figs. 13 and 14, it can be concluded that the recon-
struction performance of the system becomes better as the
ACC between the PSFs of different target depths decreases.
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Fig. 16. The variation relationship between the average correlation
coefficient (ACC) of PSFs and the distance of adjacent depths in the
equidistant defocus state: (a) unidirectional equidistant defocus state,
(b) bidirectional equidistant defocus state.

From the reconstruction results, we observe that in the
bidirectional equidistant defocus state, the ideal reconstruction
effect cannot be achieved until the defocus distance reaches
about 14 mm. At this time, the ACC of the PSFs is 0.51.
However, in the unidirectional equidistant defocus state, the
vertical resolution of the system can reach 4 mm, with the
ACC of the PSFs being 0.67. Based on the above experimen-
tal comparison, it can be estimated that in the bidirectional
equidistant defocus state, the ideal reconstruction quality re-
quires ACC less than 0.5, while in the unidirectional equidis-
tant defocus state, the demand is relaxed to less than 0.7. From
the above results, it can be seen that the imaging system in
this work can achieve excellent imaging performance under
non-equidistant, unidirectional equidistant, and long-spacing
bidirectional equidistant defocus states; and the performance
needs to be further improved under the condition of short-
spacing bidirectional equidistant defocus state.

5. Conclusion

This work proposes a single exposure 3D information re-
construction method based on CS theory, which can achieve
passive localization and high-quality reconstruction of 3D tar-
get information from intensity aliased information measured
by an ordinary 2D imaging system without coding. We have
verified the effectiveness of the 3D imaging scheme through
simulations and experiments. This method combines the com-
pression sampling ability of CS and the sparse characteristics
of 3D targets, utilizes the system measurement matrix gener-
ated by calibrated PSFs and the optimization algorithm pro-
posed in this work to achieve millimeter-level vertical resolu-
tion.

It is generally considered that a 2D image obtained by
an ordinary imaging system without a coding template will
lose its depth information. However, the method proposed
in this study can reconstruct the blurred 2D aliased image to
nearly a full-focus state and separate the 3D target into dif-
ferent depths. Compared with the existing 3D imaging sys-
tems, the proposed method does not rely on the active light
source and frequently used coding mask, and simplifies the tra-
ditional 3D detection process from multiple coding sampling
to a single exposure sampling without coding. Therefore, this
method overcomes the limitations of complex equipment, light
source dependence, active coding, and the slow imaging speed
of traditional 3D imaging systems, and promotes the develop-
ment of 3D imaging systems toward miniaturization, simpli-
fication, and real-time dynamic imaging. The needed optical
system has no special restriction on application scenarios or
imaging distances. We believe it could play an important role
in many related applications such as microscopic imaging or
long-distance remote sensing.

The vertical resolution of our method is highly related to
the 3D PSFs of the optical system, which is decided by the
aperture design, aperture size, and focal length. The ordinary
simple optical apertures may not be the best choice because of
the high similarity between PSFs of adjacent depths. To fur-
ther improve the vertical resolution, our future work will focus
on optimizing the aperture of the imaging system to reduce the
ACC of the PSFs and seeking more effective algorithms, such
as utilizing deep learning technology. Another issue to be re-
solved is that as the reconstructed depth number increases, the
sampling rate decreases, and the performance of imaging qual-
ity and reconstruction speed will be affected. Therefore, fur-
ther optimization of the reconstruction algorithm can be per-
formed, for example, utilizing 3D information correlation of
continuous targets to increase the data sparsity and developing
parallel block reconstruction algorithm to reduce the recon-
struction complexity.
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