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Abstract: An intelligent approach is proposed and investigated in this paper for the detection of ultra-
low-altitude sea-skimming moving targets for airborne pulse Doppler radar. Without suppressing
interferences, the proposed method uses both target and multipath information for detection based
on their distinguishable image features and deep learning (DL) techniques. First, the image features
of the target, multipath, and sea clutter in the real-measured range-Doppler (RD) map are analyzed,
based on which the target and multipath are defined together as the generalized target. Then,
based on the composite electromagnetic scattering mechanism of the target and the ocean surface,
a scattering-based echo generation model is established and validated to generate sufficient data
for DL network training. Finally, the RD features of the generalized target are learned by training
the DL-based target detector, such as you-only-look-once version 7 (YOLOvV?) and Faster R-CNN.
The detection results show the high performance of the proposed method on both simulated and
real-measured data without suppressing interferences (e.g., clutter, jamming, and noise). In particular,
even if the target is submerged in clutter, the target can still be detected by the proposed method
based on the multipath feature.

Keywords: airborne radar; deep learning; moving target detection; multipath feature; range-Doppler
map

1. Introduction

Sea-skimming moving target detection is of great importance for airborne pulse-
Doppler (PD) radar in both civilian and military applications [1-3]. However, in com-
plicated environments, the sea-skimming moving target is easily submerged in strong
interferences, such as sea clutter, noise, multipath, and even jamming. To solve this prob-
lem, the typical approach is to reduce or remove the interferences by filtering. For example,
moving target indication (MTI) or moving target detection (MTD) [4] can be used to reduce
the effects of main-lobe clutter, where targets and clutter are distinguished by their different
Doppler frequencies. However, the target signal may still be submerged by strong side-lobe
clutter, and if the velocity of the target is relatively low, it is difficult to separate the target
from the side-lobe clutter. The beamforming technique [5] can help to reduce the influence
of side-lobe clutter, and the space-time adaptive processing (STAP) technique [6-9] can
adaptively suppress main-lobe and side-lobe clutter from the angular and Doppler dimen-
sions to effectively improve the detection performance of low-velocity targets. The problem
is that the detection performance of these filter-based methods decreases significantly if the
interference knowledge is inaccurate [10].

In recent years, with the rapid development of deep learning (DL) techniques, various
intelligent methods have been proposed for radar target detection and have achieved
better performance than traditional methods [2,11-15]. In particular, without the need for
filtering and denoising processes, targets are detected with high detection performance by
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exploiting their unique image features, such as multifractal spectrum [16], singularity power
spectrum [17], scale invariant feature transform [18], histogram of oriented gradient [19],
and so on. In the special case of PD radar [2,10,11], the target is automatically detected
from interferences based on its range-Doppler (RD) image features. Typically, interferences
such as clutter, noise, and jamming are modeled as extensions in the range and/or Doppler
domain in the RD maps. And the moving target is modeled as an isolated point. However,
the ultra-low-altitude moving target may have more RD image features, and these features
have not been well exploited. In practice, for the ultra-low-altitude target, due to its
interactions with the environment surface, the radar receives not only the echo reflected
directly from the target but also the multipath echoes generated by the coupling scattering
between the target and the environment surface [20,21].

Previous studies usually considered the multipath echo to be a kind of interference
and believed that the presence of multipath will degrade the detection performance and
the parameter estimation performance. Various multipath suppression methods have thus
been proposed, such as MIMO radar waveform design [22], Brewster effect [23], high-range
resolution [24], and array super-resolution techniques [25].

However, research [26] shows that both the direct return and multipath echoes of
the target are coherent and that the multipath echoes contain target energy. In some
cases, multipath can also be used to improve the adaptive radar target detection perfor-
mance [27,28], human activity detection probability [29], indoor or urban object imaging
performance [30,31], and tracking performance of low-angle sea-skimming targets [32].
However, the application of multipath information to improve the target detection perfor-
mance by airborne PD radar for ultra-low-altitude sea-skimming moving targets has not
been well exploited.

In addition, the DL-based target detection method relies on massive training data,
which are difficult to obtain through outfield experiments. Therefore, the numerical sim-
ulation method can be more flexible in obtaining sufficient training data under different
conditions. Although the traditional sea clutter simulation method can provide a statistical
representation of the sea clutter by fitting the measured sea clutter data [33,34], it lacks the
interaction between the radar and the sea surface, which cannot describe the echo char-
acteristics under specific radar and environmental parameters. Therefore, using only the
statistical models, as well as some typical clutter data, the existing echo generation model
for airborne radar cannot meet the requirements for simulation under the specific scenario
parameters and reflect the scattering mechanism between the radar, target, and sea surface.

To reflect the complex scattering mechanism between the radar and the environment,
in recent years, many scholars have applied electromagnetic computations to radar echo
simulation, such as the Doppler spectrum of sea clutter [35,36], SAR imaging of the ocean
surface [37], and the echo simulation of a ship on a dynamic sea surface [38]. However,
the existing composite electromagnetic model of targets above the sea [39] can only calculate
the composite scattering within a certain range (the sea surface size is usually tens or
hundreds of meters), it is difficult to simulate the echo of targets above large areas of the
sea efficiently, and its sea surface scattering model provides only the overall average values
of the environment, not the detailed local information. Due to the lack of the amplitude
and phase information of local scattering units, this model is difficult to be used directly
for the echo generation of clutter and multipath. At present, there is not an appropriate
scattering-based echo model for the airborne radar detection of ultra-low-altitude targets
above the sea.

Therefore, to improve the detection performance of ultra-low-altitude sea-skimming
targets by the multipath and DL-based method, firstly, the multipath and the target on
the RD maps are defined as the generalized target. Then, based on the composite elec-
tromagnetic scattering mechanism of the target and the ocean surface, a scattering-based
echo generation model is established and validated to generate sufficient data for DL
network training. At last, the features of the generalized target are learned by the DL-based
detectors to improve the detection performance without suppressing the clutter and noise.
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It should be note that designing DL networks is not the focus of this study. According to
the experiment results, we found that the defined generalized target can indeed improve
the target detection performance, and the proposed echo simulation model can indeed
generate accurate training data to make the DL networks become applicable to the practice.
In summary, the contributions of our work are as follows:

1.  The image features of clutter, target, and multipath in the RD map are analyzed.
The multipath and target in the RD map are defined as the generalized target, the fea-
tures of the generalized target are learned through DL-based detectors to detect
the target from the interferences, and the simulation results demonstrate the high
detection performance of the proposed method.

2. The composite scattering model for the airborne radar detecting ultra-low-altitude tar-
gets is established. The accuracy and efficiency of the model are verified by comparing
the simulation results with the accurate numerical algorithm.

3. A scattering-based echo generation model is established to generate sufficient training
data, and the effectiveness of the model is verified by the comparison with real-
measured data. The existence of the multipath is proven by our simulation results.

The rest of the paper is structured as follows. Section 2 describes the geometry model
and the signal model. Section 3 describes the image features in RD maps, the generalized
target detection by the DL-based method, and the scattering-based echo generation model
in detail. Section 4 describes the target detection results of the DL-based method. Finally,
the conclusions are given in Section 5.

2. Geometry Model and Signal Model

This section presents the geometry and signal models for the airborne radar detection
of ultra-low-altitude sea-skimming targets. Based on these, the RD maps are generated.
The geometry model of the airborne radar detecting sea-skimming ultra-low-altitude
targets is shown in Figure 1, where the radar center position vector is Ps = [Sy, Sy, S,
the radar velocity vector is V, = [0y, 0y, 0r2], the target center position vector is Py = [Ty, Ty, T2],
the target velocity vector is V; = [vyy, Uty, vtz], and the direction along the coordinate axis is
the positive direction.
For the linear frequency modulation (LFM) pulse radar, the transmit signal can be
written as
se(t) = rect <t> 2 (fot+Krt?/2) (1)
TP
where rect(-) is a rectangular function, fy represents the carrier frequency, Kr = By /T,
donates the linear frequency modulation rate, Byy is the signal bandwidth, and T}, is the
pulse width.
The echo response of each scattering unit received by the radar at time f can be
expressed as
S'(t) = Aysy(t — 1)?alt=7) ()

where A = ((A%G;G,)/((47)>R?R2))1/2, where G; and G, represent the transmitting an-
tenna gain and the receiving antenna gain, respectively, and R; and R, represent the distance
from the scattering unit to the transmitting antenna and receiving antenna, respectively;
y=c1/26%, where ¢ is the radar cross section (RCS) of the scattering unit and ¢ is a phase
term when electromagnetic scattering occurs on the scattering unit; T represents the time
delay from transmission to reception of the electromagnetic wave; and f; represents the
Doppler frequency.
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Figure 1. The geometry model of the airborne radar detecting sea-skimming ultra-low-altitude targets.

After zero intermediate frequency (zero-IF) processing for §'(t), the baseband signal
Sr(t) can be expressed as

t'(ts, ts . /
Sr(ty,ts) = A(ts)yrect (W) Q(t' (b7, 1)) i ) ©)
P

where t'(tf, ts) = tr — (R;(ts) + Rr(t5)) /¢, tf denotes the fast time vector, and t; represents
the slow time vector, ¢(t) = e/ it Considering all the possible components, the total

received echo can be written as follows:

X(tf,ts) = S(i‘f,ts) + ](tf, ts) + N(tf, ts) 4)

where ] (t £/ ts) and N (¢ I t;) denote the jamming and noise signals, respectively, and S(# I ts)
represents the echo of the total scattering units, which can be written as

S(tf/ts) :Zsr(tf/ts) (5)
N

where N denotes the number of target and environmental scattering units in the echo response.

The two-dimensional (2D) RD maps can be obtained by PD processing of the received
echoes. Firstly, the pulse compression is adopted by using the matched filtering method
in the fast time domain (range dimension), and ch(r, t) is set as the result after pulse
compression, which can be expressed as

Xpe(r,ts) = IFFT{FFT[X(tf, ts) ®h(tf)]} ©)

where h(ts) represents the transfer function of the matched filter, and ® represents the con-
volution. FFT represents the fast Fourier transform, and IFFT represents the inverse FFT.

Then, the Fourier transform is conducted in the slow-time domain (Doppler dimen-
sion) for the frequency domain filtering, and the result can be expressed as

Xrp(r, f4) = FFT{Xpc(r, t5)} @)

where f; represents the Doppler frequency vector.
Finally, the RD maps are generated after normalization and threshold filtering, which
can be expressed as
[ Xrp| — min{|Xrp|}
max{|Xgp|} — min{|Xgrp|[}

- max{Xgp — 1,0
Xpor = XRD g—( RD — 7§ }
RD — 1

®)

XRD =

©)
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where |-| and max{-} indicate taking the absolute and maximum values, respectively, and
1 is the threshold value.

3. Generalized Target Detection via DL-Based Method

As shown in Figure 2, the generalized target detection via the DL-based method is
proposed in this section, where the RD map features in the real-measured data are analyzed,
and the generalized target is defined in Section 3.1; then in Section 3.2, the DL-based moving
target detection method is proposed, and the features of the generalized target are learned
through DL-based detectors; finally, in Section 3.3, the composite scattering model and
the scattering-based echo generation model are established to generate sufficient data for
DL-based network training, and the effectiveness of the echo generation model is verified
by the comparison with real-measured data.

3.1: Analysis of echo features] RD maps features J 3.2: DL-based moving

in real-measured data J Generalized target 'l target detection
A

Validation of echo
generation model

A 4

3:3: Composite scattering ] Generate sufficient training data
model and scattering-based J

echo generation model

Figure 2. The proposed generalized target detection via the DL-based method.

3.1. Analysis of Echo Features in Real-Measured Data

The real-experiment scenario is shown in Figure 3, where the radar carrier and the
target are both Cessna 208 aircraft, the height of the carrier and target are Sy = 1.2 km and
Tz = 100 m, respectively, and the two aircraft are flying in opposite directions at a velocity
of 110 m/s.

The RD map of the real-measured data is shown in Figure 4, where the slant distance
between the carrier and the target is R; = 5.3 km. From Figure 4, it can be seen that there is
an obvious RD image feature of each component:

(1) The clutter obeys a curve and vertical line image feature, and there is a strong altitude
line clutter at the Doppler frequency of 0 Hz. At the same time, the jamming, with a
vertical line image feature, is also distributed in the range dimension at the 0 Hz
Doppler frequency.

(2) The target and multipath echoes have a point-like feature, where the multipath echoes,
as parts of the target echo, are distributed in both the range and Doppler dimensions
and are larger than the target echo in the range dimension and smaller than the target
echo in the Doppler dimension.

(38) The target echo is also distributed in the Doppler dimension due to the micro-motion
of the blades.
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Figure 4. The RD map of the real-measured data.
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In conventional methods, the moving target is modeled as an isolated point on the RD
map. However, from the real-measured RD map shown in Figure 4, there is a multipath
around the echo of ultra-low-altitude targets. Based on the target-like feature of the
multipath, in this study, the multipath and the target are defined together as a generalized
target with the unique RD image feature. The detection performance based on DL-based
algorithms used for ultra-low-altitude targets is analyzed in the following sections.

3.2. DL-Based Moving Target Detection

As shown in Figure 5, in the existing constant false alarm detection (CFAR)-based
moving target detection method, the interference suppression is performed during Doppler
processing after matched filtering the received radar echoes, and then the CFAR detector is

used for target detection.
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Radar Matched Doppler CFAR
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Figure 5. Existing CFAR-based moving target detection method.

Instead of suppressing the interference, the DL-based method in this paper detects
the target directly by learning the target features in RD maps without suppressing the
interference as shown in Figure 6.

Radar Matched Doppler DL
echoes filtering processing detector

Figure 6. DL-based moving target detection method.

At present, the mainstream DL-based target detection algorithms are divided into
two categories: single-stage detectors, such as YOLO series and SSD series, and two-stage
detectors, such as RCNN, Fast R-CNN, Faster R-CNN, FPN, etc. In this study, YOLOv7 [40]
and Faster R-CNN [41] are applied to illustrate the detection performance of learning the
generalized target features.

3.2.1. YOLOvV7 Algorithm

YOLOV? [40] is one of the latest achievements in one-stage object detection algorithms,
with improved detection efficiency and accuracy compared to previous algorithms. The
architecture of basic YOLOV7 consists of four main components: input, backbone, neck,
and head.

Input: The input network preprocesses the input images, mainly including Mosaic
data enhancement, adaptive image scaling, and adaptive anchor frame calculation.

Backbone: The backbone network mainly includes the Convolutional-Batch
Normalization-SiLU (CBS) module, the efficient layer aggregation network (ELAN) module,
and the Max Pooling (MP) module, and its main function is feature extraction.

Neck: The neck network also consists of the CBS, ELAN, and MP modules. Different
from the backbone network, there are two upsample modules. The main function of
upsampling is to improve feature extraction using PANet [42]. In addition, the neck
network also contains the SPPCSPC module, which can significantly improve the receptive
field and feature expression capability.

Head: The head network uses the RepConv module to adjust the number of channels
and uses 1 x 1 convolution operations to predict the target confidence, category, and regres-
sion detection box.

3.2.2. Faster R-CNN

Faster R-CNN is a typical representative of the two-stage target detector [41]. The basic
framework of Faster R-CNN consists of three main parts: Convolution layer (conv layers),
Region Proposal Network (RPN), region of interest pooling (RoIPooling) and Classifier.

Conv layers: Conv layers is a feature extraction network for resized input images.
Vgg-16 is selected for feature extraction in this paper, and the Conv layers are composed of
13 conv layers, 13 Relu layers, and 4 pooling layers.

RPN: The RPN slides windows on the feature map to generate region proposals,
anchors the candidate regions with boxes, and predicts whether the boxes contain objects.

RolIPooling and Classifier: This network classifies the candidate boxes and fine-
tunes the coordinates of the candidate boxes. Finally, it outputs the regression and box
classification information.
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3.3. Scattering-Based Echo Generation Model

The DL-based target detection method relies on massive training data. However,
due to the single parameter change of the outfield experiment scenario, the data obtained
only through real experiments are relatively limited. Therefore, a scattering-based echo
generation model is established to obtain accurate and sufficient training data for DL
network training and to reflect the complex scattering mechanism of ultra-low-altitude
target detection by airborne radar.

3.3.1. The Composite Scattering Model

As can be seen from Figure 1, when the radar irradiates the ultra-low-altitude target,
the echo received by the radar includes not only the direct scattering from the target
but also environmental scattering (clutter) and higher-order coupling responses between
the target and the ocean surface (multipath scattering). Existing composite electromagnetic
models of targets above the sea [39] can only calculate the composite scattering within a
certain range, as it is difficult to simulate the echo of targets above large areas of the sea
efficiently. Therefore, it is necessary to establish an appropriate electromagnetic model
for each scattering component. In this section, the composite scattering model of airborne
radar detecting ultra-low-altitude target is proposed, where the establishment of the ocean
surface scattering model, the target, and multipath scattering model is shown in subsections
‘Ocean Surface Scattering Model’ to “Target and Multipath Scattering Model’, respectively.

Ocean Surface Scattering Model

Electromagnetic scattering from the ocean surface is the source of clutter. The sea
surface scattering model in [39] (the two-scale model method) provides only the overall
scattering characteristics of the environment; its simulated results are average values, not
the detailed local information. However, limited by the range resolution and azimuth
interval of the airborne radar, the local scattering information of each scattering unit is
equally important for echo generation, e.g., the local scattering amplitude and phase.
The facet-based two-scale model (FBTSM) algorithm is proposed to calculate the local
scattering of the large-scale ocean surface in an arbitrary region.

The ocean surface is usually modeled as a random fluctuation model with statistical
properties and can be generated as a rough surface via Monte Carlo methods [43] with a
given spectrum. (In this study, the Elfouhaily spectrum [44] is used for modeling, the posi-
tive direction of wind speed is along the y-axis, and the angle between the wind direction
and the y-axis is @\ as shown in Figure 1). The entire rough surface is then meshed into
triangular facets of a given size, the principles of facet meshing are described in detail
in [45].

The normalization radar cross section (NRCS) of the ocean rough surface calculated
by the proposed FBTSM algorithm can be expressed as

N/
oo (R k) = - 1o [ G )+ oM (ks R A5, (10)

n=1
where k; and ks represent the unit vector along the incident and scattering directions,
the subscripts v and & represent the vertical and horizontal polarizations, N’ represents the
total number of ocean surface facets, and A’ represents the area of the total rough surface.
AS, represents the area of each facet. The meaning of other variables and the specific

derivations to get (10) can be found in Appendix A.1.

In the radar irradiation area, the clutter region cannot be considered a single scatter.
As shown in Figure 7, the entire clutter region is divided into multiple range-Doppler
cells [46]. The scattering amplitude and Doppler frequency at the center of the cell represent
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that of the entire cell. Ar is the width of the range cell, which is determined by the range
resolution, which can be written as

Ar =~ ARsec¢p = % sec @ (11)
W

where AR is the radar range resolution, c is the EM wave velocity, By is the signal band-
width, and ¢ donates the grazing angle of the scattering unit. The azimuth interval A8 of
the range-Doppler cell can be expressed as

~ M
A0~ 4K, cos ¢ (12
where A represents the EM wavelength, f, represents the pulse repetition frequency (PRF),
K is the number of pulses in a coherent processing interval (CPI), and v; is the velocity of
the radar. After Ar and Af are obtained, the area of the range-Doppler cell AS is obtained by
AS = R - Ar - A, where R represents the range from the radar to the scattering center. Then,
according to (10), the RCS of the range-Doppler cell 0. can be obtained by o, = AS - ‘T}tz%ml'

Radarg

g,

X Range cell

Figure 7. Schematic diagram of the range-Doppler cells.

Target and Multipath Scattering Model

The multipath scattering of ultra-low-altitude targets is essentially the coupling scat-
tering between the target and the ocean surface. Figure 8a shows several simple ray tracing
paths, and the shooting and bouncing ray (SBR) method [39,47] is used to describe the
interactions between target facets and ocean surface facets.

As shown in Figure 8b, the direction and amplitude of the rays are traced based on
the geometric optics (GO) method, where the i-th reflected field vector can be calculated
from the i-th incident field vector at each reflection point, and the i-th reflected field is used
as the (i + 1)-th incident field. The specific derivations of the i-th reflection on a triangular
facet based on the GO method can be found in Appendix A.2.

The far-field scattering of the facets is calculated after the completion of ray tracing.
If the final facet is on the ocean surface, the scattering is calculated by the FBTSM method
in Section 3.3.1. For the scattering of the target facets, the far-field scattering is calculated
by the physical optics (PO) method, which is given by

s . jkoe 0 o — R

Epo ~ 4o [ks x (WI(¥') + 1oks x Jo(7) | AAWT (13)
_ 1 [—jko (i—ks) ] g o7
I—AAnfsne ds (14)
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where j represents the imaginary unit, ko represents the EM wave number in free space, 7o
represents the wave impedance in free space, r represents the far-field distance, and # is
the last facet position vector. The integral in (14) can be solved by Gordon’s method [48].
The facet mesh size is 1/10 incident wavelength. J,(#') and M;(#') are the electric and
magnetic currents on the illuminated facet, which can be expressed as follows:

Js (') = 2 x (Ei(7') + Ex (7)) (15)

N

M(?") = —i x (H;(#) + H,(7")) (16)

where E;/,(#') and H;,(#') represent the incident or reflected electric and magnetic fields,
respectively.

GO

Transmitter

Target

Receiver
Ray 1
Ray 5 Facet
PO/FBTSM
Ocean surface Facet
(a) (b)

Figure 8. SBR method based on ray tracing. (a) Multiple scattering between the sea surface and the
target. (b) Schematic diagram of a certain ray.

3.3.2. Echo Generation Model
The echo generation can be performed after the scattering calculations for each com-

ponent have been completed. Taking into account all the possible scattering components
for S(tf, t;) in (4), S(tf, t;) can be written as

where T(t I ts), C(t 12 ts), and M(t I t;) represent the echo of target, clutter, and multipath,
respectively.
For the target echo, T(t Iz t;) can be expressed as

t'(ts, ts : /
T(tf, t;) = Z (A(ts)%rect<( 7{ )>§0(t/(tf, ts))elzﬂfdt(t (tf/ts))> (18)
r

far =2V, = Vi) - ke/ A (19)

where N; represents the number of scattering facets of the target. < is calculated by the PO
method in subsection ‘Target and Multipath Scattering Model'. k; is the unit vector from
the radar to the center of the target facets.

For the clutter echo, C (tf, t;) can be expressed as

t'(t, t : /
Cl(ts t5) = 2 (A(ts)'ycrect<(]{s)> (P(tl(tf/ ts))eﬂ”fdcf(f (tf/ts))> (20)
P

Nc

fact =2Vs ke /A 1)

where N, represents the number of range-Doppler cells. k. is the unit vector from the radar
to the center of the range-Doppler cell. . is calculated by the FBTSM method in subsection
‘Ocean Surface Scattering Model'.

For the multipath echo, M (tf, t;) can be expressed as
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M(tf, ts)

t - R t H mn\ts
Z (A(ts)vmrect<fmn(s)/c> Pt — W)e]znfdmt(tf_W)> (22)

N TP

where Ny, represents the number of total rays during ray tracing. Ry, is the total path
length of each ray from emission to reception. v, is calculated by the SBR method in
Section 3.3.2. It should be noted that in the simulation of multipath echoes, as shown in
Figure 9, the Doppler frequency f,,,; in multipath echoes can be represented as

~

(Vo —Wp) kl_i_i:(vifl_vi)'f(n—l_|_(Vn—vr)'f€n
i

fame = 2 2 2 (23)

Finally, (17)—(23) are brought into (4), and the simulated 2D RD maps can be obtained
by the PD processing shown in Section 2. To simplify the simulation model, the echo
of noise and N(ty, t5) in (4) is modeled as additive complex Gaussian white noise with
a specific signal-to-noise ratio (SNR), and there is no additional jamming J(ty, ;) in the
simulation process to generate the training data.

Receiver

Facet | Facet 3
V, v,

Figure 9. Doppler shift in the multipath scattering.

4. Model Validation and Experiment Analysis

This section focuses on validating the developed models and analyzing the detection
results. Section 4.1 shows the validation of the scattering model and the scattering-based
echo generation model. Section 4.2 presents the multipath echo features and the existence of
the multipath echo. At last, the detection performance of the generalized target is analyzed
in Section 4.3.

4.1. Model Validation
4.1.1. Validation of the Scattering Model

To validate the accuracy of the SBR-FBTSM, the mono-static composite scattering of a
target above the ocean rough surface is calculated by the proposed SBR-FBTSM and the
exact numerical solver, the multi-level fast multipole algorithm (MLFMA). The frequency
of the incident wave is 10G Hz, the size of the rough surface is 100 x 100 m, the wind
speed 10 m above the sea surface is v19g = 5 m/s, the angle between the wind direction and
the y-axis is ¢y = 0°, the dielectric constant of the rough surface is &, = (56.1865, 37.4300)
from the Debye model [49], and the target, located at T7 = 25 m in height, is a perfect
electric conductor (PEC) missile-like target with a length of 5.56 m. The incident angle is
setas 0; = 0°~90°, ¢; = 0°. The scattering result is averaged 30 times in Monte Carlo
simulations. Our simulations are executed on a personal computer with an Intel(R) Xeon(R)
Gold 5218 2.3 GHz CPU and 64 G RAM. Programs are built and run under the Windows 11
64-bit operating system. Figure 10 shows the mono-static composite radar cross section
(RCS) of the target above a rough sea surface under different polarizations, where RCS-T
represents the target RCS, RCS-M represents the multipath RCS, RCS-S is the RCS of the
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rough surface, and RCS-SBR-FBTSM and RCS-MLFMA represent the total RCS calculated
by SBR-FBTSM and MLFMA, respectively.

90
——RCS-T ——RCS-T
~———RCS-M ——RCS-M
60+ ——RCS-S ——RCS-S
— ——RCS-SBR-FBTSM — ——RCS-SBR-FBTSM
g ...... RCS-MLFMA g ......
@ 304 A
2 2
g 2
& 01 &
230
-60 T T T T - -60 . - . r .
0 15 30 45 60 75 90 0 15 30 45 60 75 90
Incident angle(deg) Incident angle(deg)
(a) (b)

Figure 10. Comparisons of the mono-static composite scattering of the target above a rough sea
surface. (a) Vertical-vertical (VV) polarization. (b) Horizontal-horizontal (HH) polarization.

As shown in Figure 10, the results of the SBR-FBTSM agree well with the results of
the MLFMA, and the computation times of SBR-FBTSM under VV-polarization and HH-
polarization are 1139.35 s and 1136.22 s, respectively. The computation times of MLFMA
under two polarizations are 21,460.35 s and 21,448.34 s, respectively. Therefore, the SBR-
FBTSM proposed in this study can simulate the composite scattering between large sea
areas and targets more efficiently than the exact numerical solver.

4.1.2. Validation of the Scattering-Based Echo Generation Model

To verify the accuracy of the echo model, this section compares the RD maps obtained
from the proposed echo generation model with the real-measured data. The parameters
are set as vig = 1.2 m/s, ¢y = 0° & = (56.1865, 37.4300), fo = 10 GHz, By =80 MHz,
T, = 2x 107 s, fr =20kHz, K = 512, the incidence and reception of airborne radar are
both VV polarization, the radar uses a two-dimensional array antenna with 64 x 64 elements,
the radar main lobe is aligned with the target, the radar side lobe gain is —15 dB, and the
maximum range of clutter is 15 km. Figure 11 shows the RD map when the slant distance
between the carrier and the target is R; = 5.3 km of the simulation data.

It can be seen from Figure 11 that the variation trends of main lobe clutter, side lobe
clutter, altitude line clutter, target echo, and multipath echo in the simulation RD map are
consistent with those of the same components in the real-measured RD map in Figure 4.
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Figure 11. The RD map of the simulation data.

It should be noted that as the Cessna 208 has blades, the target echo is also distributed
in the Doppler dimension in the real-measured RD map in Figure 4. However, since
ultra-low-altitude targets such as missiles, fixed-wing UAVs and fighters do not have a
significant blade, the micro-motion feature of the blades is not considered in the simulated
RD maps. At the same time, the jamming, with a vertical-line image feature at the 0 Hz
Doppler frequency, is also not considered.

4.2. Multipath Echo Characteristics and the Existence of the Multipath Echo

Figure 12 shows the echo of the ultra-low-altitude target under different parameters
on the RD maps, where the length and width of the PEC fighter target are 19 m and 14 m, re-
spectively, the length and width of the PEC fixed-wing UAV are 11 m and 20 m, respectively,
fo=10G Hz, f, = 100k Hz, K = 512, &, = (56.1865, 37.4300), T, = 2 x 10~ s, Ps = [0, 0, 300]
m, V; =[0,400,0] m/s, Ty =10 m, T, = 1000 m, vty = v¢; =0 m/s, the incidence and reception
of the airborne radar are both VV polarization, the radar uses a two-dimensional array
antenna with 64 x 64 elements, the radar main lobe is aligned with the target, the radar
side lobe gain is —15 dB, and the maximum range of clutter is 3000 m. Other simulation
parameters are shown in Table 1. The transforming equation between velocity and Doppler
frequencyisv = 0.5-c- f;/ fo. It should be stated that, as the NRCS of the sea surface is
mainly affected by wind speed and the wind direction has little effect on it [45], this study
only considers the influence of wind speed on the RD image features.

(1) From Figure 12a—c, it can be seen that the received power of the altitude line clutter
decreases as the wind speed vy increases, while the power of the main lobe clutter increases.
For multipath echoes, as the wind speed vy increases, the multipath echoes broaden in the
frequency dimension, and the maximum power of the multipath echoes decreases. This is
because as the wind speed vy increases, the ocean surface becomes rougher, the backscat-
tering of the surface increases, and the specular scattering decreases, resulting in a decrease
in the altitude line clutter and an increase in the main lobe clutter. The multipath echoes
are generated by the coupling between the target and the sea surface. The higher the sea
state, the more specular the scattering units of the sea surface are, resulting in a broadening
of the multipath echoes in the frequency domain. The weakening of the specular scattering
at the sea surface leads to a reduction in the received multipath echoes.
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Table 1. Echo simulation parameters.
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Figure 12. The RD maps of ultra-low-altitude targets under different parameters.

500 750

(2) As observed in Figure 12b,d,e, with the target height decrease, the altitude line
clutter increases slightly. Meanwhile, the distribution of multipath echoes in the Doppler
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dimension decreases, and the maximum power of the multipath echoes increases. The rea-
son is that as the target height decreases, the radar main lobe points towards the target,
which increases the gain in the direction directly below the radar, resulting in an increase
in the altitude line clutter. At the same time, as the target height decreases, the number
of specular scattering units on the ocean surface decreases, resulting in a decrease in the
multipath echo distribution in the frequency dimension. The coupling scattering between
the target and the sea surface increases as the height decreases, increasing the maximum
power of the multipath echoes.

(3) Figure 12b,f,g show the RD maps under three conditions: radar and target head-on,
target side-flying, and radar pursuing target. The figures show that when the target velocity
is slow, the target echo will be submerged in clutter, making it difficult to detect the target
in the RD maps.

(4) Figure 12b,h,i provide the RD maps of different targets. As can be observed,
the stronger the scattering of the target, the stronger the multipath echo.

(5) Figure 12b,j plot the RD maps under different bandwidths. It can be seen that
the larger the bandwidth, the greater the power of the target and multipath echoes. This
is because as the bandwidth increases, the size of the clutter resolution units decreases,
resulting in a decrease in clutter power and a relative increase in the target and multipath
echo power.

(6) Figure 12b,k,1 consider the RD maps under different SNRs, and the results show that
with the SNR increases, the target and multipath become more apparent on the RD maps.

Set Byy = 20M Hz, V; = [0, 250, 0] m/s, S; = 1 km, and SNR = 10 dB, and other
parameters are the same as the scenario setups in Figure 12. Figure 13 shows the variation
in maximum multipath power and maximum target power in the RD maps with target
height T, and sea surface wind speed v1.

As can be seen from Figure 13, with the increase in target height and sea surface wind
speed, the maximum multipath echo power decreases. This is due to the reduction in
multipath scattering. At the same time, as observed in Figure 13, the changes in sea state
have a small impact on the maximum echo of the target, while the maximum target echo
increases with the increase in target height. This is due to the decrease in the distance
between the target and the radar, resulting in an increase in the target echo.
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Figure 13. The maximum multipath power versus target height Tz and sea surface wind speed v1g.
(a) The maximum multipath power versus target height with fixed v19 = 5 m/s. (b) The maximum
multipath power versus wind speed with fixed T, = 50 m.

It should be noted that this conclusion applies to the overall changes in target and
multipath in the RD maps. When the velocity of the target, the signal bandwidth of the
radar, the SNR, and other parameters change, the target echo and multipath echo may be
submerged in the clutter and noise.

Therefore, from the simulations above, there is always a multipath signal around the
target echo for typical ultra-low-altitude targets (target height less than 100 m). We define
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the target and multipath as the generalized targets in the RD maps and utilize the features
of these generalized targets for feature learning by DL-based detectors.

4.3. Analysis of Generalized Target Detection
4.3.1. Datasets

Based on the echo generation model in Section 3, the RD maps used for training
YOLOv7 and Faster R-CNN are simulated and obtained, with fixed S, = [0, 0, 300] m,
Uy =0rz; =0m/s, Ty =0 m, fo = 10G Hz, f, = 100k Hz, K =512, v,y = v,; = O0m/s,
Uty =0z =0m/s, T =2 X 107 s,and ¢, = (56.1865, 37.4300). The incidence and reception
of the airborne radar are both VV polarization, and the radar uses a two-dimensional
array antenna with 64 x 64 elements. The radar main lobe is aligned with the target, and
the radar side lobe gain is —15 dB. The target type is randomly selected from PEC missile,
PEC fighter, and PEC UAV. The values of other parameters are randomly selected from a
specific range, and are shown in Table 2.

Table 2. Simulation parameters for generating the datasets.

Parameter Symbol Value Range
Wind speed V10 [1,10] m/s
Target y coordinate Ty [400, 2000] m
Target z coordinate T, [10, 120] m
Signal bandwidth Bw [5,40] MHz
Target velocity Uty [—600, 600 m/s
Radar velocity Ury [300, 600] m/s
Noise SNR [5,20] dB

After the RD maps are generated, each RD map is labeled with a target bounding box
using labellmg 2 [50] software to create XML tags. As shown in Figure 14, the dataset is
constructed by labeling the target and the generalized target for each RD map, respectively.
A total of 600 RD maps are obtained, and the dataset is randomly divided into training,
validation, and test datasets according to the ratio of 8:1:1.

(b)

Figure 14. The label diagram of RD maps. (a) The proposed method based on the generalized target.
(b) The conventional method based on the target only.

In this study, the training and testing are implemented on PyTorch 1.10 using NVIDIA
GeForce RTX 8000 GPUs (NVIDIA, Santa Clara, CA, USA). The models are trained for
300 epochs, using the Adam optimizer for training, with an initial learning rate of 10~%.
The batch size is 16, and the size of the images for the backbone layer after preprocessing
the input images is 640 x 640.
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4.3.2. Evaluation Metrics and Model Training Results

To evaluate the detection performance of different detectors, the precision, recall, F1
score, and mean average precision (mAP) are usually selected as the evaluation metrics [51],
and their expressions can be expressed as

TP

Precision :P = ———— 24
recision (TP T Fp) ( )
TP
Recall R= — 2
eca (TP + FN) @5
P-R
F1 score “PIR (26)
1
AP = [ B(R)A(R) 27)
1 n
mAP = - Y AP; (28)
i=1

where TP, FP, and FN represent true positive samples, false positive samples, and false
negative samples, respectively. P and R represent the proportion of true positive examples
in the prediction results and in the sample that are correctly predicted, respectively. The F1
score is a weighted average of P and R. AP represents the area value under the curve of the
P and R metrics. mAP is the average of AP, which represents the overall detection accuracy
of the detectors. In this study, the mAP metric is chosen to measure the overall detection
performance of YOLOv7 and Faster R-CNN on the two datasets.

As shown in Figure 15, to measure the training degree during the training process,
the metrics of training loss and validation loss from all training outcomes using YOLOv7
and Faster R-CNN are aggregated. Due to the difference between the training and valida-
tion data, the difference between the value of training loss and validation loss is relatively
high in the first 50 epochs. However, the value of the training loss and validation loss grad-
ually decreases as the training epochs increase. The loss values remain almost unchanged
after 150 epochs for YOLOv7 and 200 epochs for Faster R-CNN, which indicates that the
training of the two detectors achieves the best fit.

To validate the overall detection performance of YOLOv7 and Faster R-CNN, Figure 16
shows the mAP@0.5 curves. On the whole, the curves illustrate a consistent upward trend
in the mAP score during the early training epochs. However, they stabilize as the number
of training epochs increases. For YOLOV7, the values of mAP@0.5 are stabilized at around
0.98 by the proposed method and 0.76 by the conventional method. For the faster R-CNN,
the values of mAP@0.5 are stabilized at around 0.58 by the proposed method and 0.48
by the conventional method. Therefore, for both detectors, the detection accuracy of the
proposed method is higher than that of the conventional method.

At the same time, it can be seen from Figure 16 that during the initial epochs, the in-
creasing speed of the value of mAP@(.5 by the proposed method is greater than that by the
conventional method. From the above results, it can be concluded that the feature of the
generalized target with joint multipath information can be learned more efficiently than just
learning the feature of the target by the DL-based detectors. Meanwhile, it can be seen from
Figure 16 that the detection performance of YOLOV? is better than that of Faster R-CNN.
Therefore, in the following experiments, the testing is all based on the model trained by
YOLOV?, and to compare the detection performance of the proposed method with that of
the conventional method, the confidence threshold of the detector is set as 0.2 when testing.
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Figure 15. The changes in the value of training loss and validation loss.
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Figure 16. Comparison of the mAP@0.5 curves.

4.3.3. Testing Results on Simulated Data

Running the trained YOLOV7 on the testing datasets of simulated RD maps, the test
results of the same RD maps under different parameters of target, radar, and clutter dis-
tribution are shown in Figure 17, where the red circles represent the target is missed
or false detection. It shows that under different conditions, such as low target height
(Figure 17a,c) and weak target echo power (Figure 17b,d), the confidence scores of the
detection results based on generalized target features are higher than those of the conven-
tional method. At the same time, just learning the target feature leads to missed or false
detections (Figure 17d) in the RD maps.

Running the trained YOLOV7 on the simulated RD maps of multiple targets, the test
results are shown in Figure 18, where the results of two targets in the RD maps are shown
in Figure 18a,b, and the results of three targets in the RD maps are shown in Figure 18¢,d;
the subscripts 1, 2, and 3 in the figure caption denote targets 1, 2, and 3, respectively,
from left to right in the RD maps. It can be seen from Figure 18 that although only the
features of a single target in RD maps are learned during training, targets can be accurately
detected in RD maps by learning the features of generalized targets. However, just learning
the target feature leads to missed or false detections, and the confidence scores of the
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detection results based on generalized target features are usually higher than those of the
conventional method.

Proposed method: Generalized target
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| ,’
/

target/0,81

i
J

target|0.25
G target 0:61|
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Figure 17. Detection results of the simulated RD maps with a single target. Simulation parameters:
(@) vig=4m/s, T, =1978 m, T; = 13 m, Byy =19 MHz, Upy =28 m/s, vy =395m/s, SNR = 12 dB, target
type: missile; (b) v1g =6 m/s, Ty =1175m, T; = 44 m, Byy = 10 MHz, v, = —102 m/s, vry = 400 m/s,
SNR =9 dB, target type: UAV; (c) v1g =2m/s, Ty = 1642 m, T> = 19 m, By = 15 MHz, Uy = —543 m/s,
vry =399 m/s, SNR =5 dB, target type: fighter; (d) v;9 =3 m/s, T, =1245m, T; = 26 m, Byy = 10 MHz,
vy = —458 m/s, vy = 405 m/s, SNR = 19 dB, target type: UAV.
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Figure 18. Detection results of simulated RD maps with multiple targets. Simulation parame-
ters: (a) vjp = 6 m/s, By = 38 MHz, SNR = 8 dB, v,y = 587 m/s, Tjy = 1512 m, T;; = 47 m,
o1 = —426 m/s, type of target 1: missile, Typ = 923 m, T;; = 60 m, vy = 117 m/s, type of tar-
get 2: fighter; (b) v10 =4 m/s, By =36 MHz, SNR =7 dB, vy =437 m/s, Ty =823 m, T;; =51 m,
o1 = 244 m/s, type of target 1: missile, Typ = 1551 m, T;» = 67 m, vy2 = —42 m/s, type of target
2: missile; (c) v1p =5 m/s, By =40 MHz, SNR =9 dB, v,y =494 m/s, Tjy = 1132 m, T;; = 80 m,
o1 = —398 m/s, type of target 1: fighter, T)p = 1878 m, T;» = 67 m, vy = 21 m/s, type of target 2:
missile, Ty3 =754 m, T;3 =55m, vyy3 =259 m/s, type of target 3: missile; (d) v19 =3 m/s, Byy =40 MHz,
SNR = 20 dB, vy, = 513 m/s, Tyl =1103m, T,; = 62 m, O = —582 m/s, type of target 1: fighter,
Typ =679 m, Trp =73 m, vpyp = 360 m/s, type of target 2: UAV, Ty3 =763 m, Tz3 = 55 m, vyy3 = 306 m/s,
type of target 3: missile.
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Figure 19 shows the detection results of simulated RD maps with low-speed targets.
As shown in Figure 19, when the target velocity is slow, the target echo is submerged in or
closed to the clutter, so detecting the target from the interferences is difficult when only
learning the target echo features. However, by learning the generalized target features
together with the multipath information, it is possible to detect the target even when the
target echo is submerged in clutter or close to the clutter region, and the detection results
obtained by our proposed method also always have higher confidence scores.

Proposed method: Generalized target
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Figure 19. Detection results of simulated RD maps with low-speed targets. Simulation parameters:
(@) v10 = 1 m/s, By = 16 MHz, SNR = 8 dB, v;, = 600 m/s, T, = 817 m, T; = 44 m, vy =20 m/s,
type of target 1: missile; (b) v19 = 3 m/s, Byy = 20 MHz, SNR =9 dB, v,y = 300 m/s, T, = 493 m,
T, =50 m, vy = —47 m/s, type of target 1: missile; (c) v1g = 4 m/s, By = 22 MHz, SNR = 8 dB,
vy = 590 m/s, Tyl =425 m, T,; = 56 m, U1 = 314 m/s, type of target 1: missile, Ty =1182m,
T2 =40 m, vyp = —43 m/s, type of target 2: fighter; (d) v1p =2 m/s, By = 30 MHz, SNR = 18 dB,
Ury = 467 m/s, Tyl =1205m, T;1 =78 m, Upy1 = —456 m/s, type of target 1: missile, Tyz =519 m,
T2 =53 m, vyp =352 m/s, type of target 2: UAV, Ty3 = 1216 m, T3 =78 m, vyy3 = —19 m/s, type of
target 3: fighter.

4.3.4. Testing Results on Real-Measured Data

We run the trained YOLOV7 on the testing datasets of real-measured RD maps. Due
to the limited amounts of real-measured data, only 100 real-measured RD maps of the
same target at different moments are included in the test dataset. In addition, due to the
significant difference in the maximum clutter distance between the real-measured and
simulation RD maps, we only intercept the real-measured data of 1.5 km near the target
range unit for testing. Unlike simulated RD maps, there is unintentional jamming in the
real-measured data as shown by the vertical line on the RD map in Figure 3.

Figure 20 shows four detection results of the real-measured data. It can be seen
from the testing result that even if the real-measured data are not put into the dataset for
training, the target can still be accurately detected from the clutter and interference by the
proposed method. However, from the testing results of the conventional method, since
only the features of the target are learned by the detector, the clutter is detected as the target
by mistake.

To measure the overall detection performance of the YOLOV? on the real-measured
data, Figure 21 shows the precision/recall (PR) curve on real-measured RD maps. The re-
sults show that in the real-measured data, the generalized target features are also more
easily learned by the DL-based detector and used for target detection without suppress-
ing interferences.
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Figure 20. (a—d) Detection results of real-measured RD maps.
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Figure 21. Detection results of real-measured RD maps.

To verify the detection performance of targets in different locations of real-measured
RD maps, we re-intercept the 100 RD maps of the real-measured data, in which the target in
each RD map is intercepted to be located in different distance ranges as shown in Figure 22,
and the average probability that the target is correctly detected at different locations is
shown in Figure 23.

1.5
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< 0.9
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0.3
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0

Doppler/(kHz)

Figure 22. Schematic of different distance ranges.



Remote Sens. 2024, 16, 4773

22 of 27

1.0
£ 0.8
L06{ —T—— T
&
§ 0.4+
2 —— Proposed method
g 0.2 —=— Conventional method
0.0 T T T
1 2 3 4 5

Distance range

Figure 23. Average probability that the target is correctly detected at different locations.

It can be seen from Figure 23 that the detector has consistent detection performance
for targets located at different distance ranges in the real-measured data, which illustrates
the effectiveness of detecting real-measured data by intercepting the real-measured data of
large clutter distance.

4.3.5. False Alarm Rate

To assess the false alarm rate of the detector, 400 RD maps without target both in the
real-measured data and simulated data are obtained, and the changes in the false alarm
rate versus the confidence threshold are shown in Figure 24.

It can be seen from Figure 24 that the false alarm rate decreases as the confidence
threshold increases, and the overall false alarm rate of the proposed method is lower
than that of the conventional method in both simulated and real-measured RD maps,
and the false alarm rate of the real-measured RD maps is slightly higher than that of the
simulated RD maps. It is worth emphasizing that when the threshold is greater than 0.8,
the false alarm rate of the proposed method is 1/400 = 0.0025 in the simulation dataset, and
2/400 = 0.005 in the real-measured dataset. When the threshold is greater than 0.9, the false
alarm rates of the proposed method in both datasets are 0/400. Meanwhile, as can be seen
from the detection results from Figure 17 to Figure 20, if the confidence threshold is set too
high (e.g., more than 0.7) while the false alarm rate can be reduced, most targets will be
difficult to detect with the detector using the conventional method.

—¢— Proposed method —<— Conventional method

0.5
0.4 Simulated RD maps |
0.3
02f =
g \0\0\0
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Figure 24. False alarm rate versus different confidence thresholds.

5. Conclusions

In this study, we have developed a novel target detection approach to improve the
detection performance of ultra-low-altitude sea-skimming targets by the multipath and
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DL-based method. The generalized target is defined after analyzing the image features of
the target, multipath, and clutter on the RD maps. Then, sufficient simulated RD maps
for DL network training are generated by the proposed scattering-based echo generation
model. At last, the targets are detected based on their distinguishable generalized features
and the DL techniques without suppressing the interferences. The detection results show
the high performance of the proposed method on both simulated and real-measured data.

The limitation of the proposed method is that both the target and multipath are
detected simultaneously. In other words, the bounding box includes both the target and
multipath. Hence, compared to the bounding box including target only, further processing
steps are required to accurately extract the target parameters, such as its velocity and range.
In addition, the impact of sea swell on the clutter is not considered; the corresponding
surface model, scattering model, and echo generation model need to be further established
to more accurately mimic the echo characteristics of the sea. Additionally, we directly use
existing DL networks for target detection, without structural adjustments or optimizations.
To further improve the detection performance, designing new DL networks to better exploit
the target features is on the list of our future work. At last, expanding the dataset by
incorporating micro-motion features of targets will also be studied.
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Appendix A
Appendix A.1 Calculation Scheme of the NRCS of the Ocean Rough Surface

The following derivations are elucidated to obtain (10), the NRCS of the ocean rough surface.

As shown in Figure Al, the ocean surface contains large- and small-scale parts.
The small-scale contour distribution corresponds to the high-frequency part of the Elfouhaily
spectrum, and the scattering coefficient is calculated using the small perturbation method
(SPM). The Kirchhoff approximation method (KAM) is used for the scattering calcula-
tion for the large-scale part. The total scattering can be considered a combination of the
two parts.

Large scale surface Small scale surface

Figure A1l. The two-scale model.
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The scattering field of each facet on the ocean surface can be obtained as [52]
. L JkRo o
Efacet(ki/ kS) = zanShv(ki/ ks) (Al)
o

where k; and ks represent the unit vector along the incident and scattering directions, k
is the EM wave number, Ry is the distance from the facet centers to the receiver, j repre-
sents the imaginary unit, and the subscripts v and / represent the vertical and horizontal
polarizations. Sy, is the scattering amplitude [53] and can be expressed as

27 K(1—¢ PN
Sho (ki ks) = %Fhv //C(r)g jk(ks—ki)r 3, (A2)

where {(r) represents the small ripples on each facet, € represents the relative permittivity,
and Fy, is the polarimetric coefficient. The scattering of the ocean surface is generally ex-
pressed in the form of scattering coefficients. Based on (A1) and the definition of scattering
coefficient [54], the scattering coefficient of each small facet can be expressed as

oM (i, ks) = k(e — 17| Fio|*S; () (A3)

where S;(g) represents the high-frequency part of the Elfouhaily spectrum. The scat-
tering of small-scale facets is modulated by large-scale facets. Based on the KAM [55],
the scattering coefficient of a large-scale facet can be expressed as

PN 7rk1"2
é@wwg:(zﬁ“pmm (Ad)
zZ

where q = k(ks — k;) = g% + qyy + 422, %, § and Z are the unit direction vectors of the

global coordinate system, respectively, |I'j,| is the polarimetric parameter depending on

the incident and scattering vector (lAci, lAcs) and the Fresnel coefficients [56], and prob(-)

represents the probability density function of large-scale facets, which is defined in [57].
Finally, the NRCS of the total ocean rough surface can be expressed as

(T;i%ml (fCi/ fcs) _ % . i{ {U}I;AM(I%, ko) + UEZI)’M(IAQ, i(s)n} ASn} (A5)
n—

Appendix A.2 Calculation Scheme of the i-th Reflection on a Triangular Facet

The following derivations are elucidated to show the i-th reflection on a triangular
facet based on the GO method.

Figure A2 shows the i-th reflection of point P; on triangular facet S,;, where 8; and 0,
are the incidence angle and reflection angle, respectively, Rl- and R, are unit vectors of the
incident direction and reflection direction, respectively, and n; represents the unit normal
direction of the triangle facet element. According to the Snell’s reflection theorem [58], 6,
and R, can be obtained as

6, = 0; (A6)
R, = R; — 2(R; - #;); (A7)

The reflected field E, (#,,) can be obtained from the incident field. Set the incident field
vector at point P; as f:"l-(f’pi) = Eyé, + Ej ey, and the reflected field can be obtained as

E,(#p;) = (DF);(RoEvey + RyEpey) (A8)

where the subscripts v and & represent the vertical and horizontal polarization, respectively,
&,y is the unit vector of the polarization direction, E,/j; represents the amplitude of the
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field in the horizontal or vertical polarization direction, and (DF); represents the diffusion
coefficient of the ray tube at point P;. As the ocean surface and target are divided into
triangular facets in this paper, the corresponding diffusion factor (DF); = 1. R, and Ry, are
the facet surface Snell reflection coefficients under vertical and horizontal polarization. R,

and Ry, can be expressed as
cosO; — 1/ urer — sin%6);
R, = i HrEr i (A9)
cosO; + 1/ urey — sin®6);

grcost; — 1/ yurey — sin6;
Ry, = (A10)
€, COS0; + \/ Hrer — sinzf)i

where ¢, and i, represent the relative permittivity and the relative permeability, respectively.
In particular, for the perfect electric conductor of target facets, R, = —1 and R, = 1.

Figure A2. The i-th reflection on the triangular facet S;,.
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