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Abstract: Ground-penetrating radar (GPR) has emerged as a promising technology for
estimating the soil water content (SWC) in the vadose zone. However, most current studies
focus on partial GPR data, such as travel-time or amplitude, to achieve SWC estimation.
Full waveform inversion (FWI) can produce more accurate results than inversion based
solely on travel-time. However, it is subject to local minima when using a local optimization
algorithm. In this paper, we propose a novel and powerful GPR waveform inversion scheme
based on Harris hawks optimization (HHO) algorithm. The proposed strategy is tested on
synthetic data, as well as on field experimental data. To further validate our approach, the
results of the HHO algorithm are also compared with those of partial swarm optimization
(PSO) and grey wolf optimizer (GWO). The inversion results from both synthetic and real
experimental data demonstrate that the proposed inversion scheme can efficiently invert
both SWC and layer thicknesses, thus achieving very fast convergence. These findings
further confirm that the HHO algorithm can be effectively applied for the quantitative
interpretation of GPR data.

Keywords: ground-penetrating radar; soil water content; waveform inversion; Harris
hawks optimization; vadose zone

1. Introduction

Accurately characterizing the soil water content (SWC) in the vadose zone is essential
crucial for various disciplines, including hydrology [1,2], agriculture [3,4], soil science, and
environmental science. Traditional methods, like time-domain reflectometry (TDR) [5],
exhibit significant limitations, such as being labor-intensive, time-consuming, and causing
soil damage. Consequently, ground-penetrating radar (GPR) has emerged as a promising
geophysical technique for SWC estimation due to its high sensitivity to changes in SWC [6].
It offers a non-destructive and efficient alternative to traditional methods.

Several review articles have been published to scrutinize the evolution of GPR appli-
cations in SWC estimation [6-9]. When estimating SWC, three types of GPR systems are
utilized: surface GPR, borehole GPR, and off-ground GPR. Surface GPR is the most fre-
quently employed technique, encompassing a single-offset mode [10-19] and multi-offset
mode [17,18,20-24]. The multi-offset is an alternative when the air wave and the ground
wave cannot be separated. However, the multi-offset measurement modes, including
common mid-point and wide-angle reflection and refraction, are typically time-consuming
and require significant measurement effort. The advancement of multi-channel GPR array
antennas has helped to mitigate these drawbacks [25,26]. Surface GPR has a limited de-
tection depth. To gain deeper information, borehole GPR is another measurement system
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that includes three types of measurement modes: zero-offset profile [27-31], multi-offset
profile [32,33], and vertical radar profile [34]. Among these three modes, the vertical radar
profile is less invasive and more cost-effective because it requires only one borehole. The
third system is off-ground GPR, which has been developed because it is less invasive than
surface and borehole GPR. Off-ground GPR is usually mounted on a vehicle or a drone,
making it more suitable for rapid surface SWC estimation [35-43]. However, most current
studies rely on GPR travel-time data to estimate the SWC, which offers limited resolution
to characterize the subsurface because only some parts of the information contained in the
GPR data are considered.

Full waveform inversion (FWI), which utilizes the entire waveform information, was
initially proposed for seismic reflection exploration [44]. Compared with travel-time data-
based inversion, FWI can provide higher resolution to characterize the subsurface. FWI
has been rapidly developed for estimating subsurface properties using GPR data, as both
seismic and GPR methods are founded on solving the wave equation [45-47]. In the context
of SWC estimation, several studies have demonstrated the efficacy of GPR FWI [37,40,48].
These studies constructed an objective function by comparing Green’s function between the
calculated data and observed data, subsequently estimating the SWC based on off-ground
reflection data [49].

In the field of FWI, the inversion techniques are mainly classified into two main
groups: those based on local optimization and those based on global optimization algo-
rithms. Many researchers have conducted studies on GPR FWI using local optimization
algorithms [50-52]. However, the FWI inherently poses as a highly nonlinear and multi-
parameter inversion challenge. As such, the problem space is characterized by the presence
of numerous extreme points. A notable issue with local optimization algorithms is their
tendency to become trapped in local minima. To overcome this obstacle, one of the strate-
gies is to obtain a reasonably accurate model derived from ray-traced inversion, which will
serve as the initial model for FWI. However, consistently obtaining an initial model that is
proximate to the global minima within the problem space is a challenging endeavor. To
mitigate the risk of falling into local minima, the inversion based on global optimization is
a superior option. For the global optimization algorithm, a variety of models are initially
defined in the problem space. These models are then updated together, and they gradually
move towards the global minima. Global optimization methods are often inspired by the
social or biological behavior of species. The literature presents a multitude of successful
implementations of global optimization. By considering a wide range of initial models
and employing sophisticated search strategies, the global optimization methods can signifi-
cantly reduce the chances of being trapped in local minima and enhance the robustness of
GPR FWL. In global optimization algorithms, the grey wolf optimizer (GWO) was used to
estimate SWC from GPR waveform data [53]. However, the GWO has limitations when
dealing with high-dimensional and multi-modal functions.

The Harris hawks optimization (HHO) algorithm simulates the hunting behavior of
Harris’s hawks, and it is an emerging global optimization algorithm proposed to solve
optimization problems [54]. As a newcomer of population-based swarm intelligence
optimization algorithms, the HHO has strong global search capability, which can efficiently
explore complex search space and reduce the risk of falling into local minima. Additionally,
the HHO shows a faster convergence rate on many test problems and allows for faster
identification of the best solutions. It also can better maintain the diversity of the population,
thus improving the comprehensiveness of the search by simulating Harris’s hawks” hunting
and strategy changes. Therefore, the HHO algorithm has begun to be applied in many
areas [55-57].
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In this paper, we demonstrate the performance of a HHO application on the inversion
of GPR waveform data for the estimation of layer thicknesses and SWC in the unsaturated
zone. We test the proposed scheme on data with and without noise. We also test it on field
experimental data. Furthermore, in order to verify the performance of HHO, we compare
its results with those of the PSO and GWO algorithms. The inversion results derived from
both synthetic and experimental field data demonstrate that HHO exhibits high capacity
and very fast convergence to invert SWC and layer thicknesses.

2. Materials and Methods
2.1. Harris Hawks Optimization (HHO)

The HHO algorithm was developed by Heidari et al. in 2019, which is inspired by the
cooperative behavior and hunting process of Harris’s hawks in nature [54]. The evolution
of the population within this algorithm is achieved by mathematical modeling of various
predation strategies. There are mainly three stages in the HHO algorithm: exploration, the
transition from exploration to exploitation, and exploitation. In the subsequent sections, we
will mathematically model the exploratory and exploitative phases of the HHO algorithm
according to the Harris’s hawks’ techniques of exploring a prey, executing a surprise pounce,
and employing diverse attacking strategies. Figure 1 displays all the phases for HHO.

Figure 1. The description for different phases of HHO [54].

2.1.1. Exploration Phase

In this part, the exploration mechanism is first modeled mathematically. Harris’s
hawks track and detect the prey with their sharp vision, yet at times prey detection proves
challenging. Therefore, there are two strategies for Harris’s hawks to await prey detection.
In HHO, the Harris’s hawks are regarded as the candidate solutions and the optimal
candidate solution at each stage is considered as the targeted prey. Considering both
strategies, and assuming each perching strategy has an equal likelihood, the perch based
on the locations of other family members and the prey can be modeled as follows:

— X ()f X ()*2 X() > 0.5
t r t 7 t)1, .
X(t 1) rand 1|Arand 2 q (1)

(Xprey(£) = Xm(£)) — r3(LB + r4(UB — LB)),q < 0.5
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where X(t + 1) represents the position vector of hawks in the next iteration ¢, X,,,,4(t) is a
%

randomly selected hawk from the current population, X (t) represents the current position

N
vector of hawks, Xprgy(t) stands for the position of rabbit, 1, 7, 3, and r4 are random
numbers between 0 and 1, g is also random number in range of 0 and 1, which is used to

5
decide which strategy to adopt and is updated in each iteration, and X, (t) is the average
position of the current population of hawks, which is calculated as follows:

. N
Xu(t) = 3 L Xi(0) @
i=1

where X;(t) represents the position of each Harris’s hawk in iteration t and t indicates the
total number of hawks.
The first formula in Equation (1) updates the positions of individuals based on random

—
position X,,,4 () in the population, considering the impact of random individuals in the
population on Harris’s hawks’ search for prey. The second formula in Equation (1) uses the

3
difference between the optimal position X ey (t) of the current population and the average

position }?m (t) of the population, augmented by a random scaling component of a variable
range [LB, UB], to update the position of the individual. The r3 is a scaling coefficient. In
this rule, r3 and r4 provide additional site alternatives for population individuals, aiding
Harris’s hawks in exploring different areas of the search area.

2.1.2. Transition Phase

The HHO algorithm can shift between the exploration and the exploitation according
to the escaping energy of the prey. The energy of a prey decreases dynamically during the
escaping process. The following equation is used to model the escaping energy of the prey:

E=2E(1- 1), ©
T
where E indicates the escaping energy for the prey, Eg represents the initial state of the
escaping energy of the prey, and T is the maximum number of iterations.

In each iteration, when the Ey decreases from 0 to —1, it means that the prey is
physically weakening, whereas when the Ej increases from 0 to 1, it indicates that the
prey is strengthening. During the iterations, the dynamic escaping energy E presents a
declining trend. When the escaping energy |E| is greater than or equal to 1, the HHO is in
the exploration phase, where Harris’s hawks search varied areas to explore the location
of prey. Conversely, when |E| is less than 1, the algorithm tries to exploit the neighboring
area of the current solution to locate the best solution, implying that the HHO is in the
exploitation phase.

2.1.3. Exploitation Phase

When the |E| is less than 1, the HHO algorithm enters the exploitation phase. There
are four potential strategies for modeling the attacking stage according to the escaping
behaviors of the prey and chasing strategies of Harris’s hawks in real-world conditions.
A random number that represents the chance of a prey successfully escaping is defined.
When r < 0.5, it means that the prey escapes successfully. Conversely, when r > 0.5, it
indicates that the prey does not escape successfully.

1. Soft besiege
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When 0.5 < |E| < 1and r > 0.5, Harris’s hawks will quietly encircle their prey softly
to make the prey more exhausted before launching a sudden assault. This strategy is called
soft besiege, which can be modeled as follows:

—

X(E41) = Kprey (£) — X(£)) — E| T X prey (£) — X(8)], (4)

where | = 2(1 — r5) represents the random jump strength of the prey over the procedure of
escaping, and r5 is a random number in the range of (0, 1). In each iteration, the value of |
will change randomly to simulate the nature of prey motions.
2. Hard besiege

When |E| < 0.5 and r > 0.5, Harris’s hawks hardly encircle their intended prey to
finally launch a sudden assault. This strategy is called hard besiege, which can be modeled
as follows:

—

X(E+1) = Xprey (1) — E‘?c,,,ey(t) —X()], 5)

3. Soft besiege with progressive rapid dives

When 0.5 < |E| < 1 and r < 0.5, the prey possesses sufficient vitality to successfully
escape and still a soft besiege is formed before launching a sudden assault. This procedure
is more intelligent compared to the previous case. Here, the levy flight (LF) is introduced to
mathematically model the current escape behaviors of the prey. The LF is used to emulate
the real zigzag deceptive movements of the prey during the escape phase and the irregular,
sudden, and rapid dives of the hawks around the prey. This strategy is called soft besiege
with progressive rapid dives, which can be modeled as follows:

—

Y = Xprey (t) — E|[J X prey (1) — X (1), ©)

Equation (6) bears resemblance to Equation (4), yet differences do exist. Subsequently,
Harris’s hawks will compare the result from Equation (6) with the previous dive to in-
vestigate its feasibility as a dive (a candidate solution). If it is unreasonable (indicating
Harris’s hawks consider the movements of the prey as deceptive), Harris’s hawks will not
use Equation (6) to finish diving. Instead, they will perform irregular, sudden, and rapid
dives as they near the prey. According to the LF, the dive will be defined as follows:

- = o
Z =Y+ S x LF(D), 7)

— —
where Y is calculated based on Equation (6), D is the dimension of problem space, S is a
random vector with dimension, and LF represents the levy flight function, which can be
calculated as follows:

X o
LF(x) = 001 x B2 (8)
B

- 1"(1+/3)><sin(%ﬁ) G
7T (F(lgﬁ) xﬁxz(ﬁzl)> ' ©)

where y and v are random numbers between 0 and 1, and § is a constant value which is

usually set to be 1.5.
In other words, when Harris’s hawks discover that their prey is engaging in deceptive
behavior, the action they take is adjusted according to their expected action, which is
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represented by Equation (6). The adjustment is achieved through the levy flight, as outlined
in Equation (7). The selection of this particular diving mode is designed based on the fitness
of the Harris Hawk’s current position as follows:

§(t+1): - ; ;t)) (10)

— —
where Y and Z are derived from Equations (6) and (7), respectively. If we consider the
optimization problem, then the F(-) is the objective function for that optimization problem.

4. Hard besiege with progressive rapid dives

When |E| < 0.5and r < 0.5, the prey has not got enough energy to escape and Harris’s
hawks will build a hard besiege before launching a sudden assault to catch and kill the
prey. Harris’s hawks endeavor to shorten the distance between their average position and
the escaping prey. Equation (10) is still used as the rule for the hard besiege condition.

However, the Y is calculated using the new rules as follows:

—

Y = Xprey () — E|J X prey () — Xon(8)), 1)

%
where X, (t) is calculated by Equation (2).

2.2. HHO for GPR FWI

We develop a software package for GPR FWI to estimate SWC through HHO based on
MATLAB 2020a. In this study, we only focus on inversion for SWC and layer thicknesses in
the vadose zone by fixing attenuation factor. There are six steps for inverting SWC for GPR
waveform data, which are as follows:

1.  Define the parameters for the algorithm (population size, maximum number of itera-
tion, upper and lower boundaries for the search space of model);

Initialize the parameters for the models (SWC and layer thicknesses);

Calculated the soil relative dielectric permittivity according to the Topp equation [58];
Conduct the forward modeling for all the initial models of the entire population;
Calculate the fitness for every model and update the initial models by HHO algorithm;

AL T

If reaching the maximum number of iterations or meeting the stopping criterion, the
iterations will stop and output the best solution. If not, a new iteration will begin
from stage 3. In this study, the stopping criterion can be expressed as follows:

< tol, (12)

i-cis

- -
where d represents the observed data, m indicates model parameters including the

SWC (0) and the layer thicknesses (z), 8 is a nonlinear forward operator, and tol
stands for the predetermined threshold value. It means that the iteration will stop
when the L, norm between the observed data and calculated data is lower than the
predetermined value.

2.2.1. Objective Function

The purpose of inverse problem is to invert the model parameters based on observed
data within a predetermined solution space. In general, the inverse problems are solved by
an iteration algorithm. During the iteration, an objective function needs to be defined.
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In this study, we first calculate the L, norm between the observed and calculated
data. Then, we calculate the L, norm for the observed data. Finally, we build the objective
function according to the equation as follows:

— —

Eobs - Ecal

fitness = 100 x 2 (13)

-
E obs

2

— —

where E ;s and E ., represent the observed data vector and the calculated data vector,
respectively. Figure 2 shows the flow for inverting the SWC from GPR waveform inversion
with HHO algorithm.

Initial SWC model
(ginitial )

Topp equation

Calculated GPR
waveform data (F.q))

Final SWC Harris hawks
(ofmal) optimization algorithm

Figure 2. The flow for inverting the SWC from GPR waveform inversion with HHO algorithm.

Relative permittivity
(€)

Observed GPR
waveform data (Fops)

2.2.2. Petrophysical Relationship

In order to obtain models of electrical properties for GPR forward modeling, we need
a petrophysical relationship to convert the SWC to electrical properties. In this paper, we
only focus on the relative dielectric permittivity by ignoring the conductivity. Therefore,
we select the widely used Topp equation to calculate the relative dielectric permittivity
from the volumetric SWC [58]. With the classical parameters, the Topp equation can be
expressed as follows:

e =3.03+9.30 x 0 + 146.00 x 6% — 76.70 x 62, (14)

where ¢ stands for the relative dielectric permittivity of the soil, and 6 represents the
volumetric SWC. In this paper, we ignore the errors in the petrophysical relationship.

2.2.3. GPR Forward Modeling

In GPR inversion, the forward modeling is a great important link. At each iteration, the
response of a subsurface model is required to be calculated. Subsequently, the parameters
for the model are inverted by gradually narrowing the difference between the observed
data and the calculated forward response. Maxwell’s equations are the basic theory for
the modeling of electromagnetic waves. Combining Maxwell’s equations and constitutive
relations, we can gain the propagation and diffusion equations of the electromagnetic
waves, which are expressed as follows:

5 9E _ PE

E
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- 25y
AH = ‘u(faa—lt{ + ‘usaa—i{, (16)
— —
where E stands for the electrical field, H stands for the magnetic field, y, o, and € represent
the magnetic permeability, the electrical conductivity, and the dielectric permittivity of the
medium, respectively, and t is the time. In this study, we only focus on the electric field.
Therefore, we will not mention Equation (16) in the following section.

- = .

In this study, we assumed the electrical field to be a time-harmonic wave (E = Ege~'“?),
and so Equation (15) can be written as follows:
— ’ 2

AE+K°E =0, (17)

where k is the complex wavenumber, w is the angular frequency. Equation (17) is also
called the Helmholtz equation. The k can be expressed as follows:

K = jw(ew + io), (18)

When considering the attenuation («), Equation (18) can be written as follows [59]:

k=w\[ule+iz) = p+in, (19)

where & and 8 = w/V represent the absorption coefficient and phase velocity, respectively,
and V stands for the velocity of electromagnetic wave in the medium.

In this study, we realize the forward modeling by using the solution of Equation (17)
given by Banoas follows [59]:

E(z,w)exp(ikz) = E(0, w)exp(ifz)exp( — az), (20)

Let Eg(w) represents the complex spectrum of the electrical source ey(t) at z = 0.
Assuming a reflecting layer exists at depth of z = z1, the complex spectrum resulting from
a vertically incident wavelet, after it has traversed a homogeneous absorbing layer from
z = 0, is given as follows:

E(w,z1) = G(z1)R(@)Eo(w)exp (15,221 )exp(—a2z1)), (21)

where G(z1) stands for the geometrical spreading and R(w) is the reflection coefficient at
z = z1. ais equal to w/2VQ, where Q represents the quality factor. Finally, we can apply
an inverse Fourier transform to Equation (21) to yield a GPR response [59].

3. Results and Discussions
3.1. Numerical Examples

In order to test the performance of the proposed inversion scheme with HHO algo-
rithm, we designed three synthetic examples. In Model A, the soil was assumed to be
homogeneous, there was only one kind of soil, and there was a water table at 0.85 m. For
Model B and Model C, we assumed that the subsurface was divided into two layers, in
other words, there were two types of soil. In Model B, the SWC increased from the surface
to the boundary of the two types of soil, and then a sudden decrease occurred at about
0.5 m. Below the boundary, the SWC increased with the increasing of depth until it reached
the water table at 0.85 m. In Model C, we assumed that the surface reached saturated
first and the SWC decreased from the surface to the boundary of the two types of soil.
Below the boundary, the trend was similar to the change in SWC in Model B. The SWC
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increased with the increasing of depth until the water table at 0.85 m. The parameters of
the models are listed in Table 1. Figures 3-5 illustrate these three 1D surface models (blue
solid lines in Figures 3, 4 and 5b) and their forward modeling responses (blue solid lines in
Figures 3, 4 and 5a). For all the 1D forward modeling in this paper, the center frequency
for the source was set to be 500 MHz.

Table 1. The soil property parameters and search space for Model A, Model B, and Model C.

Parameters of Search Space of Parameters of Search Space of Parameters of Search Space of
Layer Model A Model A Model B Model B Model C Model C
Swc!? z?2 SWC z SWC z SWC z SWC z SWC z
1 0.05 0.15 0.03-0.08 0.08-0.23 0.37 0.15 0.19-0.56 0.08-0.23 0.07 0.15 0.04-0.11 0.08-0.23
2 0.05 0.20 0.03-0.08  0.10-0.30 0.21 0.20 0.10-0.31 0.10-0.30 0.18 0.20 0.09-0.27  0.10-0.30
3 0.07 0.10 0.03-0.10 0.05-0.15 0.25 0.10 0.13-0.38 0.05-0.15 0.31 0.10 0.15-0.46 0.05-0.15
4 0.10 0.20 0.05-0.16  0.10-0.30 0.07 0.20 0.03-0.10  0.10-0.30 0.06 0.20 0.03-0.08  0.10-0.30
5 0.20 0.10 0.10-0.30  0.05-0.15 0.20 0.10 0.10-0.30  0.05-0.15 0.16 0.10 0.08-0.23  0.05-0.15
6 0.43 0.10 0.22-0.65 0.05-0.15 0.43 0.10 0.22-0.65 0.05-0.15 0.43 0.10 0.22-0.65 0.05-0.15
7 043 0.10 0.22-0.65  0.05-0.15 043 0.10 0.22-0.65  0.05-0.15 0.43 0.10 0.22-0.65  0.05-0.15
8 0.43 003 0.22-0.65 [N 0.43 o 0.22-0.65 [N 0.43 ) 0.22-0.65 o0
1 SWC is the abbreviation of soil water content. 2 z represents the layer thickness. 3 co represents the infinite
half space.
150F 1 Soil water content
Observed trace 0.0%.00 010 020 0.30 0.40 0.50
100} == == Calculated trace | {
True SWC
== == nverted SWC
501 | 0.20
3
2
E‘ 0 50.40 i
< <
L 4 o
%0 20.607
100} 1
0.80f
-150t " . L . . E
0 5 10 15 20 25 30
Time (ns) 1.00
(@) (b)

Figure 3. Inversion results of data without noise for Model A: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red

dashed line).
Soil water content
150 Observed trace 0.00 0.10 0.20 0.30 0.40 0.50
0.00
== == (alculated trace
1001
0.20
o 50F
el
2
E 20.40
£ 0 E
< =
L o,
50 20.60
-100r I
0.80
150} | | ! ! ! _ True SWC
0 5 10 15 20 25 30 = = Inverted SWC
Time (ns) 1.00
(a) (b)

Figure 4. Inversion results of data without noise for Model B: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red
dashed line).
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Amplitude

200

100

o

-100

-200

' ' I ' Soil water content
Observed trace | | 0.00 010 0.20 0.30 040 0.50
== == (Calculated trace 0.00 [ I ' '
| 0.20}
20.40¢
=
o
. A 0.60f
) 0.80f
| ! | | True SWC
10 15 20 25 30 == == [pyerted SWC
Time (ns) 1.00 : : :

(a) (b)

Figure 5. Inversion results of data without noise for Model C: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red
dashed line).

3.1.1. Synthetic Data Without Noise

The performance of the proposed inversion scheme is first investigated on synthetic
data without noise. For all these three models, the population size is settobe N = 10 x D,
where D is the dimension of parameter space. Based on a few previous tests, the maximum
number of iterations for data without noise is set to be 1000. The upper and lower bound-
aries for the search space depart 50% or more from the values of the true models for all the
three models.

Figures 3-5 provide a comprehensive illustration of the detailed inversion results for
Model A, B, and C, respectively, when there is no noise in the data. Figures 3, 4 and 5a
show the fitness between the calculated traces (depicted by red dashed lines) that were
derived from the final models inverted using the proposed scheme and the observed traces
(represented by blue solid lines) originating from the synthetic models. It can be seen that
the calculated traces fit with the observed traces very closely. The differences between
the calculated traces and the observed traces for each model are so minimal that they
are almost imperceptible, which indicates that the proposed inversion scheme is highly
accurate and reliable for applying to data without noise. Figures 3, 4 and 5b present a
detailed comparison of the inverted SWC (represented by red dashed lines) against the
synthetic SWC model (depicted by blue solid lines). It is evident that all the three true
models are almost accurately recovered by the proposed inversion scheme at each layer.
These comprehensive results not only demonstrate the effectiveness of the method but
also validate that the proposed inversion scheme possesses the ability to accurately invert
the SWC and layer thicknesses directly from the GPR waveform data. From Tables 24,
it can also be seen that the inverted SWC and layer thicknesses match with the synthetic
SWC and layer thicknesses almost perfectly at every layer, which further demonstrate the
accuracy and the capability of the proposed inversion scheme for estimating the SWC and
layer thicknesses based on the GPR waveform data with HHO.



Remote Sens. 2025, 17, 1436

11 of 24

Table 2. The inversion results for Model A.

Model Parameters Inversion Results for  Inversion Results for

Layer Data Without Noise Data with Noise
swc! z? SWC z SWC z

1 0.05 0.15 0.05 0.15 0.05 0.15

2 0.05 0.20 0.06 0.20 0.06 0.20

3 0.07 0.10 0.07 0.10 0.06 0.10

4 0.10 0.20 0.10 0.20 0.10 0.21

5 0.20 0.10 0.20 0.10 0.19 0.10

6 0.43 0.10 0.43 0.10 0.40 0.09

7 0.43 0.10 0.43 0.10 0.43 0.10
8 0.43 003 0.43 o0 0.43 S

1 SWC is the abbreviation of soil water content. 2 z represents the layer thickness. 3 co represents the infinite

half space.

Table 3. The inversion results for Model B.

Model Parameters Inversion Results for  Inversion Results for

Layer Data Without Noise Data with Noise
swc'! z? SWC z SWC z

1 0.37 0.15 0.37 0.15 0.37 0.15

2 0.21 0.20 0.20 0.20 0.20 0.19

3 0.25 0.10 0.25 0.10 0.25 0.09

4 0.07 0.20 0.07 0.20 0.07 0.20

5 0.20 0.10 0.20 0.10 0.20 0.10

6 0.43 0.10 0.43 0.10 0.43 0.09

7 0.43 0.10 0.43 0.09 0.43 0.10
8 0.43 003 0.43 o0 0.43 0

1 SWC is the abbreviation of soil water content. 2 z represents the layer thickness. 3 co represents the infinite

half space.

Table 4. The inversion results for Model C.

Model Parameters Inversion Results for  Inversion Results for

Layer Data Without Noise Data with Noise
swc' z? SWC z SWC z

1 0.07 0.15 0.07 0.15 0.07 0.14

2 0.18 0.20 0.18 0.20 0.18 0.20

3 0.31 0.10 0.31 0.10 0.29 0.10

4 0.06 0.20 0.05 0.19 0.05 0.20

5 0.16 0.10 0.16 0.10 0.16 0.10

6 0.43 0.10 0.43 0.10 0.42 0.09

7 0.43 0.10 0.43 0.10 0.43 0.09
8 0.43 003 0.43 o) 0.43 o

1 SWC is the abbreviation of soil water content. 2 z represents the layer thickness. 3 co represents the infinite

half space.

3.1.2. Synthetic Data with Noise

When dealing with real data that has been collected under real-world field conditions,
it is an unavoidable fact that interference (including noise and clutter) is inevitable. In
this study, we only consider the influence of the noise. Consequently, we deliberately
introduced 10% white Gaussian noise to the GPR data from Models A, B, and C to further
verify the performance of the proposed inversion scheme. After this addition of noise, we
tested the proposed inversion scheme using the data with noise to ensure that our method
remains reliable under a less-than-ideal condition.
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Figures 68 illustrate the inversion results achieved through the proposed inversion
scheme within a realistic setting. It becomes evident that the proposed inversion scheme
still exhibits a robust performance. Although the data are contaminated with noise, the
scheme is still capable of obtaining the acceptable solutions. In Figures 6, 7 and 8a, it can
be clearly observed that the calculated traces (indicated by red dashed lines) derived from
the inverted models still maintain a satisfactory alignment with the observed GPR traces
(represented by blue solid lines). However, we can still see the impact of noise within the
data. Specifically, when the amplitudes of the signal are diminished towards the end of
the traces, it becomes challenging to identify the signal and the noise. Consequently, the
fitness between the calculated traces and observed traces is observed to be less optimal
towards the terminal parts of the traces compared to the earlier sections. This can also be
demonstrated in Figures 6, 7 and 8b.

T T T : . Soil water content

1501
Observed trace 0.0%.00 0'.1 0 0.?0 0.?0 0.'40 0.50
100} == == (Calculated trace | |
True SWC
L === == pverted SWC | |
50} 0.20
<
2
= 0 20.40r1
z 2
a,
-50r R 0.60}
-1001 - b |
0.80} =
150k . ! ! I i
10 15 20 25 30
Time (ns) 1.00
(a) (b)
Figure 6. Inversion results of data with noise for Model A: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red
dashed line).
' T T j Soil water content
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Figure 7. Inversion results of data with noise for Model B: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red
dashed line).
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Figure 8. Inversion results of data with noise for Model C: (a) observed GPR trace (blue solid line)
and calculated GPR response (red dashed line); (b) true SWC (blue solid line) and inverted SWC (red
dashed line).

Figures 6, 7 and 8b present the results of SWC and layer thicknesses that have been
inverted by the proposed inversion scheme based on the data with noise. It can be observed
that the SWC and layer thicknesses still can be effectively and accurately recovered by
the proposed inversion scheme even with the presence of noise. The inverted models
(represented by red dashed lines) match well with the true models (indicated by blue solid
lines) at each layer. Nevertheless, with the increases in the depth, the fitness becomes worse,
particularly at the depths where the SWC almost reaches saturated. This trend corresponds
to the end part of the GPR traces, which also suggests that the calculated traces do not
align perfectly with the observed traces due to the disruptive effects of noise. Despite this,
the overall results still serve to confirm the efficacy of the proposed inversion scheme in
determining the SWC and the layer thicknesses by GPR waveform data, even if the data are
impacted by noise. However, it is important to note that when compared to the inversion
results derived from data without noise, the inversion results derived from noisy data show
a discernible decrease in accuracy and reliability.

3.1.3. Analysis for Convergence Behavior

In order to examine the convergence behavior of HHO, Figure 9 displays the fitness
evolution during HHO iterations using synthetic data both without and with noise from
Model C. This offers significant understanding of the efficiency of the proposed inversion
scheme. For data without noise, the fitness curves gradually converge to zero. The fitness
curves gradually converge to a constant value for data with noise, demonstrating the
resilience of the inversion scheme in the presence of disturbances. These findings indicate
that the HHO algorithm simultaneously exhibits a high capacity for avoiding local optima
and rapid convergence, which are essential characteristics for optimization problems. The
ability to maintain a steady convergence rate even when faced with noisy data demonstrate
the algorithm’s versatility and potential for application.
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Figure 9. Fitness behavior of Model C using the HHO algorithm: (a) fitness behavior for data without
noise; (b) fitness behavior for data with noise.

3.2. Comparisons with Other Algorithms

In order to verify the effectiveness evaluation of the proposed inversion scheme with
HHO, we also performed a comparative analysis for the results of the HHO algorithm with
other algorithms including the particle swarm optimization (PSO) and grey wolf optimizer
(GWO) [53].

The synthetic data without and with noise which originated from Model C used in
HHO inversion were, respectively, utilized to estimate the SWC and layer thicknesses from
the GPR waveform data using PSO and GWO. For the sake of comparison and to ensure
consistency, we applied the same search space and parameters, including the population
size and the maximum number of iterations, as those that were used for the HHO inversion.
Specifically, when conducting the inversion with the PSO algorithm, the inertia weighting
factor was set to be w = 0.8, and the scaling factors were selected to be c; = 1.8 and
cp = 2.0, respectively.

Figures 10 and 11 display the comparison of the inversion results obtained from three
distinct optimization algorithms: HHO, PSO, and GWO. As depicted in Figure 10a, it
can be observed that the calculated trace derived from the inversion results inverted by
the HHO algorithm (represented by red solid line) exhibits a superior fit to the observed
trace (indicated by green star line) in comparison to the calculated trace derived from the
inversion results inverted by the PSO algorithm (represented by yellow solid line) and the
GWO algorithm (represented by blue solid line). The red solid line almost perfectly aligns
with the green star line at all significant peaks and valleys, demonstrating a high degree of
precision in capturing the dynamic variations in the trace. In contrast, the blue solid line
tracks the green star line with less accuracy than the red solid line, yet it still outperforms
the yellow solid line in terms of following the observed trace. The phenomena suggests
that the HHO algorithm is adept at accurately capturing the dynamic changes in the trace.
When examining the entire trace, the red solid line consistently shows a higher degree of
conformity with the shape of the trace compared to both the blue solid line and the yellow
solid line, which indicates that the HHO algorithm possesses a higher approximation
accuracy than both the GWO and PSO algorithm, highlighting its potential superiority in
handling such optimization tasks. In Figure 11a, results similar to those in Figure 10a can
be seen. For trace fitting, the HHO algorithm still exhibits a superior fit to the observed
trace, even though the noise exists. Compared to both the blue and yellow solid lines,
the red solid line matches better than the other two solid line and aligns with the green
star line more accurately than the blue and yellow solid lines. This phenomena further



Remote Sens. 2025, 17, 1436

15 of 24

demonstrates the potential superiority of the HHO algorithm although the existence of

the noise.
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Figure 10. Comparison of inverted results of data without noise for Model C with HHO, PSO, and
GWO: (a) comparison of calculated traces from inverted models; (b) comparison of fitness behavior;

(c) comparison of inverted results.
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Figure 11. Comparison of inverted results of data with noise for Model C with HHO, PSO, and
GWO: (a) comparison of calculated traces from inverted models; (b) comparison of fitness behavior;
(c) comparison of inverted results.

Figure 10b shows a detailed comparison between the true SWC model and the SWC
models inverted by using three different optimization algorithms: HHO, PSO, and GWO.
Upon inspecting the degree of overlap among the four curves, it becomes evident that the
red dashed line, representing the SWC inverted by the HHO, aligns more closely with the
true SWC model. Conversely, the yellow dashed curve representing the SWC inverted
by PSO and the blue dashed curve representing the SWC inverted by GWO exhibit more
significant deviations from the true models. This finding further demonstrates the superior
accuracy of the HHO algorithm in determining the SWC and layer thicknesses from GPR
waveform data. Furthermore, this also implies that in terms of the correlation between
SWC and depth, the SWC and layer thicknesses model inverted by the HHO algorithm
is more capable of simulating real-world conditions with a higher level of precision. In
Figure 11b, the inversion results are worse compared to the inversion results based on data
without noise for the PSO and GWO algorithms. However, the inversion results of HHO
still match closely with the true SWC model. This further demonstrates the superiority of
the HHO algorithm for inverting SWC and layer thicknesses from data with noise.
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At the same time, we also calculated the standard deviation (STD) and the over-
all average error (OAE) between the true model and the inverted model for these
three optimization algorithms in Tables 5 and 6. After thorough analysis, it can be seen that
the HHO algorithm exhibited the lowest values for both the STD and the OAE when com-
pared to the other two algorithms. This result provides compelling evidence supporting
the performance of the HHO algorithm in estimating the SWC and the layer thicknesses
through the GPR waveform inversion. However, we can also see that the STD and OAE are
all larger than that for data without noise.

Table 5. The comparison of STD and OAE of three algorithms for data without noise from Model C.

HHO PSO GWO
STD! OAE? STD OAE STD OAE
Model C 12.99% 0.03% 15.24% 6.86% 14.95% 4.29%

1 STD is the standard deviation. 2 OAE is the overall average error.

Table 6. The comparison of STD and OAE of three algorithms for data with noise from Model C.

HHO PSO GWO
STD! OAE? STD OAE STD OAE
Model C 13.07% 0.17% 20.52% 12.97% 12.67% 1.56%

1STD is the standard deviation. 2 OAE is the overall average error.

Figures 10c and 11c display the comparison of the convergence behavior among these
three optimization algorithms. It can be observed that the red solid line descends to a
stable value more rapidly than the blue solid line and the yellow line, which means that the
HHO algorithm can achieve convergence faster than the GWO and PSO algorithms. In the
case of PSO in Figure 10c, the yellow solid line first reaches a stable value approximately
after the 60th iteration. For GWO, the blue solid line nears stability around the 1900th
iteration; however, the blue solid line can reach a lower value than the yellow solid line
after approximately the 1500th iteration. In the context of optimization problems, a lower
fitness value usually implies a solution that is closer to the optimum or a superior solution.
The PSO algorithm may become stuck in a local minimum. This underscores that the GWO
algorithm can gain more precise inversion results compared to the PSO algorithm, but
the efficiency of the GWO is lower than that of the PSO. The red solid line demonstrates
that the HHO not only reaches a stable value faster than the other two algorithms, after
approximately the 400th iteration, but that it also attains a lower value compared to the
GWO and the PSO. However, in Figure 11c, the yellow solid line first reaches a stable value
after approximately the 1000th iteration. The existence of noise has a great influence on the
PSO algorithm. The HHO and GWO algorithm both show good noise resistance. These
results indicate that the HHO algorithm is capable of finding solutions of higher quality.

Overall, it is evident that the HHO algorithm performs better than both the GWO
and the PSO algorithms regarding precision, model inversion, and convergence speed.
We think that the mechanism of HHO is superior to that of GWO and PSO. First, the
GWO is superior to PSO because the search of the GWO is based on a strict internal
hierarchy, unlike the PSO which randomly initializes the particles of the population. And
the grey wolf group is led by the three best leaders to approach the prey, which ensures
that the GWO can better search for the true value [53]. For the HHO algorithm, it has a
strong dynamic searching ability. By switching between the exploration phase and the
development phase, the algorithm can effectively find the optimal solution in the solution
space. In addition, the HHO introduced a variety of different hunting strategies, including
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multiple encirclement strategies, tracking, and raiding. This diversified search strategy
enables HHO to better adapt to complex optimization problems and enhance the global
search capability. Therefore, in the early stage, the HHO can achieve convergence faster
and maintain a lower fitness value than the other two algorithms. This analysis offers
significant insights for selecting the appropriate optimization algorithm.

3.3. Experimental Field Data Application

In order to assess the potential and practical use of the proposed inversion scheme,
we implemented it on GPR data acquired at SCERES, an experimental site situated on the
CNRS campus in Strasbourg-Cronenbourg, France. Figure 12 displays the underground
structure of SCERES. It features a controlled artificial aquifer within a lined concrete basin.
The edges of the basin are sealed to avoid any leakages to the outside. The inner dimensions
of the basin are 24 m x 12 m x 3 m. The basin is equipped with the necessary tools for
aquifer system and water table management. The basin is filled with three types of sand,
and the specific parameters of the basin are detailed in Table 7. The water table lies roughly
0.85 m beneath the surface of the basin.

‘Water table

24m

Figure 12. (a) [llustration for experimental site; (b) illustration for the subsurface structure of the
experimental site (Modified by [60]).

Table 7. Parameters for the basin at the experimental site.

Layer Thickness (m) Porosity (%)
1 0.5 43
2 25 40
3 0.5 38

We used a MALA RAMAC system (which is produced by MALA company located at
Stockholm, Sweden) equipped with 500 MHz antennas to collect GPR data across the basin,
from one side to the other. Table 8 lists the technical index for the 500 MHz antennas. The
entire length of the survey line is 24 m and we configured the system to collect one trace
every 0.02 m. A DC filter and a shift of 20 samples are applied to the GPR profile. Figure 13
displays the processed GPR radargram [53]. We selected the 700th, 750th, 800th, and 850th
traces as the observed traces for subsequent inversion based on experimental field data. To
simulate synthetic GPR traces, it is essential to give a source wavelet. In this process, we
first calculate the source wavelet by averaging the first arrivals from all traces, applying a
Blackman window for weighting [61]. Subsequently, we employed a Butterworth band-
pass filter to refine the source wavelet further. We took the 700th trace as an example.
Figure 14 displays both the source wavelet and its corresponding spectrum.



Remote Sens. 2025, 17, 1436

18 of 24

Table 8. Technical indexes for the 500 MHz antennas.

Technical Index

Items
Frequency of antennas 500 MHz
Maximum detection depth 6m
Radial resolution 0.05m
Offset 0.18 m
Size 0.5 x 0.3 x0.16m
Weight 5.0kg

Processed GPR p;roﬁle,frequency_ = 500 MHz |

0] 5 10 15 20
Traces (m)

Figure 13. Processed observed GPR profile from experimental site. The red solid lines represent the
position of the selected traces, which are regarded as the observed traces (the 700th, 750th, 800th, and

850th traces).
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Figure 14. The source wavelet for real data modeling and the corresponding frequency spectrum for

the 700th trace signal.

For the experimental field data, we utilized a comparable inversion scheme as that
employed for the synthetic data. The parameters that required determination were the
SWC and the layer thickness. The SWC measured by Sentek sensors and the depth of
each Sentek sensor were used as prior information [62]. Based on this prior information,
the upper and lower boundaries for the search areas were established. Table 9 outlines
the search space and inversion results for the experimental field data. Throughout the
inversion, we adopted an 11-layer subsurface configuration, based on the placement of the
Sentek sensors, to execute the inversion using the proposed inversion scheme.
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Table 9. The upper and lower limitations for search space and inversion results for field data.

Search Space Limitations Inversion Results
Layer

swc! z? SWC z
1 0.04-0.11 0.08-0.23 0.07 0.18
2 0.07-0.21 0.05-0.15 0.08 0.15
3 0.10-0.30 0.05-0.15 0.22 0.05
4 0.13-0.38 0.05-0.15 0.32 0.07
5 0.04-0.05 0.05-0.15 0.04 0.08
6 0.04-0.11 0.05-0.15 0.10 0.14
7 0.11-0.32 0.05-0.15 0.14 0.08
8 0.20-0.43 0.05-0.15 0.37 0.08
9 0.20-0.43 0.05-0.15 0.21 0.12
10 0.20-0.43 0.05-0.15 0.36 0.05
11 0.20-0.43 c0? 041 o

1 SWC is the abbreviation of soil water content. 2 z represents the layer thickness. 3

half space.

oo represents the infinite

Figures 15-18 show the inversion results for the field data. From Figures 15, 16, 17 and 18a,
it can be seen that all the calculated GPR traces (represented by red dashed line) derived
from the results inverted by the proposed inversion scheme align quite well the observed
GPR traces (represented by blue solid line). Figures 15, 16, 17 and 18b contrasts the
inverted SWC and layer thicknesses obtained through the proposed inversion scheme, with
the measured SWC by Sentek sensors. As illustrated in Figures 15, 16, 17 and 18b, the
inverted models (indicated by red dashed line) based on the proposed inversion scheme
correspond with the measured SWC captured by Sentek sensors (indicated by blue solid
line). They exhibit a comparable trend. Until a depth of approximately 0.55 m (marking the
boundary between the two sandy layers), the SWC increases with the increase in depth.
Approximately at 0.55 m, the SWC diminishes abruptly, potentially due to the influence
of the boundary and the alterations in the medium. In the subsequent layers, the SWC
continues to ascend with the increase in depth until it reaches the water table. There is
a slight variation in the inverted model around 0.85 m. This may stem from the noise
being regarded as signals that were fitted during the inversion. Nevertheless, the overall
trend remains similar. Additionally, Figures 15, 16, 17 and 18c demonstrate that all the
fitness curves diminish at the beginning of the iterations, and then subsequently converge
to a relatively constant value following the 1400th iteration. This convergence behavior
is indicative of the robustness and stability of the inversion algorithm as it iteratively
refines the calculated traces to better fit the observed traces. All inversion results further
demonstrate the effectiveness of the proposed inversion scheme. However, we observed
variations in the results obtained from different traces. We believe that the SWC exhibits
not only vertical heterogeneity but also horizontal heterogeneity. Future studies should
take this heterogeneity into account.
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Figure 15. The inversion results of field data for 700th trace: (a) observed trace (blue solid line) and
calculated trace (red dashed line); (b) measured SWC with Sentek (blue solid line) and inverted SWC
(red dashed line); (c) fitness behavior of iteration.
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Figure 16. The inversion results of field data for 750th trace: (a) observed trace (blue solid line) and
calculated trace (red dashed line); (b) measured SWC with Sentek (blue solid line) and inverted SWC
(red dashed line); (c) fitness behavior of iteration.
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Figure 17. The inversion results of field data for 800th trace: (a) observed trace (blue solid line) and
calculated trace (red dashed line); (b) measured SWC with Sentek (blue solid line) and inverted SWC
(red dashed line); (c) fitness behavior of iteration.
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Figure 18. The inversion results of field data for 850th trace: (a) observed trace (blue solid line) and
calculated trace (red dashed line); (b) measured SWC with Sentek (blue solid line) and inverted SWC
(red dashed line); (c) fitness behavior of iteration.
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4. Conclusions

This study proposed a novel and powerful GPR FWI scheme based on the HHO algo-
rithm to estimate the SWC and the layer thicknesses with a fixing quality factor. The HHO
algorithm is inspired by the social behavior of Harris’s Hawks, mimicking their hunting
behavior. Three main steps of exploration, the transition from exploration to exploitation,
and exploitation, are used to realize the SWC and layer thicknesses estimation based on
GPR waveform inversion. The proposed inversion scheme was first tested on three synthetic
cases. Each case includes data without and with noise. In order to simulate more real-world
scenarios where there is limited a priori information, we set wider boundaries for inversion
search space. For further verification, we also compared the inversion results inverted from
the HHO algorithm with the results from the PSO and GWO algorithms. The inversion results
from the synthetic data demonstrate that the HHO algorithm is highly capable and converges
rapidly to estimate the SWC and layer thicknesses from GPR waveform data. Subsequently,
we further applied the proposed inversion scheme to field data collected from an experimental
site at the CNRS campus in Strasbourg-Cronenbourg, France. For the experimental field data,
we adopted the SWC measured by Sentek sensors and the depth of each Sentek sensor as
a priori information. During the test with the experimental field data, the calculated trace
closely matched the observed trace, and the inverted SWC showed a similar trend to the
SWC measured by the Sentek sensors. The fitness curves from all tests on both synthetic
and experimental field data demonstrates that the proposed scheme effectively avoids high
local optima and achieves very fast convergence. Hence, we strongly suggest using the HHO
algorithm for the SWC estimation based on GPR FWL

This research is the initial endeavor to apply the HHO algorithm for GPR waveform
inversion to invert the SWC and layer thicknesses. It also offers significant insights into
the effectiveness of HHO in various geophysical inversions. In the future, we plan to
improve our method to enhance the robustness and efficiency of HHO. At the same time,
we also plan to consider the influence of more interference like clutter and further test the
proposed inversion scheme on data with the interference of clutter. In addition, we will also
continue to evaluate other cutting-edge algorithms to address the same issue. Furthermore,
this technique can also be extended to challenges in other areas, including engineering,
hydrology, and archeology, leveraging GPR technology.
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