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Abstract: For the demand for long-range and high-resolution target reconstruction of slow-
moving small underwater targets, research on single-photon lidar target reconstruction
technology is being carried out. This paper reports the sequential multimodal underwater
single-photon lidar adaptive target reconstruction algorithm based on spatiotemporal
sequence fusion, which has strong information extraction and noise filtering ability and
can reconstruct the target depth and reflective intensity information from complex echo
photon time counts and spatial pixel relationships. The method consists of three steps: data
preprocessing, sequence-optimized extreme value inference filtering, and collaborative
variation strategy for image optimization to achieve high-quality target reconstruction
in complex underwater environments. Simulation and test results show that the target
reconstruction method outperforms the current imaging algorithms, and the built single-
photon lidar system achieves underwater lateral and distance resolution of 5 mm and
2.5cm@6AL, respectively. This indicates that the method has a great advantage in sparse
photon counting imaging and possesses the capability of underwater target imaging under
the background of strong light noise. It also provides a good solution for underwater target
imaging of small slow-moving targets with long-distance and high-resolution.

Keywords: ocean; optical detection; slow-moving small targets; single-photon lidar;
target reconstruction

1. Introduction
With the deepening of ocean exploration, long-range and high-resolution imaging of

small targets has become the basic technology to support many other ocean exploration
techniques and has received great attention [1–7]. Traditional optical detection methods
suffer from light attenuation and low contrast in the underwater imaging environment,
leading to image quality degradation [8–10]. Current mainstream acoustic detection faces
limitations of acoustic wave propagation speed and resolution, as well as problems of
signal attenuation and distortion caused by the non-uniformity of seawater medium, which
reduces the reliability and practicability [11–13]. The emergence of single-photon lidar
provides a new way for underwater detection [14–17], which becomes an effective way
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to solve the problem of detecting targets in low-light and high-light attenuation intensity
environments, and has aroused extensive research interests.

As the key influencing factors of single-photon lidar, the iteration of imaging algo-
rithms and the improvement of hardware systems complement each other. At present, in
the field of single-photon lidar development, many researchers and scholars have made
good achievements in the hardware system [15,18–23]. However, in practical applications,
photon-level detection sensitivity brings about an improvement in detection capability,
while noise-induced photon events also cause a problem of increased noise points and
bring about randomness of detection, coupled with a lack of information caused by severe
optical attenuation. This interferes with the selection and reconstruction of the target infor-
mation and ultimately affects the detection results [24–26]. So, robust imaging algorithms
are indispensable for single-photon detection systems. According to the differences in
imaging mechanisms, data processing means, and technical implementations the existing
single-photon lidar imaging algorithms are mainly divided into two major categories,
namely, neural network-based imaging approaches [27,28], and imaging algorithms based
on traditional modeling approaches [29,30]. The neural network-based approach is able
to learn nonlinear mapping relationships from complex data by taking advantage of data
driven through deep learning techniques, largely detaching itself from a priori experience
and showing excellent imaging results. However, the problems of data dependence, high
demand for computational resources, limited generalization ability, and insufficient re-
tention of edge information have seriously developed the single-photon imaging based
on neural network imaging approach [31–38]. Modeling-based imaging algorithms have
high computational efficiency, flexibility in parameter tuning, strong generalization ability,
robustness, and cost-effectiveness and are particularly suitable for applications with limited
resources or requiring fast response due to their low computational requirements and easy
integration [39–41]. Among the current single-photon imaging methods based on modeling
approaches, non-fixed pixel scan-time reconstruction methods, represented by first-photon
methods [42,43], first-photon group [44,45], and other “firstness” photon information re-
construction targeting methods, are better in terms of resource optimization, but the data
processing is more complicated and the system requirements are higher. Also, the current
algorithms are not well adapted to complex environments, especially underwater environ-
ments, and the characteristics of manual parameterization [42–48] are difficult to adapt to
changing environments. Fixed-pixel acquisition time reconstruction methods, although
sacrificing some flexibility and resource efficiency, are suitable for standardized imaging
due to their consistency and processing simplicity, and methods such as the sequential
two-mode fusion imaging algorithm (STMF) also compensate for the echo signal variabil-
ity [49]. However, due to median filtering [44,45,50,51] the intrinsic spatial and temporal
connections of the single-photon data and the distributional characteristics of the signal
are ignored. Also, a large amount of fringe information and high-frequency components
are lost, and in underwater environments with severe backscattering, non-localized spatial
pixel filtering, which is excellent in filtering performance, loses its robustness. Numerous
algorithms are applicable to gaze imaging systems [52–55], which further reduce the spatial
resolution and flexibility of single-photon lidar systems and increase their information
acquisition cost.

An efficient single-photon lidar imaging algorithm is urgently needed for long-range
and high-resolution imaging detection of underwater slow-moving small targets. In this
study, we report on the sequential multimodal underwater single-photon lidar adaptive
target reconstruction algorithm based on spatiotemporal sequence fusion (SUARF), which
is based on the pixel-scanning imaging principle. This takes advantage of the fundamental
property that the noise photons in the echo signal are differently distributed with the target
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information photons in the temporal histogram in decomposing the pulse-accumulated
single-photon raw signal, and with the help of an optimization strategy, it settles the target
depth and reflectivity information. Compared with algorithms such as the STMF and
the first photon group with excellent imaging performance, this method does not require
manual parameter adjustment and can efficiently accomplish the target reconstruction task
under a variety of challenging imaging conditions, which can provide technical support for
underwater target imaging detection.

Our main technical innovations and contributions are as follows:

• We propose the SUARF algorithm consisting of data preprocessing, sequence opti-
mized maximum value inference filtering, and collaborative variation strategy for
image optimization to effectively extract target depth and reflection intensity infor-
mation from complex echo photon time counting. The mask and pixel summation
operations are used for data preprocessing to remove the strong backscattering of
water near the LiDAR glass window and part of the system noise. Sequence optimiza-
tion maximum inference filtering combined with matching filter and maximum group
filtering can accurately select target depth-reflection information. The collaborative
variation strategy integrates the adaptive Wiener–Hopf filter and global morphologi-
cal constraint into the total variational smoothing constraint to enhance the overall
smoothness and effectively deal with abnormal pixel values.

• We built an underwater single-photon LiDAR prototype for testing. The results show
that compared with the latest scanning single-photon LiDAR imaging algorithm,
the (SSIM, RMSE) of the depth and reflection intensity map was improved by (15%,
57%) and (48%, 71%), respectively. We also proposed an evaluation index RT to
comprehensively evaluate the depth-reflection intensity of the SSIM and RMSE index,
which was improved by 24%. All results show that the proposed algorithm has good
scene reconstruction performance.

2. SUARF Target Reconstruction Algorithm Model
The SUARF algorithm consists of three steps: data preprocessing, sequence-optimized

extreme value inference filtering, and collaborative variation strategy for image optimiza-
tion to achieve high-quality target reconstruction in complex underwater environments.
The schematic diagram of the SUARF algorithm is as in Figure 1.
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In the original signal of single-photon lidar, the arrival moments of signal photons will
be centrally distributed on the time axis. The noise photons do not carry any information
about the target, and are independent of each other with respect to the arrival moments of
the signal photons, and thus are uniformly distributed in the detection period. According to
the above characteristics, the signal photons and noise photons can be initially decomposed
using sequence-optimized extreme value inference filtering, and then the outliers can
be filtered out using the collaborative variation strategy, while the global morphological
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constraints can be used to maintain the structural features. The flowchart of the algorithm
is shown in Algorithm 1.

Algorithm 1 Overall framework: SUARF
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First, the raw echo signal is converted into pixel space-arranged data, and the mask
length is set according to the system characteristics to filter out the noise generated in the
echo signal within the system. Second, matched filtering and extremely large group value
estimation are used to obtain the depth and reflectivity information of the acquired target
scene. In Algorithm1, s∗(−t) denotes that the impulse response of the matched filter is the
time inversion and conjugate of the transmitted impulse signal; y(t) denotes the output
of the matched filter; r(t) is the received echo signal; Tindex

x,y and Nindex
x,y denote the time

value of the current pixel and the number of the photons in the group; Tgroupindex,max
x,y and
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Ngroupindex
x,y denote the time of the bin with the largest number of the photons in the group

and the number of the photons in each bin in the group, respectively; α is the time-distance
conversion coefficient; and Depth and Reflection intensity are the preliminary reconstructed
depth and reflection intensity maps of single-photon lidar, respectively. After that, the
Wiener–Hopf filter [55,56] with improved decisionTV [57] smoothing constraints is used to
remove anomalies while retaining the edge information. HDepth( f ) and HRefl( f ) denote
the frequency response of the Wiener filter for the Depth and Reflection intensity signals,
respectively; SyDepthx( f ) and SyReflx( f ) denote the frequency response of the input Depth
and Reflection intensity signals with respect to the desired Depth and Reflection intensity
signals, respectively; σ2

vDepth
, σ2

vRefl
denote the noise variance of the Depth and Reflection

intensity signals, respectively; P and L refer to the Depth and Reflection intensity signals
before and after processing, respectively; and F−1 denotes the inverse Fourier transform.
Finally, the clarity and visual quality of the images are enhanced by Enhanced Super-
Resolution Generative Adversarial Networks (Real-ESRGAN). The reason for choosing this
network is that it currently provides clarity enhancement functions that do not require a
large amount of data to train for the time being and can maintain good results.

2.1. Data Preprocessing

The data acquired by the single-photon lidar are stacked in one dimension and need
to be converted into a two-dimensional spatial arrangement based on the scanning method
to make the data easier to process and understand. In addition, since the presence of large
noise within the system interferes with target information extraction, data cleaning is used
to remove the accumulation of noisy photons on the time axis due to the system. Second,
all photon histograms are assembled to find the peak moments to obtain the approximate
distance of the target scene for imaging display. The data preprocessing schematic of the
SUARF is shown in Figure 2.
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Figure 2. Schematic of data preprocessing of SUARF algorithm.

After setting the mask length BlindBin according to the empirical value of the system,
the original data can be covered with this mask to shield specific elements, and the process
can be described as Equation (1):

Bmasked(:, :, k) =

B(:, :, k) if k > BlindBin

0 if k ≤ BlindBin
(1)
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Bmasked is the echo data after data reconstruction and cleaning, and k is the index in
the direction of the time axis. In Figure 2, it can be seen that after data preprocessing, the
noise in the front part of the time axis has been filtered out. However, it should be noted
that the length of BlindBin needs to be set according to the system; if it is arbitrarily set
and set too large, it will cause the system to produce a large blind zone, and if it is set too
small, the noise caused by the system will affect the determination of the time index and
the number of photons.

2.2. Sequence Optimized Maximum Value Inference Filtering

The signal of each pixel after data preprocessing is still time series information, which
needs to be calculated by an inference algorithm to find the most compatible time and
photon values. In this paper, we optimize previous research work [49] to obtain the
information, and the processing schematic is shown in Figure 3.
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Assuming that the input signal is a superposition of the desired signal (target signal)
and noise, where s(t) is the desired signal, n(t) is the noise, and the input signal x(t) can be
denoted by Equation (2):

x(t) = s(t) + n(t) (2)

The impulse response of the matched filter is the time reversal and conjugate complex
of the desired signal s(t) to make the filter most sensitive in detecting a particular signal.
The designed filter and the output signal y(t) obtained after convolution with the input
signal can be expressed, respectively, by Equations (3) and (4):

h(t) = s∗(−t) (3)

y(t) = x(t) ∗ h(t) = (s(t) + n(t)) ∗ s∗(−t) (4)

The amplitude of the output signal is maximized when the desired signal in the input
signal exactly matches the impulse response of the filter, thus enabling the detection of the
signal. And the convolution of noise n(t) with s∗(−t) does not produce the same correlation
peak as the desired signal s(t), so the effect of noise in the output signal is suppressed,
and the target signal in the original signal is more easily detected. Assuming that the size
of the data volume after preprocessing and matched filtering is X × Y × Z, the first two
dimensions denote the horizontal and vertical coordinates of the pixel, respectively, and
the third dimension denotes the number of bin frames in the echo signal of each pixel, then
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the number of bins and intra-bin photons in each pixel of the echo data are respectively
expressed by Equations (5) and (6):{

T1
x,y, T2

x,y, T3
x,y, . . . TZ

x,y

}
(5)

{
N1

x,y, N2
x,y, N3

x,y, . . . NZ
x,y

}
(6)

We select the width of the group (i.e., the length of the sliding window w. According
to the experimental observation and the characteristics of the signal noise distribution,
w = 5 bin can take into account the selection of the signal and avoid the selection of the
noise peaks), and slide the group along the time axis with a step of 1 bin. Then we select
the group with the highest number of photons in the group as the group where the target
signal is located, then the bin and the number of photons in the bin of the group’s echo
data are numbered, respectively, by Equations (7) and (8); the time value and photon value
of the pixel are calculated, respectively, by Equations (9) and (10):{

Tϕ,1
x,y , Tϕ,2

x,y , Tϕ,3
x,y , . . . Tϕ,w

x,y

}
(7)

{
Nϕ,1

x,y , Nϕ,2
x,y , Nϕ,3

x,y , . . . Nϕ,w
x,y

}
(8)

Tx,y = max
{

Tϕ,1
x,y , Tϕ,2

x,y , Tϕ,3
x,y , . . . Tϕ,w

x,y

}
(9)

Nx,y = ∑
{

Nϕ,1
x,y , Nϕ,2

x,y , Nϕ,3
x,y , . . . Nϕ,w

x,y

}
(10)

In the Equations (7)–(10), Tϕ,w
x,y and Nϕ,w

x,y denote the number of bin and bin photons in
the ϕth group selected in the (x, y) pixel. Considering that there are very few echo photons
in the low illumination environment, the time index of the maximum number of photons
and the sum of the number of photons in the group are used as the time value Tx,y of the
pixel, and the value of the photons Nx,y, respectively:

Dx,y = c× Tx,y/2 = c×max
{

Tϕ,1
x,y , Tϕ,2

x,y , Tϕ,3
x,y , . . . Tϕ,w

x,y

}
/2 (11)

Combined with the underwater speed of light c, the depth information for that pixel
can be obtained by Equation (11). Repeating the operation (Equations (7)–(11)) for each pixel,
the depth and reflectance information of the target scene can be preliminarily reconstructed

2.3. Collaborative Variation Strategy for Image Optimization

Due to the complexity of light attenuation in the underwater environment, there is
still some missing information and noise interference in the depth and reflectance map of
the initial reconstruction. To eliminate this effect, we improve the idea of total variational
smoothing constraints, add adaptive filtering and mixed morphological constraint struc-
tures to the deconvTV, and by dynamically adjusting the filtering parameters, we expect to
suppress the abnormal pixels while better preserving the image edges and textures and
protecting the naturalness and visual details of the image. The output processing flowchart
of the collaborative variation strategy for image optimization is shown in Algorithm 2.
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Algorithm 2 Co-variation imaging strategy

Function Input Image (fileP ath)
Define Blur and Regularization

Parameters
H← create blur kernel(3)
µ← 0.015
End of Define Blur and

Regularizationnoise suppression

Filtering and regularization
OutputIm = Wiener−Hopf (InputIm)

for each channel c in the image do
Ic ← extract_channel(I, c)

g← IcH
x(k+1)

apply deconvolution(x(k), H, µ)
end for
End of Filtering and regularization

Post-Processing
Irestored ←merge_channels(x(k+1))
E← detect_edges(I_ restored)
Eclosed ← refine edges(E)
End of Post-Processing

Morphological Reconstruction
D← compute distance map(Eclosed)
Ireconstructed←
reconstructed_image(Eclosed,D)

End of Morphological
Reconstruction

Region Processing
L, N ← label_regions(Ireconstructed)

for each region k from 1 to N do
Pk ← find_pixels(L, k)
vk ← find_mode(Irestored(Pk))

Irestored(Pk)← vk

end for
End of Region Processing

EndFunction

{Create a blur kernel representing the
average blur} {Set the regularization
parameter balancing deblurring and
Parameters}

{Apply the Wiener-Hopf filter to the Intput
image} {Extract the channel
data Ic from the image I} {Simulate the
blurred image g by convolving Ic with the
blur kernel H}
{Refine the image x(k+1) using decon-
volution}

{Combine the deconvolved channels
to form the restored image Irestored}
{Detect edges E in the restored im-
age using an edge detection method}
{Refine edge boundaries Eclosed using
morphological closing}

Compute the distance map D from the
closed edges} {Reconstruct the im age
Ireconstructed based on the distance map D
and edges}

{Label connected regions L in the re-
constructed image} {Find pixels in Pk in
region k} {Determine the most fre- quent
value vk in region k} {Set all
pixels in region k to the most frequent
value vk}

After obtaining the depth and reflectance 2D matrices of the target scene from the
sequence optimized maximum value inference filtering, we use Wiener–Hopf adaptive
filtering to adaptively adjust the filtering parameters with the help of the local statistical
properties of the image, where the behavior of the filter varies in different regions of the
image, thus removing anomalous pixel values while preserving the edges and details
and providing clean pixel environments for smoothing constraints The filtered depth
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image DWiener−Hopf and the reflectance image RWiener−Hopf can be obtained, respectively,
by Equations (12) and (13):

DWiener−Hopf(i, j) =

+∞
∑

k=−∞

+∞
∑

l=−∞
H(i− k, j− l) · Dnoisy(k, l)

+∞
∑

k=−∞

+∞
∑

l=−∞
H(i− k, j− l)2 +

σ2
nD

σ2
D(i, j)

(12)

RWiener−Hopf(i, j) =

+∞
∑

k=−∞

+∞
∑

l=−∞
H(i− k, j− l) · Rnoisy(k, l)

+∞
∑

k=−∞

+∞
∑

l=−∞
H(i− k, j− l)2 +

σ2
nR

σ2
R(i, j)

(13)

In Equations (12) and (13), Dnoisy (i, j) and Rnoisy (i, j) are the depth map and the
reflection intensity map pixel value at pixel (i,j), respectively. (i,j) and (k,l) are pixel indices
in the image matrix, where (i,j) denotes the pixel position currently being processed and
(k,l) denotes the position in the neighboring area covered by the filter. H(i−k,j−l) is the
impulse response of the filter (which can be calculated by Equation (14)), σ2

nD, σ2
nR are the

noise power, and σ2
D (i, j), σ2

R (i, j) are the local variance of the depth map and reflection
intensity map at position (i,j), respectively:

H(ejΩ) =
Sxr(ejΩ)

Sxx(ejΩ) + Snn(ejΩ)
(14)

Sxr (ejΩ) , Sxx (ejΩ) and Snn (ejΩ) are, respectively, the cross-power spectral density
between the estimated signal and the desired response, the power spectral density of the
signal, and the power spectral density of the noise from the pixel data.

Wiener–Hopf adaptive filtering can effectively suppress noise, but due to the low
signal photon counts (average single-pixel photon counts ̸> 1 in the reconstructed maps at
times), it is inferred that too much variance of the filtered values leads to large uncertainty in
the reconstruction of the image, and this uncertainty may lead to significant reconstruction
errors. To reduce this uncertainty, the smoothing constraint maintains the edge information
by minimizing the sum of the absolute values of the image gradients while suppressing
the noise, while further mixed morphological reconstruction is employed to enhance the
details by highlighting the edges and textures in the image in order to improve the accuracy
of the image reconstruction and to enhance the visual effect. For the acquired depth
image DWiener−Hopf and reflectance image RWiener−Hopf, the deconvTV algorithm is used to
stabilize the image reconstruction results. Considering the underwater application scenario
of single-photon lidar, we improve the idea of morphological constraints by extracting
the global features of the image and fusing them with the local features, and improving
the image quality through the assisting deconvTV algorithm by erosion, expansion, and
open/close operations, etc. This module (TV-Morphological Restoration Algorithm, TVMR)
can be described by the following equation:

FinalImg = MorphologicalReconstruct(Edges(deconvTV(Img, H, Opts))) (15)

Img is the pending DWiener−Hopf and RWiener−Hopf, deconvTV (Img,H,Opts) denotes
the processing of the image using full variational deconvolution, where H is the point
spread function (PSF) and Opts are the algorithmic options (containing regularization
parameter µ, initial penalty parameter rho_r, maximum number of iterations max_itr,
regularization parameter beta for weight TV paradigm, update constant gamma, tolerance
tol, etc.). Edges denotes Canny edge detection (enhanced edge display) of the image and
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Morphological Reconstruct denotes improved morphological reconstruction of the image.
Since the system uses Gaussian beams, its PSF can be expressed as (16):

PSF(x, y) =
1√

2πσ2
e−

x2+y2

2σ2 (16)

PSF(x,y) denotes the value of the point spread function at position (x,y) and σ is the
standard deviation of the Gaussian beam, then the deconvTV algorithm can be calculated
as Equation (17):

DdeconvTV = argminD

{
λ
∥∥∥D− DWiener−Hopf

∥∥∥2

2
+ τ∥∇D∥1

}
RdeconvTV = argminR

{
λ
∥∥∥R− RWiener−Hopf

∥∥∥2

2
+ τ∥∇R∥1

} (17)

In Equation (17), DdeconvTV and RdeconvTV are the depth image and reflection intensity
image after the constraints of the deconvTV algorithm. D and R are the variables in the
optimization problem, λ is the regularization parameter of the data fidelity term, τ is the
regularization parameter of the total variation term, and ∇ denotes the gradient operator.
Further, the mixed morphological reconstruction method with the fusion of global and
local features is used, and the processing sequence is (1) edge detection and morphologi-
cal closure operation, (2) distance transformation and morphological reconstruction, and
(3) connected region processing and enhancement. Since the processing steps of depth im-
age and reflection intensity image are the same, DdeconvTV and RdeconvTV are standardized
to be described by Irestored instead. The edge detection and mixed morphological closure
operations are as Equation (18):

Eclosed = close(C(Irestored), S(N)) (18)

In Equation (18), C(Irestored) denotes the extraction of edges for the image Irestored,
‘close’ denotes the morphological closure operation, and S(N) is used to define the neigh-
borhood of pixels in the image. Then the distance transformation is performed based on
the edge map after the closed operation as Equation (19):

IReconstructed = Reconstruct(Eclosed,
W( ∼ Eclosed)

max(W( ∼ Eclosed))
) (19)

In Equation (19), W(~E closed) computes the distance transform of the complement of
the edge map after the closure operation, max(·) denotes the normalization operation, and
‘Reconstruct’ denotes the morphological reconstruction based on the distance transform
and the edge map. Finally, the connected regions in the reconstructed image are processed
to enhance the visual contrast effect. In the process of enhancing the imaging results,
we adjust the specific values of the two parameters and observe their imaging results.
We found that when regularization parameter τ is set to about 0.015 and morphological
constraint size parameter se is set to about 10, the image enhancement effect is better, and
the details are saved more completely. Of course, this may need to be adjusted slightly in
different LiDAR systems.

Ifinal = Sharpe
⌢
n
(

num
∪

k=1
(LabelImg == k⇒ mode(IReconstructed(LabeledImg == k)))

)
(20)

In Equation (20), ‘LabelImg==k’ denotes the connected region labeled as k, mode(·)
denotes all pixel values in the statistical region, ∪ denotes all connected regions, and
Sharpe

⌢
n(·) denotes that while the traditional image processing techniques are mainly used,
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Real-ESRGAN [58] can be used as an auxiliary tool, and its pre-trained model can be
directly used for image clarity, which further improves image resolution and visual effect.

3. Construction of Test Device and Analysis of Land Imaging
We constructed a single-photon lidar system to verify the algorithm imaging effect.

Considering the underwater application scenarios of single-photon lidar, the main reason
we chose the scanning imaging single-photon lidar system instead of gaze imaging is
its high sensitivity and high spatial resolution. The scanning system is able to adapt to
different detection needs by adjusting the scanning mode and speed, which is especially
important for the changing underwater environment. In addition, single-photon lidar
technology, especially single-photon avalanche diode (SPAD)-based systems, offers unique
technological advantages in capturing weak signals and high-precision imaging due to
its high temporal resolution, high sensitivity, and ease of integration. These advantages
make scanning single-photon lidar systems more effective in underwater target detection
and imaging.

The main components of the system are a transmitter module, a receiver module,
an optical system module, a scanning imaging module, a time-dependent single-photon
counter, and a signal control module. The schematic diagram of the system is shown in
Figure 4.
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Figure 4. Schematic diagram of the system principle.

The transmitting module uses a 532 nm wavelength solid-state laser as the light source,
which is a common green laser suitable for underwater environments, with high stability
and reliability. The laser operates in a pulsed mode with a repetition rate of 1–5 kHz,
allowing for high-resolution imaging by emitting short bursts of light at regular intervals.
The average power of 175 mW and single pulse energy of 35 µJ ensure that the laser can
provide sufficient energy for long-distance detection while maintaining the high quality
of the beam. The receiving module collects the photons reflected from the target using
a flat-convex lens with a focal length of 100 mm and a diameter of 2 inches. This lens
focuses the incoming photons onto a multimode fiber with a core diameter of 105 µm and a
numerical aperture of 0.22. The fiber then couples the photons to a single-photon detector.
A bandpass filter with a central wavelength of 532 nm and a transmittance of 53.58% is used
to filter out non-target wavelength light, ensuring that only 532 nm wavelength photons
reach the detector. The system adopts a coaxial transceiver combined optical path design,
using a 45◦ open-hole mirror as a transceiver switch. This mirror allows the laser to be
transmitted and received in the same optical path, greatly improving the compactness and
efficiency of the system.
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The scanning imaging module uses a two-axis galvanometer for two-dimensional
beam scanning with an optical deflection angle of ±22.5◦ and an optical resolution of
12 µrad. The galvanometer works by using electromagnetic coils to rotate mirrors, which
in turn deflect the laser beam to scan the target area. The time-dependent single-photon
counter (TCSPC) module measures the arrival time of each detected photon by recording
the time interval between the emission of the laser pulse and the detection of the reflected
photon. It converts the electrical signal from the detector into digital time-stamped data,
allowing the system to determine the total flight time of the photon and calculate the
distance to the target. The signal control module coordinates the gating mode of the single-
photon detector, generates the reference time signal required by the TCSPC, and controls
the pulse output of the laser. It ensures the synchronization of all components by managing
the timing and control signals, thus ensuring the accuracy and reliability of the data.

In the workflow of our system, the 532 nm solid-state laser first emits a pulsed
laser. When the photodetector detects the pulsed laser, it outputs an electrical pulse
synchronization signal, which is collected by the time-dependent photon counting module
and starts timing. The outgoing pulsed laser increases the beam diameter and decreases
the divergence angle by shaping the optical path, and changes the direction by the two-axis
galvanometer to reach the target point. When the photon returns to the system in the form
of diffuse reflection from the target, the propagation direction is changed again through
the two-axis galvanometer, and then the incoming echo receiving module is coupled. The
SPAD detector generates an electrical pulse signal immediately after receiving the echo
photon, and the TCSPC module subtracts the time generated by the electrical signal and
the time of the synchronization signal when the pulse laser emits, so as to obtain the total
flight time of the outgoing photon; then, we can calculate the numerical distance of the
target point. The input and output signals dependent on each module in the system are
uniformly managed by the signal control module. The data of the time-dependent photon
counting module flows through the host computer and is directly read by the software
algorithm for imaging and image enhancement optimization. We first verified the imaging
performance of the system in a land trial. The two targets designed in previous work were
used to verify the imaging effect, the targets are target A and target B, which are shown in
Figure 5.
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In Figure 5, target A is a regular 10 × 10 cm square, and in target B there are circles,
rectangles, etc., distributed in different depth areas. It should be noted that, in order to
ensure the randomness and fairness of the test, the data of two kinds of targets were
randomly selected from the results of multiple data acquisition for imaging analysis. By
varying the detection distance, the number of emitted pulses, and the intensity of the
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external light intensity, respectively, the imaging results of the SUARF algorithm are as
Figures 6–11.
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In Figures 6 and 7, the system is tested at a distance of about 40 m, the number of pixels
collected is 64 × 64, and the number of single-pixel pulses is 50. From the reconstruction
results, it can be seen that the SUARF algorithm maintains a better imaging effect with the
enhancement of the external light intensity interference. In Figures 8 and 9, the number
of pixels collected by the system is 64 × 64, and the number of single-pixel pulses is 50.
From the reconstruction results, it can be seen that the SUARF algorithm maintains a better
imaging effect with the increase of the imaging distance (the number of attenuation lengths,
AL). In Figures 10 and 11, the number of pixels acquired by the system is 64× 64, and it can
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be seen that the SUARF algorithm still maintains a good imaging effect under the condition
of low pulse number. Therefore, the SUARF algorithm is robust and can be tried for
underwater imaging. The mainstream imaging algorithms for scanning single-photon lidar
systems are first-photon, first-photon group algorithm, peak algorithm, STMF algorithm,
etc. The STMF algorithm has strong anti-noise and convenience compared with the first
photon, the first photon group, and the peak algorithm, etc., and has obvious advantages in
imaging ability under general imaging conditions. Therefore, this paper mainly analyzed
the performance of the SUARF algorithm reported here by comparing the STMF algorithm.

4. Underwater Test and Result Analysis
In underwater environments, conventional imaging techniques face many challenges

due to the strong absorption and scattering of light, which make it extremely difficult
to acquire high-contrast and high-resolution images. With its extremely high detection
sensitivity, single-photon lidar technology is able to capture weak echo signals in this
low-light and high-noise environment, thus realizing precise detection and imaging of
underwater targets. Therefore, the practical application of single-photon lidar underwater
can not only significantly improve the quality and depth resolution of underwater imag-
ing, but also extend its application potential in many fields such as marine exploration,
underwater archaeology, environmental monitoring, and underwater navigation, which
is of great significance for both scientific research and industrial applications. In order to
verify the environmental adaptability of the SUARF algorithm, we built four underwater
environments for scene reconstruction experiments, namely, a swimming pool, pipeline (a
drain placed horizontally), and the actual waters off the coast of China. According to the
performance of the system, the target deployment distance from the lidar is about 5~6 AL.

4.1. Comparative Analysis of the Reconstruction Effect of Each Algorithm
4.1.1. Pool Reconstruction Tests

The underwater experiments were first carried out in a pool in the laboratory. The
available dimensions of the pool are about 12 × 13 × 6 m3, and the lidar and the target
were placed at the two ends of the pool, respectively (Figure 12a). Due to the extremely
poor visibility, the underwater visible light camera cannot shoot the target at all at the
location of the lidar, such as Figure 12b.
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Figure 12. Schematic diagram of pool experiment and test target.

The target used for the pool was a multiplanar target (Figure 12c,d), with the highest
square plane as the datum plane. The target information of the multi-depth target contains
12 planes in total at depths of 0/25/50/75/100 (three types of reflectivity)/150/200 cm. The
pool style is shown in (a) and the water is rather turbid, as shown in (b), and the underwater
camera can’t capture the target and LIDAR even at very close range. The results of the
algorithms are shown in Figures 13 and 14.



Remote Sens. 2025, 17, 295 16 of 27

Remote Sens. 2025, 17, 295  15  of  28 
 

 

has obvious advantages in imaging ability under general imaging conditions. Therefore, 

this paper mainly analyzed the performance of the SUARF algorithm reported here by 

comparing the STMF algorithm. 

4. Underwater Test and Result Analysis 

In underwater environments, conventional imaging techniques face many challenges 

due to the strong absorption and scattering of light, which make it extremely difficult to 

acquire high-contrast and high-resolution images. With its extremely high detection sen-

sitivity, single-photon lidar technology is able to capture weak echo signals in this low-

light and high-noise environment, thus realizing precise detection and imaging of under-

water targets. Therefore, the practical application of single-photon lidar underwater can 

not only significantly improve the quality and depth resolution of underwater imaging, 

but also extend its application potential in many fields such as marine exploration, under-

water archaeology, environmental monitoring, and underwater navigation, which  is of 

great significance for both scientific research and industrial applications. In order to verify 

the environmental adaptability of the SUARF algorithm, we built four underwater envi-

ronments  for  scene  reconstruction experiments, namely, a  swimming pool, pipeline  (a 

drain placed horizontally), and the actual waters off the coast of China. According to the 

performance of the system, the target deployment distance from the lidar is about 5~6 AL. 

4.1. Comparative Analysis of the Reconstruction Effect of Each Algorithm 

4.1.1. Pool Reconstruction Tests 

The underwater experiments were first carried out in a pool in the laboratory. The 

available dimensions of the pool are about 12 × 13 × 6 m3, and the lidar and the target were 

placed at the two ends of the pool, respectively (Figure 12a). Due to the extremely poor 

visibility, the underwater visible light camera cannot shoot the target at all at the location 

of the lidar, such as Figure 12b. 

   
(a)  (b)  (c)  (d) 

Figure 12. Schematic diagram of pool experiment and test target. 

The target used for the pool was a multiplanar target (Figure 12c,d), with the highest 

square plane as the datum plane. The target information of the multi-depth target contains 

12 planes in total at depths of 0/25/50/75/100 (three types of reflectivity)/150/200 cm. The 

pool style is shown in (a) and the water is rather turbid, as shown in (b), and the under-

water camera canʹt capture the target and LIDAR even at very close range. The results of 

the algorithms are shown in Figures 13 and 14. 

       
(a)  (b)  (c)  (d) 

Remote Sens. 2025, 17, 295  16  of  28 
 

 

       
(e)  (f)  (g)  (h) 

Figure 13. Results of pool target reconstruction for SUARF and STMF algorithms. 

       
(a1)  (a2)  (b1)  (b2) 

       
(c1)  (c2)  (d1)  (d2) 

Figure 14. Results of pool target reconstruction for peak (a1,a2), cross-correlation (b1,b2), first pho-

ton (c1,c2), and first photon group (d1,d2) algorithms. 

Figure 13a,b shows the results of the SUARF algorithm, and Figure 13e,f the results 

of the STMF algorithm. Figure 13a,b,e,f shows the imaging results at a pulse number of 

50, Figure 13c,d,g,h the imaging results at a pulse number of 500. Figure 14a–d depicts the 

depth map (1) and reflection intensity map (2) obtained at the pulse number of 50 by using 

the peak, inter-correlation, first-photon, and first-photon group algorithms, respectively. 

It can be seen that the SUARF algorithm has the ability to repair anomalies on the basis of 

strong information extraction capability, and the depth resolution reaches 2.5 cm (the limit 

of the depth resolution of the device is 3 cm). 

4.1.2. Quantitative Evaluation Criteria 

Structural similarity index (SSIM) and root mean square error (RMSE) as well as sub-

jective judgment are used to comprehensively evaluate the effectiveness, and the compar-

ative reference is the adopted image at 500 pulses in Figure 15. Visible light struggles to 

capture  clear high-resolution  images  in  the  complex  experimental water  environment, 

while  longer observation  times with  time-counting single-photon LiDAR generally  im-

prove reconstruction quality, as confirmed  in  the paper’s Section 3 air experiment. We 

chose 500 pulses as the evaluation index, because beyond this point additional pulses in 

our underwater system did not significantly enhance imaging but increased processing 

time. In practice, balancing the number of emitted pulses with observation effects is cru-

cial to optimize imaging performance and efficiency. The reconstruction results for peak, 

inter-correlation,  first-photon,  first-photon  group,  STMF,  and  SUARF  algorithms  are 

shown in Tables 1 and 2. 

Table 1. The depth reconstruction results of evaluation index values of each algorithm. 

Index  Peak  Cross-Correlation  First Photon  First Photon Group  STMF  SUARF 

SSIM  0.373  0.376  0.293  0.512  0.723  0.828 

Figure 13. Results of pool target reconstruction for SUARF and STMF algorithms.

Remote Sens. 2025, 17, 295  16  of  28 
 

 

       
(e)  (f)  (g)  (h) 

Figure 13. Results of pool target reconstruction for SUARF and STMF algorithms. 

       
(a1)  (a2)  (b1)  (b2) 

       
(c1)  (c2)  (d1)  (d2) 

Figure 14. Results of pool target reconstruction for peak (a1,a2), cross-correlation (b1,b2), first pho-

ton (c1,c2), and first photon group (d1,d2) algorithms. 

Figure 13a,b shows the results of the SUARF algorithm, and Figure 13e,f the results 

of the STMF algorithm. Figure 13a,b,e,f shows the imaging results at a pulse number of 

50, Figure 13c,d,g,h the imaging results at a pulse number of 500. Figure 14a–d depicts the 

depth map (1) and reflection intensity map (2) obtained at the pulse number of 50 by using 

the peak, inter-correlation, first-photon, and first-photon group algorithms, respectively. 

It can be seen that the SUARF algorithm has the ability to repair anomalies on the basis of 

strong information extraction capability, and the depth resolution reaches 2.5 cm (the limit 

of the depth resolution of the device is 3 cm). 

4.1.2. Quantitative Evaluation Criteria 

Structural similarity index (SSIM) and root mean square error (RMSE) as well as sub-

jective judgment are used to comprehensively evaluate the effectiveness, and the compar-

ative reference is the adopted image at 500 pulses in Figure 15. Visible light struggles to 

capture  clear high-resolution  images  in  the  complex  experimental water  environment, 

while  longer observation  times with  time-counting single-photon LiDAR generally  im-

prove reconstruction quality, as confirmed  in  the paper’s Section 3 air experiment. We 

chose 500 pulses as the evaluation index, because beyond this point additional pulses in 

our underwater system did not significantly enhance imaging but increased processing 

time. In practice, balancing the number of emitted pulses with observation effects is cru-

cial to optimize imaging performance and efficiency. The reconstruction results for peak, 

inter-correlation,  first-photon,  first-photon  group,  STMF,  and  SUARF  algorithms  are 

shown in Tables 1 and 2. 

Table 1. The depth reconstruction results of evaluation index values of each algorithm. 

Index  Peak  Cross-Correlation  First Photon  First Photon Group  STMF  SUARF 

SSIM  0.373  0.376  0.293  0.512  0.723  0.828 

Figure 14. Results of pool target reconstruction for peak (a1,a2), cross-correlation (b1,b2), first photon
(c1,c2), and first photon group (d1,d2) algorithms.

Figure 13a,b shows the results of the SUARF algorithm, and Figure 13e,f the results
of the STMF algorithm. Figure 13a,b,e,f shows the imaging results at a pulse number of
50, Figure 13c,d,g,h the imaging results at a pulse number of 500. Figure 14a–d depicts the
depth map (1) and reflection intensity map (2) obtained at the pulse number of 50 by using
the peak, inter-correlation, first-photon, and first-photon group algorithms, respectively. It
can be seen that the SUARF algorithm has the ability to repair anomalies on the basis of
strong information extraction capability, and the depth resolution reaches 2.5 cm (the limit
of the depth resolution of the device is 3 cm).

4.1.2. Quantitative Evaluation Criteria

Structural similarity index (SSIM) and root mean square error (RMSE) as well as subjec-
tive judgment are used to comprehensively evaluate the effectiveness, and the comparative
reference is the adopted image at 500 pulses in Figure 15. Visible light struggles to capture
clear high-resolution images in the complex experimental water environment, while longer
observation times with time-counting single-photon LiDAR generally improve reconstruc-
tion quality, as confirmed in the paper’s Section 3 air experiment. We chose 500 pulses
as the evaluation index, because beyond this point additional pulses in our underwater
system did not significantly enhance imaging but increased processing time. In practice,
balancing the number of emitted pulses with observation effects is crucial to optimize
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imaging performance and efficiency. The reconstruction results for peak, inter-correlation,
first-photon, first-photon group, STMF, and SUARF algorithms are shown in Tables 1 and 2.

Table 1. The depth reconstruction results of evaluation index values of each algorithm.

Index Peak Cross-Correlation First Photon First Photon Group STMF SUARF

SSIM 0.373 0.376 0.293 0.512 0.723 0.828
RMSE 134.451 127.358 100.836 111.149 68.431 29.500

Table 2. The reflection intensity reconstruction results of evaluation index values of each algorithm.

Index Peak Cross-Correlation First Photon First Photon Group STMF SUARF

SSIM 0.590 0.630 0.408 0.568 0.563 0.833
RMSE 31.015 28.51 80.833 55.400 58.354 17.125

SSIM is an evaluation index of the similarity of two images, proposed by the Labo-
ratory for Image and Video Engineering at the University of Texas at Austin [59]. It takes
into account the brightness, contrast, and structural information of the images. Unlike
traditional error metrics (e.g., MSE), SSIM is more in line with the perceptual properties
of the human visual system. SSIM has a value between 0 and 1, where 1 means that the
two images are exactly the same. The computation of SSIM involves localized windows
of an image and assesses the similarity between the images by comparing the statistical
properties within these windows. It not only takes into account the pixel-level differences
but also the overall structural information of the image and is therefore widely used in
image quality evaluation. RMSE [60] is a measure of the difference between predicted
and actual values. It is the square root of the mean square error (MSE), which calculates
the average of the squares of the differences between the predicted and actual values. It
provides a visual measure of the magnitude of the error, with smaller values indicating
that the model’s predictions are closer to the actual values. RMSE is very sensitive to
outliers, and therefore its value increases significantly when there is a large bias in the
data, reflecting model variability in these points of variability. These two metrics provide
a quantitative assessment of data similarity and prediction accuracy from different per-
spectives and are very important tools in the field of image processing. SSIM focuses on
visual quality and can detect visual distortion and structural changes of images, while
RMSE, on the other hand, focuses on the size of the error and can quantify the difference
between the predicted value and the actual value. The combination of SSIM and RMSE can
comprehensively reflect the visual similarity of images and the size of prediction error, help
better understand the overall performance of the imaging effect, and provide more accurate
and reliable evaluation results for the optimization and improvement of image processing
algorithms. In Tables 1 and 2, the SUARF algorithm reported in this paper has the largest
SSIM value and the smallest RMSE value. Compared with the STMF imaging algorithm,
with the best performance at present, the imaging results of the SUARF algorithm proposed
in this paper increase the SSIM and RMSE of the depth and reflection intensity map by 15%,
57% and 48%, 71%, respectively. It can discriminate 2.5cm@5-6AL in the imaging results,
and it can discriminate targets with different reflectance.

Based on the subjective judgment results of 20 randomly selected groups (five people in
each group), without observing the target in advance, more than 95% of the personnel think
that the reconstruction results of the SUARF algorithm are the most intuitive, and there are
very few anomalies. Since both depth and reflection intensity reconstruction are crucial
for understanding the target, and RMSE and SSIM are two indicators for comprehensively
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evaluating the reconstruction effect, we defined a comprehensive indicator to evaluate the
reconstruction results of the algorithm, which is shown in Equation (21):

RT = ω1 ×
1

RMSED
+ ω2 ×

1
SSIMD

+ ω3 ×
1

RMSER
+ ω4 ×

1
RMSER

(21)

In Equation (21), RMSED, SSIMD, RMSER, SSIMD are the evaluation index values
of the depth map and reflection intensity map, respectively, and ω1, ω2, ω3, ω4 are the
coefficients of the index values, which can be calculated as Equation (22):

ω1 = 1/RMSED
1/RMSED+SSIMD+1/RMSER+SSIMR

ω2 = SSIMD
1/RMSED+SSIMD+1/RMSER+SSIMR

ω3 = 1/RMSER
1/RMSED+SSIMD+1/RMSER+SSIMR

ω4 = SSIMR
1/RMSED+SSIMD+1/RMSER+SSIMR

(22)

The value interval of RT is [0, 1], and the closer the value is to 1, the better the
comprehensive reconstruction effect of the algorithm. Through the RT evaluation index,
we can conduct a comprehensive evaluation of the RMSE and SSIM evaluation values of
the depth and reflection intensity of the algorithm. The value of RT for each of the above
algorithms is calculated in Table 3.

Table 3. Evaluation metrics for each algorithm RT values.

Index Peak Cross-Correlation First Photon First Photon Group STMF SUARF

RT 0.487 0.514 0.349 0.529 0.638 0.789

As can be seen from Table 3, RT is increased by 24%. This index comprehensively
reflects that the depth and reflectivity imaging results of the SUARF algorithm have been
greatly improved compared with the latest algorithms. Combining the results of SSIM,
RMSE, RT, and the subjective judgment of the randomly selected persons, the SUARF
algorithm reported in this paper is more effective in reconstructing the target scene.

In addition, in order to further verify the lateral resolution effect of the SUARF algo-
rithm, a hollow target plate (Figure 15) was used, with a lateral resolution of 5 mm at the
smallest point. The reconstruction results of the algorithm are shown in Figure 16.
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Figure 16. Imaging results of the SUARF target reconstruction algorithm for the hollow target plate.
(a) Depth map, 32 pixels, 10 pulses. (b) Reflection intensity map, 32 pixels, 10 pulses. (c) Depth map,
64 pixels, 10 pulses. (d) Reflection intensity map, 64 pixels, 10 pulses. (e) Depth map, 128 pixels,
20 pulses. (f) Reflection intensity map, 128 pixels, 20 pulses.
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As can be seen from the reconstruction results in Figure 16, the 32-pixels-10-pulses
imaging results can already show the overall shape of the target plate, and the zone
boundary can be distinguished. The target details for 128-pixels-20-pulses imaging results
are fully revealed with a minimum resolution of about 5 mm.

4.2. Imaging Test of SUARF Algorithm in Different Environmental Waters

The water environment is complex and changeable. In order to test whether the SUARF
algorithm can be adapted to different waters for imaging, we also conducted tests in the
pipeline, swimming pool, and actual water off the coast of China. The target placement
distance from the lidar is about 5–6 AL. Affected by the space size of the experimental
environment and the target placement sinking and floating, the target used in different
environments is different. The test layout is as Figure 17 and the test target is shown in
Figures 18–20.

Remote Sens. 2025, 17, 295  19  of  28 
 

 

As can be seen from the reconstruction results in Figure 16, the 32-pixels-10-pulses 

imaging  results  can  already  show  the  overall  shape  of  the  target plate,  and  the  zone 

boundary can be distinguished. The target details for 128-pixels-20-pulses imaging results 

are fully revealed with a minimum resolution of about 5 mm. 

4.2. Imaging Test of SUARF Algorithm in Different Environmental Waters 

The water  environment  is  complex  and  changeable.  In  order  to  test whether  the 

SUARF algorithm can be adapted to different waters for imaging, we also conducted tests 

in the pipeline, swimming pool, and actual water off the coast of China. The target place-

ment distance from the  lidar  is about 5–6 AL. Affected by the space size of the experi-

mental environment and the target placement sinking and floating, the target used in dif-

ferent environments is different. The test layout is as Figure 17 and the test target is shown 

in Figures 18–20. 

 

Figure 17. Experimental layout of SUARF target reconstruction algorithm in different waters. 

     
(a)  (b)  (c) 

Figure 18. Targets used in pipeline test. (a) Metal cube. (b) Band target A. (c) Spoke-type target. 

         
(a)  (b)  (c)  (d)  (e) 

Figure 19. Targets used in swimming pool test. (a) Metal cube. (b) Diagonal ladder distribution of 

metal blocks. (c) Spoke-type target. (d) Band target B. (e) Band target A. 

   

(a)  (b) 

Figure 20. Targets used in the actual water off the coast of China test. (a) Metal cube. (b) Spoke-type 

target. 

In different water environments, we selected different target combinations to com-

prehensively evaluate the performance of the SUARF algorithm. In the pipeline, we used 

Figure 17. Experimental layout of SUARF target reconstruction algorithm in different waters.

Remote Sens. 2025, 17, 295  19  of  28 
 

 

As can be seen from the reconstruction results in Figure 16, the 32-pixels-10-pulses 

imaging  results  can  already  show  the  overall  shape  of  the  target plate,  and  the  zone 

boundary can be distinguished. The target details for 128-pixels-20-pulses imaging results 

are fully revealed with a minimum resolution of about 5 mm. 

4.2. Imaging Test of SUARF Algorithm in Different Environmental Waters 

The water  environment  is  complex  and  changeable.  In  order  to  test whether  the 

SUARF algorithm can be adapted to different waters for imaging, we also conducted tests 

in the pipeline, swimming pool, and actual water off the coast of China. The target place-

ment distance from the  lidar  is about 5–6 AL. Affected by the space size of the experi-

mental environment and the target placement sinking and floating, the target used in dif-

ferent environments is different. The test layout is as Figure 17 and the test target is shown 

in Figures 18–20. 

 

Figure 17. Experimental layout of SUARF target reconstruction algorithm in different waters. 

     
(a)  (b)  (c) 

Figure 18. Targets used in pipeline test. (a) Metal cube. (b) Band target A. (c) Spoke-type target. 

         
(a)  (b)  (c)  (d)  (e) 

Figure 19. Targets used in swimming pool test. (a) Metal cube. (b) Diagonal ladder distribution of 

metal blocks. (c) Spoke-type target. (d) Band target B. (e) Band target A. 

   

(a)  (b) 

Figure 20. Targets used in the actual water off the coast of China test. (a) Metal cube. (b) Spoke-type 

target. 

In different water environments, we selected different target combinations to com-

prehensively evaluate the performance of the SUARF algorithm. In the pipeline, we used 

Figure 18. Targets used in pipeline test. (a) Metal cube. (b) Band target A. (c) Spoke-type target.

Remote Sens. 2025, 17, 295  19  of  28 
 

 

As can be seen from the reconstruction results in Figure 16, the 32-pixels-10-pulses 

imaging  results  can  already  show  the  overall  shape  of  the  target plate,  and  the  zone 

boundary can be distinguished. The target details for 128-pixels-20-pulses imaging results 

are fully revealed with a minimum resolution of about 5 mm. 

4.2. Imaging Test of SUARF Algorithm in Different Environmental Waters 

The water  environment  is  complex  and  changeable.  In  order  to  test whether  the 

SUARF algorithm can be adapted to different waters for imaging, we also conducted tests 

in the pipeline, swimming pool, and actual water off the coast of China. The target place-

ment distance from the  lidar  is about 5–6 AL. Affected by the space size of the experi-

mental environment and the target placement sinking and floating, the target used in dif-

ferent environments is different. The test layout is as Figure 17 and the test target is shown 

in Figures 18–20. 

 

Figure 17. Experimental layout of SUARF target reconstruction algorithm in different waters. 

     
(a)  (b)  (c) 

Figure 18. Targets used in pipeline test. (a) Metal cube. (b) Band target A. (c) Spoke-type target. 

         
(a)  (b)  (c)  (d)  (e) 

Figure 19. Targets used in swimming pool test. (a) Metal cube. (b) Diagonal ladder distribution of 

metal blocks. (c) Spoke-type target. (d) Band target B. (e) Band target A. 

   

(a)  (b) 

Figure 20. Targets used in the actual water off the coast of China test. (a) Metal cube. (b) Spoke-type 

target. 

In different water environments, we selected different target combinations to com-

prehensively evaluate the performance of the SUARF algorithm. In the pipeline, we used 
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metal blocks. (c) Spoke-type target. (d) Band target B. (e) Band target A.
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type target.

In different water environments, we selected different target combinations to compre-
hensively evaluate the performance of the SUARF algorithm. In the pipeline, we used a
metal cube, a band target A, and a spoke-type target to verify basic imaging capabilities. In
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the swimming pool, a diagonal ladder distribution of metal blocks and a band target B were
added to test the imaging effect of the algorithm on complex structures and different mate-
rial targets. In the actual water area in winter, faced with the problems of water complexity,
biodiversity, dynamic changes in the environment, artificial obstacles, and insufficient
performance of hardware equipment, we chose a metal cube and a spoke-type target to
test the performance; this can reduce the complexity of the test and verify the imaging
resolution capability. In Figure 18, the metal cube has a volume of 10 × 10 × 10 cm. Band
target A contains 10 × 2 cm and 8 × 1.6 cm bands with a 20% increase in color contrast
from the top to the bottom, as well as squares and circles with a side length and diameter
of 4 cm. The spoke-type target was 2.3 cm in diameter and contained 12 black spokes and
12 white spokes. Band target B and Diagonal ladder distribution of metal blocks were
used as substitutes in the swimming pool, which contains three 40 × 10 cm rectangular
bands with a contrast difference of 20–30% from left to right, and the stepped metal block
contains three height difference of 10 cm rectangles (the shapes above are all 10 × 10 cm
squares), respectively. The situation that needs further clarification is that, affected by the
waves generated by underwater activities, the target will produce rapid jitter, which is
not conducive to the deployment and observation of targets used in relatively controlled
underwater environments such as laboratory pools and swimming pools in actual waters.
Therefore, only the more challenging spokes target was used as a representative to test
in the actual water. In addition, our goal was to test the adaptability and robustness of
the SUARF in several underwater environments, rather than just pursuing the limits of
the indexes. The limits of the indexes are closely related to both the hardware system
and the algorithm. In the actual water test, we paid more attention to the performance of
the algorithm in different environmental conditions, and how to optimize the algorithm
to adapt to various complex situations. Therefore, the main purpose of the underwater
single-photon lidar test machine built in this report is to cooperate with the algorithm test
and verify the performance and effect of the algorithm in the real underwater environment.
Therefore, in this case, the use of low-resolution targets is sufficient to meet the needs of
testing the adaptability of the algorithm. Although high-precision targets can provide
higher accuracy, such high accuracy is not necessary in real-water testing and will increase
the complexity and cost of system testing. The reconstruction results in the pipeline are
shown below.

In Figure 21, (a) is the depth map of the metal cube, (b) is the reflectance intensity
map of the metal cube, (c) is the depth map of the band target A, (d) is the reflectance
intensity map of the band target A, (e) is the depth map of the spoke-type target, and
(f) is the reflectance intensity map of the spoke-type target. The first line (a1–f1)shows the
imaging results using the first photon group algorithm, the second line (a2–f2) showsthe
imaging results using the STMF imaging algorithm, and the third line (a3–f3) showsthe
imaging results using the SUARF imaging algorithm proposed in this paper. According to
the imaging results, for the simple geometry metal cube (a) and (b), the three algorithms can
carry out relatively high-quality imaging. However, when the first photon group algorithm
is used for imaging under different target needs, different environments, and different
single-photon LiDAR systems, the imaging photon threshold needs to be adjusted from
time to time. When the threshold is not chosen properly, imaging is not effective, and the
poor imaging results are displayed in Figure 22.

In Figure 22, (a4) is the depth map of the metal cube, (b4) is the reflectance intensity
map of the metal cube, (c4) is the depth map of the band target A, (d4) is the reflectance
intensity map of the band target A, (e4) is the depth map of the spoke-type target, and
(f4) is the reflectance intensity map of the spoke-type target. In addition, the first photon
group algorithm lacks more information on the imaging edge of simple geometry; there
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are more abnormal pixel values, and the imaging effect is not good for the objects (c4),
(d4), (e4), and (f4) with higher horizontal resolution. Compared with the first photon
group algorithm, the STMF algorithm has a stronger information ex-traction ability, but the
boundary retention ability and pixel outlier removal ability need to be further enhanced.
The SUARF algorithm proposed in this paper has stronger detail display and outlier
processing capabilities. In order to further confirm the imaging ad-vantages of the SUARF
algorithm, we conducted comparative tests on the imaging results of the swimming pool,
simultaneously, and the results are as Figures 23–25.
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Figure 22. Imaging results under the inappropriate threshold of the first photon group algorithm.
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Figure 23. Image result of first photon group algorithm in the swimming pool.
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Figure 24. Image result of STMF algorithm in the swimming pool.
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Figure 25. Image result of SUARF algorithm in the swimming pool.

Figures 23–25, (a) depict the depth maps and reflective intensity maps for the metal
cube, (b) and (c) the depth maps and reflective intensity maps for the diagonal ladder
distribution of metal blocks with different sizes for the base plate, (d) the depth maps
and reflective intensity maps for the band target B, and (e) the depth maps and reflective
intensity maps for the spoke-type target and band target B. In the above results, 1 and
2 are 32-pixel imaging result maps, 3 and 4 are 64-pixel imaging result maps, and 5 and
6 are 128-pixel imaging result maps. From the results of (a) metal cube, (b) diagonal
ladder distribution of metal blocks, and (c) diagonal ladder distribution of metal blocks,
the SUARF algorithm is superior to the first photon composition image algorithm and
the STMF imaging algorithm in resolving deep targets. As can be seen from the results
of (d) band target B and (e) spoke-type target and band target A, the SUARF algorithm
still maintains a strong information extraction ability for different targets with the same
depth. Moreover, the ability of the SUARF algorithm to smooth pixels is much better
than the current first photon group image algorithm and the STMF imaging algorithm.
Because the underwater test is difficult, it is not easy to keep the target stationary for a
long time and observe the target with a large pulse number to obtain reference results; the
above comparison results are easy to obtain intuitively, so we did not use indicators for
evaluation, but direct observation. In order to further confirm the imaging advantages of
the SUARF algorithm in the actual water environment, we conducted a comparative test on
the imaging results of the actual water area, simultaneously, and the results are as follows.

In Figures 26–28, (a) and (b) depict the depth map and reflection intensity map for
the metal cube, (c) and (d) the depth map and reflection intensity map for the spoke-
type target, and (e) the depth map for the metal cube under a single detection pulse.
From the reconstruction results in different water environments of Figures 21–28, it can
be seen that in the challenging winter waters off the coast of China, the first-photon
group image algorithm loses its stable imaging ability under laboratory conditions, and
the STMF imaging algorithm has stronger information extraction ability than the first-
photon group imaging algorithm. However, more complex spoke-type targets cannot
be effectively imaged, especially in a single pulse, and information cannot be effectively
extracted. Therefore, based on the imaging results in the pipeline, swimming pool, and
actual waters, the SUARF algorithm proposed in this paper has stronger information
extraction and outlier removal capabilities than the latest first-photon group and STMF
imaging algorithms. It is able to accomplish the task well and achieve the detection of
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small targets in all of the above water environments in which a lower number of detection
pulses were used for detection. In the pipeline, because the wall of the tube compartment
is very close to the target, it produces a large emission interference, which also simulates
the detection of targets in narrow water areas. In the actual waters, after obtaining the
single pulse data, the SUARF algorithm can also achieve more accurate detection of simple
targets. On the basis of the obtained data, we also carried out a simulation analysis of the
environmental influencing factors. We found that with the decrease of the signal-to-noise
ratio (SNR), the RMSE value of SUARF imaging results gradually increased and the SSIM
value gradually decreased, but it did not affect the observation of the scene contour, which
reflects the algorithm’s good underwater target reconstruction capability.
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5. Conclusions
This paper reports a sequential multimodal underwater single-photon lidar adaptive

target reconstruction algorithm based on spatiotemporal sequence fusion, which consists of
three steps: data preprocessing, sequence-optimized extreme value inference filtering, and
collaborative variation strategy for image optimization. It has strong information extraction
ability and noise filtering ability and can reconstruct target depth and reflection intensity
information from complex echo photon time counts and spatial pixel relationships. The
test results show that the SUARF algorithm utilizes the built single-photon lidar system to
achieve underwater lateral resolution and distance resolution of 5 mm and 2.5cm@6AL,
respectively, using a prototype constructed by ourselves, and it has stronger information
extraction and compensation of anomalous pixel values compared to the currently available
scanning single-photon lidar imaging algorithms. This effective target scene reconstruction
algorithm endows underwater single-photon LiDAR with the ability to distinguish signal
photons from noise photons in complex underwater environments and then realizes the
imaging of small slow-moving underwater targets. It can depict the three-dimensional
structure of historical relics such as shipwrecks and ruins in underwater archaeology,
helping archaeologists explore the mysteries of ancient civilization. It can also be used in
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the field of marine biological monitoring to capture marine organisms and habitats and
provide intuitive data for biologists to study marine ecology. It can also detect the integrity
and stability of key facilities such as submarine pipelines and bridge piers in underwater
infrastructure testing to ensure the safe operation of marine engineering.

In future research, the system hardware facilities will be further analyzed to improve
the hardware performance, the algorithm structure will be further optimized with the data
results to provide a more optimized detection means for underwater target detection, and
we will also design a complete environmental impact analysis experiment to evaluate the
stability and adaptability of the algorithm under various environmental factors.
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