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Abstract. Lidar has been widely applied in marine research due to its strong penetration capability in water.
To study the lidar detection of underwater targets, a semi-Monte Carlo model of target detection (MCT) is
developed to simulate the scanning signals, incorporating three-dimensional interaction processes between
the beam and the target, the wind-driven surface waves and stratified water columns. A UAV-based linear
scanning oceanic lidar system (SOL) is developed for model validation. The model is validated by the lidar
equation results with a less than 5% mean relative error within the upper 50 m, and further confirmed by
the SOL field experiments through consistent target localization. The detection capabilities of SOL are
analyzed based on the MCT model for Jerlov II and Jerlov 3C water types, and an extended detection range
is introduced to evaluate the variation of horizontal scanning resolution with target depth, providing guidance
for balancing detection capability and efficiency under varying conditions.

Keywords: Lidar application, Monte Carlo method, UAV-based lidar, Underwater target detection.

1 Introduction

Ocean plays a vital role in regulating the global climate,
sustaining biodiversity, and supporting essential resource
[1-3]. Ocean sensing is therefore a fundamental prerequisite
for understanding and sustainably utilizing the ocean.
However, conventional detection methods face intrinsic
limitations: sonar systems aren’t able to detect through
air-water interface, while passive satellite remote sensing
is not able to provide the vertical information on the upper
ocean layers [4-7]. Among ocean sensing techniques, Light
Detection and Ranging (Lidar) has emerged as an effective
alternative. As an active remote sensing system, lidar
penetrates the air—water interface and captures high spatial
and temporal resolution profiles of subsurface structures
[8-10]. These capabilities establish lidar as an essential
complement to existing ocean sensing approaches.

* Corresponding author: heyan@siom.ac.cn

Lidars has been developed for diverse applications,
among which one of the earliest and most prominent uses
is topobathymetry [11]. Modern topobathymetry lidar
systems are capable of achieving high-precision integrated
coastal and terrestrial topographic mapping [12-15], seabed
substrate classification [10, 16], as well as surveying in
turbid waters and shallow areas [17]. Moreover, lidar profil-
ing information provides essential support for studying
marine organisms and retrieving seawater optical proper-
ties. Investigating the distribution and dynamics of phyto-
plankton [18-22] based on lidar profiling data contributes
to a deeper understanding of the mechanisms driving
marine primary productivity and the global carbon cycle.
Lidar has also been proven to be highly effective in survey-
ing fishery resources [23-27] near the sea surface, and its
performance on deriving optical properties [28-32], such
as the attenuation coefficient and volume backscattering,
has been validated by shipborne in-situ measurements.
Additionally, lidar enables measurements of wave charac-
teristics without contacting the water body or disturbing
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hydrodynamic processes, serving as an effective tool for
observing ocean surface waves [33, 34] and internal waves
[35, 36].

Underwater target detection is now emerging as a new
direction for lidar applications, which has importance influ-
ences on human activities, such as navigation planning and
port construction [2, 23]. In the field of underwater target
detection, current research mainly focuses on two direc-
tions: underwater imaging and rapid detection of underwa-
ter targets. Since the first application of single-photon
avalanche diode (SPAD) arrays to underwater imaging is
represented, single-photon imaging technology has steadily
advanced [37]. Subsequently, the first fully submerged
underwater lidar transceiver system based on single-photon
detection technologies has been demonstrated, achieving
images of stationary targets at ranges up to 7.5 attenuation
lengths [38]. More recently, a compact, all-fiber underwater
imaging lidar has been presented that achieved imaging
distances exceeding 10 times the optical attenuation length,
further highlighting the progress in underwater imaging
lidar research [39]. However, the application of lidar for
rapidly detecting underwater targets from above water
surface remains limited. Only some mapping lidar systems
possess the capability for rapid target detection, and there
is no dedicated lidar system specifically designed for this
purpose. The underwater obstruction detection capabilities
of the Scanning Hydrographic Operational Airborne Lidar
Survey (SHOALS) were discussed by adopting the
enhanced object detection algorithm [12, 13, 40]. A light-
weight UAV-borne lidar Mapper4000 U was developed for
shallow water mapping, which had the ability to recognize
the existence of a 1-m cube and the rough shape of a
2-m cube at a depth of 12 m by point cloud fitting [41].

There is also a great deal of algorithms to generate lidar
signals, such as the lidar equation, analytical model and
Monte Carlo simulation technique. The lidar equation is
able to describe depth-dependent lidar signals quickly but
has limitations in dealing with multiple scattering [42, 43].
The analytical model is highly difficult to solve due to its
complexity. Only approximate solutions can be achieved
through some idealized assumption [44]. The standard
Monte Carlo method is based on a huge number of random
calculations of photons’ movements in the water, and
photons can be accepted only when they finally arrive at
the receiver aperture. The condition is too strict to recon-
struct the lidar profiles, consuming a large amount of
computing power and time [45]. The semi-analytic Monte
Carlo radiative transfer model for oceanographic lidar
systems (SALMON) is based on the method of stochastic
and analytic techniques, which estimates the contribution
of each scattered photon by the function from a particle
scattering position to the detector [46]. With the
advantages in computational efficiency and accuracy, the
SALMON model has been the foundation of the MC simu-
lator for oceanic lidar. After decades of development, the
semi-analytical MC model has been applied in seabed map-
ping, retrievals of bio-optical properties and polarized signal
analysis and so on [47-52]. However, current research in
ocean mapping or target detection is primarily focused on
the seabed modeling and has some overly idealized assump-
tions, which assumes that the seabed fills the entire lidar

field of view and simplifies the photon—seabed interactions,
without accounting for three-dimensional interactions or
the blocking effect on the beam transmission [53, 54].
Besides, the majority of these studies assume a homoge-
neous water body and neglect environmental noises, making
it difficult to capture the complexity of realistic detection
scenarios. On the other hand, the simulators for oceanic
lidar profiling have made some advancements in accuracy.
While these simulators mainly focus on the slope variations
of lidar returns that are closely related to signal retrieval,
photon propagation only needs to account for the effects
of absorption and scattering by the water, which makes
them incapable of detecting three-dimensional target.

As it stands, lidar systems that are applicable to or
specifically designed for underwater target detection have
yet to be widely developed. A dedicated Monte Carlo
simulator for three-dimensional underwater target detection
has yet to be established. Three-dimensional simulations are
crucial for capturing spatial heterogeneity, beam divergence,
and realistic scanning geometries. Therefore, it is highly
necessary to develop a simulator that not only emphasizes
accuracy but also generates three-dimensional target
detection as well as a lidar system designed base on the
simulator’s guidance.

Our research group has already conducted extensive
prior work in this area. A standard MC model to detect
infinite planar target [55] and a semi-analytical MC model
to detect a two-dimensional flat plane with limited size
[56] have been proposed. In this paper, we present a refined
semi-analytical Monte Carlo model for underwater three-
dimensional target detection (MCT), especially including
the interaction process between the beam and the target,
the blocking effect on the beam transmission and the
reception of the target reflection signals. The MCT model
can simulate the scanning signals for underwater three-
dimensional targets through surface waves in stratified
water columns, and incorporate realistic environmental
noise to better approximate field conditions. We develop a
miniaturized, linear scanning oceanic lidar system (SOL)
deployable on commercial UAV platforms. The MCT model
is validated by comparisons with the lidar equation results
and field measurements from SOL. Furthermore, using
MCT, we evaluate SOL’s detection capabilities in Jerlov II
and Jerlov 3C waters, define an extended detection range
metric, and examine its relationship with vertical penetra-
tion and horizontal scanning resolution, offering an inte-
grated framework for system performance assessment and
design optimization in realistic marine environments.

In the rest of this paper, we present the MCT model in
Section 2. We present the SOL system in Section 3. The
MCT model is validated in Section 4. The target detection
capabilities of SOL in different waters are evaluated in
Section 5. The conclusion is made up in Section 6.

2 Monte Carlo model of underwater target
detection

For a complete and detailed introduction to the MCT
model, a cylinder target is chosen as a representative
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Fig. 1. Flow chart of MCT simulation model.

example. The cylindrical geometry captures essential fea-
tures relevant to underwater lidar detection, including
extended surfaces, well-defined edges, and stable occlusion
characteristics under scanning illumination. As a represen-
tative intermediate case, the cylindrical geometry combines
manageable geometric complexity with physically meaning-
ful target characteristics relevant to practical detection sce-
narios. It is worth emphasizing that the proposed MCT
model is formulated in a geometry-independent manner.
Other target can be incorporated by modifying the geomet-
ric description.

The main parts are introduced below, and the flow chart
of the model is shown in Figure 1. The whole simulation
starts with the emission of photons and ends with their final
death. During the propagation process, the photon can be
scattered, reflected by the target, escaping from the bound-
ary, or received by the detector. The surface of the target is
seen as ideal Lambertian. The inherent optical properties
(IOPs) model of water used in simulation is based on previ-
ous research [43, 57-62].

Yes/\ No
Is photon alive?

\/

2.1 Launching

The Cartesian coordinates of the simulation model are
shown in Figure 2a, the initial position of the lidar system
is Py = |2y, Yo, 0], and the downward direction of the zaxis
is positive. The intensity of the emitted beam follows a
Gaussian distribution, and the initial position of the photon
is sampled from the laser spot on the water surface (Fig. 2b).
The intensity distribution on the water surface is [63]

I Ry,
_ e 1
e exp ( 202), 1)

where ¢ is standard deviation of Gaussian distribution. The
sampled spot radius R is expressed as

Rg=0y/=2In (&), (2)

where &,.,,4 is a random number uniformly distributed over
(0, 1). The initial azimuth angle on the Gaussian spot is
sampled as follow

I( Rg) =
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Fig. 2. (a) Global coordinate system of the simulation model,
and (b) sampling the point from the Gaussian spot.

Py = 27 - érnd' (3)

The photon’s initial position on the water surface then be
obtained as

= Rgcosp,+ Ty
y= Resing, +y,, (4)
z=H

where H is the flight height. The lidar system positions z;
and y, will be changed with the UAV moves. The initial
incident direction of the photon is

Uo(z) = sin 8y cos ¢,
Uy(y) = sinbysin g , (5)
Uo(2) = cos by

where the emitting angle can be calculated by
0, ~ tan"'(Rg/H). When the photon passes through the
air-sea interface, the instantaneous state of the waves must
be taken into account. The normal vector of the surface
wave is defined as

U,(z) =sinb,cos0,
Uw(y) = sin 611/ sin Py s (6)
Uw(z) = cos 9“’

where ¢, is also sampled by equation (3). The normalized
probability density function of 0, is proposed by Cox and
Munk [64]:
2 — tan® (0,
p(6,) = ) exp %() tan (0,,) sec? (0,)], (7)

w

where ¢ is the root-mean- square of surface slope and calcu-
lated by & = (0.003 4 0.00512v)"/?. v is the wind speed. The
propagation direction U of the photon after entering the
water can be obtained from Uy and U, by applying Snell’s
law.

2.2 Moving and scattering

Absorption and scattering events happen when the photon
propagates underwater. According to the randomly
sampled optical distance, the photon’s moving direction,
and the attenuation coefficient profile of water, the geomet-
ric distance of the photon’s random movement can be
calculated [65]. The geometric distance is used to update
the photon’s position. At the new position, the photon’s
weight will be reduced, and the moving direction will be
changed. For the scattering direction, its scattering polar
angle 6 can be sampled by the scattering phase function,
while the scattering azimuth angle ¢ is uniformly dis-
tributed over [0, 2x]. The above process can be found in
the reference [49]. However, considering that the concentra-
tion of scattered particles in the stratified water varies with
depth, which will affect the probability of the photon’s
colliding with particles, this effect must be included in the
simulation. In this study, the scattering phase function of
water molecules mixed with particles is used for scattering
polar angle 6 sampling

B0, 2) =22 3u0) + 250, 2), Q

where the f3,,(0) is the normalized phase function of water
and f,(0) is the Petzold average-particle phase function
[66-68]. b is the total scattering coefficient, which is the
sum of water scattering coefficient b, and the particles
scattering coefficient b, respectively. It should be noted
that, the scattering polar angle 0 is sampled with respect
to the current photon propagation direction U, which
serves as the reference axis of the local coordinate system.
Consequently, to obtain the updated photon propagation
direction Uew, the directional transformation from the
local scattering coordinate system to the global coordinate
system is given by

Ule) U(z) Uy r
Uncw(x) \/1 U(z)? \/1, U(2)? (I)
Uy U() U(z)
Unew(y) = \/1 U(z)z \/17 U(z)2 U(y)
UllE\V z
? 1-U()° 0 U
sin 0 cos @
sinfsin ¢ | . )
cosf)

2.3 Interaction with the target

The target underwater is set up as a cylinder with a
longitudinal length Lo and a cross-sectional radius R As
shown in Figure 3, the photon’s position is P;, based on the
sampled geometric distance Lgep and the incident direction
U, and the new position P, can be calculated by Pgtep, =
P; + Ly, U. If the position Pyiep(2) > H + d, — R¢, and
the moving direction U(z) > 0, this will indicate that the
photon moves downwards and it may collide with the target.
When U(z) < 0 and Pgtep(2) < H+ dy, + R, it indicates a
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Fig. 3. Geometry of the photon colliding with the cylinder
target, the left sub-graph is projection of the interaction process.

possible upward interaction event. Assume L, is the dis-
tance between P; and Pigucn, and the interaction position
P ucn can be described by Pigueh = Pi + Liouen U. Accord-
ing to the projection of the ray interaction with the cylinder
in Figure 3, P’¢ is the center of the projection circle, and
Lot is the distance from P’; to P e Since P = [y;, 2]
is known in the yoz plane, the point P’ can be repre-
sented as [y; + Lot U(Y), 2 +L 1ot U(2)]. Based on vector

P’ Py is perpendicular to vector P; P'got, the distance
L’io0r and the point P’ can be obtained by

—
P/CP foot * _éz = 07 (10)
where é; = [U(y), U(z)] is the unit vector from P;' P’got-

For an interaction event, the distance |P¢' P'toot|< Reo

. . . ! .
(radius of the cross section). The distance L, is expressed
as

2

L = Lfnot - R(Z - ‘PC/P foot (11)

touch

! . . . . . .
L, .., in projecting space is converted to three-dimensional

space by

!

L ouc
Ltouch = t2 - 3 ) (12)
Uy + U(z)

and the coordinates of Piouen then can also be calculated. If
Piouen(z) € [7507%} and the geometric distance of this
movement isn’t less than Ly, the collision eventually
oceurs.

To calculate the dlrectlon after collision, the differential
tangent plane around PtOuCh is treated as a Lambertian
reflector, so the probability density function of the reflected

angle 6, can be expressed as

P(0,) = cos0,, (13)

then the propagating direction Ut after collision can
be obtained by substituting 6, into 6 of (7) and the unit

direction vector of P’ P'igeen into U, where the reflected
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Fig. 4. Geometry of photon detection of MCT model. (a)
Estimation of water signal (green dotted line) and target
reflection signal (red dotted line). (b) The shaded area under
the target and non-detectable water signal (gray dotted line).

azimuth angle ¢, = 2n¢,,;. For the upward interaction
event, Uy(2) takes a positive value; for the downward inter-
action event, Uy(z) takes a negative value. The photon’s
weight is reduced to W; = pW,, and p is the surface reflec-
tivity of the target.

2.4 Interaction with the target

Only if the photon’s position P; is in the volume of detec-
tor’s field of view (FOV), the signal contribution can be
recorded. The condition of the detection is expressed as [69]

e

0
R, :H-tan( FQOV> +Rtele+[

— Prov(2)]” + [Pi(y) — Prov(y)]’ < R

P;(z) — H] - sin (OFE‘) )
n2 sin’ (ﬂro»)

(14)

where Prov is the center of the FOV section, and the Ry
is the radius of the telescope. For vertical incidence,
Prov(z) and Prov(y) are equal to z and y. For the obli-
que incidence, Ppov(z) and Ppov(y) are related to
Prov(2). Figure 4a describes the vertical detection situa-
tion when the lidar system is at Py, = [0, 0, 0]. If the photon
interacts with the target, P; is replaced with Piouen t0
determine whether the interaction position satisfies the
detection condition. The signal contribution of jth photon
at position P; is estimated by [46]

NG j) = AQB(O,) T, Wexp (~z),  (15)
where f(6,) represents the probability that a photon will
be scattered from the current direction to the receiving
direction. If the photon interacts with the target, f(0,) is
the Lambertian phase function. Otherwise, $(6,) is the
phase function of mixed water in equation (8). T is
the sea surface transmission, W; is the present weight of
the photon. The solid angle of the detector 4Q can be
calculated by the detector’s image position Py, = [Zg, Yss,
—nyH + H]. 7;is the optical depth from position P; to lidar
position Pg;.
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However, a special scenario that needs to be considered
is when the photon moves underneath the target. As shown
in Figure 4, for the vertical detection, the covered extent
can be described approximately as

—L¢ L¢
T € |:—2 ,7:|
, 16
y € [~ Ry, Ry (16)

z> H+d,

where Ry = diytan(0coy/2), dime = 2z +H(n,—1) is distance
from the detector’s image position Piyng to the circle
center Pg, Oy = 2sin71(RC.dimg). When the photon enters
this area, the detectable trajectory is blocked by the target,
and the photon can no longer make contributions to the
signal.

2.5 Interaction with the target

Noise is an influential factor of detection, which mainly

includes background signal of solar radiance and detector

noise. NV, represents the background signal and is given by

[70]

Inlioy
4he, ’

Ny = [, AN Ay, (17)

where I, is the solar spectral radiance reflected from atmo-
sphere and the water’s surface, A is receiver aperture area,
A/ is the bandwidth of the detector’s filter, At is the sample
time, 14, is the quantum efficiency of the detector, #,, is the
optical efficiency of the lidar system, 4 is the laser wave-
length, c, is the speed of light in vacuum, h is the Planck
constant. The signal-to-noise ratio of the target signal can
be calculated by [70]

6N:\/Nst+Nsw+Nb+Nd

\/%(Nsl - Nsw) ’
NR =Yt w0/
SNR SN

(18)

where N, is the lidar returned photoelectrons with target
detection, N, is the lidar returned photoelectrons without
target (only water detection), Ny is the dark count signal of
the detector, and m is the number of the laser shots that
need to be integrated.

3 Scanning oceanic lidar system

The airborne linear scanning oceanic lidar system (SOL) for
underwater target detection is shown in Figure 5. We chose
a 532.1 nm Nd:YAG laser as the light source for strong
water penetration. The laser operates reliably over a
temperature range of 0-40 °C. Under laboratory conditions
at 25 °C, both the output power and pulse energy exhibit
stability better than 2%, effectively reducing variations in
pulse width and beam quality induced by environmental
temperature fluctuations. The photomultiplier tubes
(PMT) from the H10720-01 series manufactured by

(€Y
Scanning subsystem Ml
Laser
Controller Subsystem
= [ ] & Data Acquisition Unit [*"]™" ¥
otor h :
4 -
Ap PBS FL1 i
N \n< i ; :
] :
M2 IS Z i
~ b PMT 1}
Telescope CL BF = FL 2 A
3 A »
PMT 2
(b)

Fig. 5. (a) The schematic diagram of SOL system, the laser
beam path is in green. Ap is short for aperture stop, CL is short
for collimating lens, BF is short for band filter, FL is short for
focusing lens, and PBS is short for polarizing beam splitter. (b)
SOL is deployed on the UAV.

Table 1. Parameters of SOL system.

Parameter Description
Transmitter

Wayvelength 532.1 nm
Pulse energy 0.1 mJ
Laser repetition rate 2000 Hz
Pulse width 1.9 ns
Beam divergence 2.4 mrad
Receiver

Telescope diameter 50 mm
Maximal field of view 106 mrad
Optical efficiency 0.72
Detector PMT
Detector efficiency 0.13
Sampling rate 1 GHz

Hamamatsu Photonics are chosen as the detector for good
sensitivity and wide dynamic range. The PMT exhibits high
cathode radiant sensitivity in the green spectral band and
operates reliably over a temperature range of 5-50 °C.
Owing to its low dark current, the detector is capable of
responding to photon-level signals. The hardware parame-
ters are shown in Table. 1.

In the receiving subsystem, a Fresnel lens is selected as
the telescope. The telescope has a rear focal length of
60.5 mm and an optical transmittance of up to 96%. The
telescope collects the echoes and focuses them onto the rear
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focal plane. After aperture -stop limitation, the echoes pass
through a collimating lens and a narrowband filter to
enhance beam collimation and spectral selectivity, suppress-
ing interference from other wavelengths. The conditioned
echoes are then separated by a polarizing beam splitter,
refocused by focusing lenses, and detected by PMTs,
enabling high-sensitivity detection of the return signals.

In the scanning subsystem, a paraxial structure is cho-
sen with the emission subsystem and the receiver subsystem
separated at both ends to implement mechanical syn-
chronous scanning. Besides, a reflective photoelectric incre-
mental encoder is equipped to obtain angle information
during scanning. It continuously outputs high-resolution
TTL pulse signals in A, B, and Z phases. One full rotation
corresponds to 163480 pulse signals, yielding a minimum
angular resolution of 7.9 arcseconds, which meets the angu-
lar accuracy requirements of the UAV-borne lidar system.

4 Model validation

We first simulated water signals and compared them with
lidar equation results for model theoretical validation, then
simulated the underwater target signals and compared
them with the measured profiles to verify the function of
the photon’s interaction with target in the model.

4.1 Comparison with lidar equation

The oceanic lidar equation has been broadly applied to
validate various lidar signal simulators [47, 49]. The depth-
dependent lidar return signal of the lidar equation is [42, 43]

E A
2 OT% T? C’UA tpnoe

Ny(z) = = ———y
) = T 2)

aneﬁn(zw)exp<2/ KMM(Z’)dZ/>7 (19)
0

where 2, =z — H is water depth in this study, Ns is the
received signal, E is the laser energy for one pulse, O is
the overlap factor, At, is the pulse width, T, is the transmis-
sion of atmosphere, v is the frequency of the laser, f,(z) is

the volume scattering coefficient calculated by (6) at the
scattering angle of m. Kj;4,- is the lidar attenuation coeffi-
cient which is calculated by [43]

Klidar(zw) = Kd(zw) + [Ctoml(zw) - Kd(zw)]
exp [—0.85 ot (20) D(24)],

where c¢ioa(2,) is the extinction coefficient, D,(z,) is the
lidar spot diameter at different water depth, Ky(z,) is the
diffuse attenuation coefficient.

Because of the limitation of lidar equation in dealing
with multiple scattering, the water environment has to be
as clean as possible to reduce multiple scattering. Referring
to Morel’s research, we choose the simulation seawater from
the South Pacific anticyclonic gyre (SPG) which is olig-
otrophic and the “clearest” [57]. Figure 6a shows the chloro-
phyll concentration profile of SPG water, and the
calculated inherent optical properties based on the chloro-
phyll concentration [43, 57-62].

The relative error used here, which describes how closely
the simulated signals match the lidar equation signal, is as
follows

_ |Xs - XR|

R

B x 100%, (21)

where X is the simulated value, and X5 is the result of lidar
equation. We take the mean relative error at 100 m inter-
vals for statistics. We set the number of photons to 107
and take the average results of five simulations for compar-
ison. For simplicity, the MC simulation result and the lidar
equation result are normalized based on their respective sea
surface signals.

Figure 6b compares the normalized lidar return signals
from the lidar equation and the MCT model. A strong
agreement between the two results is shown over most
depth ranges, indicating the MCT model can accurately
reproduce the expected lidar signal attenuation behavior.
Slight deviations appear at the deeper water layers, which
can be attributed to the cumulative effects of multiple scat-
tering. These effects are inherently captured by the MCT
model but simplified in the analytical lidar equation. These
deviations can be further characterized through quantita-
tive analysis. The mean relative error is less than 5% within
a depth of 50 m and increases to approximately 19.4% at a
depth of 100 m. Overall, these results demonstrate that the
proposed MCT model achieves high accuracy while provid-
ing a more comprehensive and physically realistic descrip-
tion of underwater lidar signal propagation.

4.2 Experiment validation

The measurement experiments of SOL were conducted in
the Thousand-Island Lake, Zhejiang province, China. The
mean depth of the Thousand-Island Lake is about 34 m,
and the maximum depth is more than 100 m. We chose
the area near the Gangkou Bridge between two groups of
mountains as the experimental area (Fig. 7a). On this occa-
sion, the wind disturbance can be drastically avoided, and
the water surface is wide enough. The inherent optical prop-
erties of water were measured by Spectral Absorption and
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Attenuation Sensor ac-s (WET Labs Inc.), and the results
are shown in Figure 7b. The green metal barrel was selected
as the underwater target. Its length is 0.8 m and its radius is
0.3 m. Its surface has a strong reflection and the reflectivity
is about 0.5. As shown in Figure 7c, the ball float and the
clump weight were used to fix the metal barrel at a water
depth of about 7 m. The lidar SOL was mounted on the
UAV DJI Flycart 30. The FPV camera on the UAV can
help monitor the surface and assist lidar detection. The
direction of flight was perpendicular to the long side of
the target (Fig. 7d). Case 1 and case 2 each represent a
group of laser beams making up a single linear scanning.

The SOL measurements were processed through a series
of corrections. In the data pre-processing phase, a low-
complexity method based on linear approximation of the
leading edge (LLE) was used to extract the water surface
precisely, then the slope distances both in the air and water
could be calculated as well [71, 72]. Next, according to the
angle information of the rotating motor, the slope distances
were converted to vertical distances. The one-dimensional
signals could be put together as two-dimensional images.
Finally, the intensity of the lidar’s output was converted
to the number of photoelectrons by calibrating the single-
photon response of the detector in the lab.

Figures 8a and 8b show two typical scanning images,
and the relevant observed geometries of the UAV that flew
over the target are shown in Figure 7d, marked as 1 and 2.
Figure 8a was obtained near the top of the target center
(case 1), while Figure 8b was obtained from the top edge
of the target (case 2). Both of the results had strong signals
at a water depth of about 7 m, which revealed the good
detection capabilities of SOL. The intensity of the target
signals in case 2 was declining and became difficult to

distinguish. We also found the signals from the shallow
water were so strong that the value was beyond the maxi-
mum the data acquisition unit could record. It was the rea-
son that signals from the water surface to about 2 m depth
were almost the same.

It is apparent to see the target’s signals at a depth of 7.0 m
in the simulated results of Figures 8c and 8d, which is very
consistent with the measured results in Figures 8a and 8b.
The simulated target’s signals scanned in case 1 are stronger
than in case 2. Other than the consistency of the target’s
position, the quantity of simulated photoelectrons was
consistent with the order of magnitude of measured photons.
All of the photoelectron numbers first decreased from 10* at
the water surface to about 10%° at a depth of 3.0 m, then
decreased to 10" at 7.0 m. The numbers of photoelectrons
from the target were around 10° in case 1 and around
10" in case 2. To sum up, the above comparisons demon-
strated the correctness of the MCT model.

5 Analysis of the detection capability of SOL

Using the MCT model, the detection capabilities of SOL are
further explored. The simulation experiments are carried
out under two typical kinds of seawater: Jerlov II and
Jerlov 3C [73, 74]. IOPs shown in Figures 9a and 9b are
from WOOD (World-wide Ocean Optics Database). The
lidar system parameters and the size of the target are the
same as in Section 4.2.

To evaluate the detection differences between two kinds
of water, we simulate the signals generated by the target
placed at different zcoordinates in case 1, as shown in
Figures 10 and 11. The scanning horizontal resolution is
0.4 m. The simulated results show that, when the depth of
the target is smaller than 25.0 m in Jerlov II water and
9.0 m in Jerlov 3C water, it is easy to recognize the target.
When the zcoordinate of the target is 30.0 m in Jerlov II
water and 11.0 m in Jerlov 3C water, the target is barely
possible to recognize. Besides, the thickness of the target’s
signal, which means its depth range, is greater in
Jerlov 3C. This might be relevant to the multiple scattering.

Generally speaking, the target recognition of a two-
dimensional image is more difficult than that of a single
profile. This is because in a two-dimensional image, there
must be continuous target features (at least two continuous
profiles) to be convincing. As shown in Figures 10 and 11, the
strongest target signals exist near the center of it (z=0), and
decrease with horizontal distance from the center. Based on
the results of Figures 10 and 11, we simulate the detection
capability of a single profile of multiple zcoordinates of
the target in case 1. We use N,— N, to acquire the signals
that are only reflected by the target. The feature peaks of
N,,— Ny, signals with different depths are extracted and plot-
ted as Figure 12a. The signal-to-noise ratios of these feature
peaks are calculated and shown as Figure 12b. It can be seen
that the photoelectron numbers in both water environments
go down exponentially with depth, and in Jerlov 3C water,
they decrease much faster because of the bigger attenuation
coefficients. The same trend appears in the distribution of
target signal SNR with respect to depth, as shown in
Figure 12b.
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It is widely known that SNR can be improved by inte-
grating several profiles. To improve the SNR of N,—N,,,
the horizontal sampling interval should be reduced so that
more laser shots are able to encounter the target. We have
already discovered that the horizontal detectable length
range of target is beyond its actual length [xe (—0.4 m,
0.4 m)| (Figs. 10 and 11). Therefore, after counting the
number of photoelectrons with horizontal distribution at
the same depth of target, the definition of extended
detection range is made as the x-range when the photoelec-
tron numbers with target reduce to half of that at the center

top (z = 0). The statistical results of the extended detection
range are displayed in Figure 12c. Assume the SNR does not
change within this range, and set SNR, = 3 as the standard.
Then the relationships between max detectable depth and
horizontal scanning resolution of Jerlov II and Jerlov 3C
water are shown in Figure 12d by interpolating at the depth
resolution of 0.1 m. Only one single profile is needed when
the target depth is shallower than 25.0 m in Jerlov II water
and 9.2 m in Jerlov 3C water, so the max point resolutions
are equal to the extended detection ranges. It should be
noted that the phenomenon of photoelectron numbers of
the target dropping to half does not mean the target cannot
be recognized. Recognition still depends on its true value
and SNR (Fig. 10a). As the depths of target add up, more
and more profiles have to be integrated, so the point resolu-
tions are equal to the corresponding extended detection
range divided by the number of integrated profiles. If the
SNR reduces to a very small value, like lower than 1, it will
be better to level up the number of integrated four times as
calculated by equation (18).

The preceding analysis reveals that, to achieve a certain
target SNR, deeper targets require the integration of more
lidar profiles to enhance signal quality. This requires an
increase in horizontal sampling density to ensure that more
laser beams effectively interact with the target. While this
approach improves the detectability of deep targets, it
simultaneously reduces the area that can be covered within
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a given time, thereby decreasing the overall detection effi-
ciency. This compromise carries important scientific impli-
cations for the design and operation of oceanic scanning
lidar systems for target detection. Firstly, it quantitatively
links detection depth to the required lidar signal profiles
integration, and offers a theoretical basis for estimating
detection costs at varying depths. Secondly, it highlights
the inherent constraint between detection depth and oper-
ational efficiency and emphasizes the balance of spatial res-
olution, scanning speed, and signal quality in system
configuration. This understanding provides valuable guid-
ance for making acquisition strategies to different targets
and water environments.

6 Conclusion

Oceanic lidar is significant for detecting deeper water. In
this study, we proposed a semi-analytic MC model of under-
water target detection (MCT) and developed an airborne

linear scanning oceanic lidar system (SOL) for model
validation. The comparison is made between lidar equation
signals and MC simulated signals to validate the correctness
of our model. It turns out the mean relative error is less
than 5% within a depth of 50 m and is about 19.4% within
a depth of 100 m. By comparing the simulated two-
dimensional scanning signals with SOL’s field target mea-
surements, the measured results show the consistency of
the target’s position and the order of magnitude of photo-
electrons. Then a series of simulations in Jerlov II water
and Jerlov 3C water are made to study the detection capa-
bilities of SOL. It turns out that, set SNR = 3 as the detec-
tion standard, the maximum target detection depths are
25.0 m in Jerlov IT water and 9.2 m for a single profile.
The definition of extended detection range is made, and
how the maximum horizontal scanning resolution varies
with depth is studied as well. Their relationships are
conducive to balancing detection capabilities and scanning
efficiency, providing a good reference for practical detection
scenes. By exploring a range of representative simulation
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conditions, including different water optical types, target
depths, and scanning parameters, the proposed MCT model
is shown to be robust and effective. In addition to the cases
presented in this work, the model framework is readily
extensible to other scenarios involving variations in lidar
system parameters and target-related properties, such as
target size, shape and reflectivity.

There are also limitations to the MCT, such as the
floating ball interference. In practical field measurements,
floating balls can generate strong reflective signals at the
sea surface, introducing additional non-target returns and
locally increasing background levels. Such surface-related
reflections may reduce the contrast of target echoes under
certain conditions. In addition, other detector-related noise
such as the after pulse, manifests primarily as weak delayed
components in the received waveforms, which may cause a
slight overestimation of deep-water signals. These effects
will be further investigated in future studies. Furthermore,
a more comprehensive parametric study about diverse
water optical properties and lidar system parameters will
be essential to construct generalized models, which can
improve the transferability and applicability of the simu-
lated findings in the broader practical scenarios.
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