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Abstract: In order to fulfill the practical application demands of precisely localizing underwater
vehicles using passive electric field localization technology, we propose a scalar-potential-based
method for the passive electric field localization of underwater vehicles. This method is grounded
on an intelligent differential evolution algorithm and is particularly suited for use in three-layer
and stratified oceanic environments. Firstly, based on the potential distribution law of constant
current elements in a three-layer parallel stratified ocean environment, the mathematical positioning
model is established using the mirror method. Secondly, the differential evolution (DE) algorithm
is enhanced with a parameter-adaptive strategy and a boundary mutation processing mechanism
to optimize the key objective function in the positioning problem. Additionally, the simulation
experiments of the current element in the layered model prove the effectiveness of the proposed
positioning method and show that it has no special requirements for the sensor measurement array,
but the large range and moderate number of sensors are beneficial to improve the positioning effect.
Finally, the laboratory experiments on the positioning method proposed in this paper, involving
underwater simulated current elements and underwater vehicle tracks, were carried out successfully.
The results indicate that the positioning method proposed in this paper can achieve the performance
requirements of independent initial value, strong anti-noise capabilities, rapid positioning speed, easy
implementation, and suitability in shallow sea environments. These findings suggest a promising
practical application potential for the proposed method.

Keywords: electric field localization; underwater vehicle; scalar potential; three-layer environment;
differential evolution algorithm

MSC: 78A55; 90C90; 90B40; 03C98; 68W50; 90C26; 90B40

1. Introduction

The detection of underwater vehicles has been the focus of attention in the field of
underwater target detection globally for some time. Especially with the continuous devel-
opment of noise reduction [1] and degaussing [2] technologies, positioning technology that
relies solely on target acoustic signals and magnetic signals is becoming increasingly obso-
lete. The current data indicate that the noise spectrum levels of silent underwater vehicles
developed by countries such as the United Kingdom, the United States, and Russia are even
lower than the ocean background noise [1,3], posing a significant challenge for the detection
of underwater vehicles using sonar. Therefore, the pursuit of novel underwater vehicle
signal radiation sources and the development of corresponding underwater vehicle target
detection technologies are not only crucial for practical applications such as the search,
rescue, and recovery of lost underwater vehicles; positioning, display, and navigation of
underwater robots; maritime traffic safety warnings; and detection of underwater military
targets, but also hold tremendous potential research value in areas such as the localization
and identification of underwater obstacles with radiation sources, leak repair and detection
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for submarine pipelines, and other underwater operations or ocean exploration. In this con-
text, leveraging the underwater electric fields of underwater vehicles for the independent
or auxiliary detection and localization of targets presents significant advantages.

Prior research has demonstrated that underwater vehicles’ static electric field origi-
nates from corrosion and anti-corrosion currents, possessing a significant amount of energy
that poses challenges in achieving complete control or elimination. The scalar potential
generated several kilometers away can still attain magnitudes reaching tens of nanovolts,
thereby providing the potential for utilizing remote electric fields to achieve the detection
of underwater vehicles [4]. Given that the far-field source of the underwater vehicle’s
electrostatic field can be considered to be a constant current element [5], the task of lo-
cating an underwater vehicle’s electric field over long distances in shallow seas can be
reduced to the problem of passively locating a constant current element within a stratified
marine environment.

Numerous studies have been conducted domestically and internationally on passive
electric field positioning models, devices, and algorithms for constant current elements
in stratified marine environments. However, there remain certain limitations in this field.
Regarding the selection of location field models, the majority of studies opt for infinite sea
areas (non-stratified fields) or semi-infinite sea areas (two-layer stratified fields) as their
positioning models [6,7]. The shallow sea (three-layer stratified field) model is infrequently
chosen, primarily due to the significant increase in complexity associated with inversion
algorithms as the number of media interfaces rises [8–10]. Nevertheless, if the application
scenario does not align with the assumptions of infinite or semi-infinite fields, the mis-
match in positioning models can inevitably lead to a reduction in positioning accuracy.
In terms of selecting physical positioning quantities, the current options for electric field
positioning primarily encompass three-component electric field intensity or potential mea-
surement values relative to a reference point [11,12]. Given that scalar potential functions
can effectively describe static field distributions, potential measurements offer a convenient
and computationally simplified approach to data processing, thereby favoring practical
applications [13]. Regarding the choice of location algorithms, two primary approaches
emerge: field source parameter fitting based on numerical calculations [14–18], and field
source parameter inversion leveraging intelligent optimization algorithms [12,19,20]. The
former typically requires fewer measurement points, less computational intensity, and
faster operation speeds; however, it also exhibits a strong dependence on initial values and
limited noise resilience and is primarily suitable for near-field applications. In contrast, the
latter incorporates intelligent algorithms, such as improved particle swarm optimization,
simulated annealing, fuzzy fusion estimation, neural networks, and Kalman filters, which
can effectively address issues related to initial-value dependency. Nevertheless, these
approaches still face challenges, such as limited positioning ranges, susceptibility to local
optimal solutions, and low positioning space dimensions. Furthermore, concerning the
arrangement of detection sensors, there is no singular optimal configuration for the deploy-
ment of electric field detection sensors. This includes configurations such as positioning
two three-component field strength measurement points [14,18,21] or designing arrays
distributed in rectangular, circular, cross, and stereo patterns [7,12,22,23]. Typically, the
optimal layout needs to be tailored based on specific application requirements and the
inversion algorithm employed, necessitating a customized optimization process.

In the practical application of underwater vehicle passive electric field positioning
technology, it is often imperative to possess a substantial positioning range extending
several kilometers, robust anti-noise capabilities, a relatively flexible sensor arrangement,
and excellent real-time performance. Additionally, it is essential to operate in shallow sea
environments, particularly in stratified media consisting of air, seawater, and seabed. A
feasible positioning approach involves randomly deploying multi-electrode arrays within
a designated area, where the relative positions of the electrodes are known and can be
easily identified. Subsequently, intelligent optimization algorithms can be utilized to
calculate target parameters, specifically field source parameters, through the potential
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signals measured by each electrode. This paper utilizes an intelligent differential evolution
algorithm to investigate a passive electric field localization method based on scalar potential
for detecting underwater vehicles. This approach is tailored for three-layer stratified
marine environments. Through meticulous simulation and laboratory testing, the results
demonstrate that the established positioning method can effectively locate the target,
independent of the initial values; it boasts a vast positioning range, robust anti-noise
capabilities, and a reduced likelihood of falling into local optimal solutions, exhibiting
strong practical application prospects.

2. Positioning Method
2.1. Three-Layer Positioning Model

Considering the shallow sea model, as shown in Figure 1, the space V, permittivity
ε, and conductivity σ corresponding to the air, seawater, and seabed are represented by
the subscripts 0, 1, and 2, respectively, and the seawater depth is D. Taking the interface
between air and seawater as the xoy plane and vertically downward as the positive direction
of the z-axis, a rectangular coordinate system is established. Assuming that the equivalent
field source of the underwater robot’s electrostatic field is located at M0, with a position
vector r0 = (x0, y0, z0) and an equivalent field source intensity of p (px, py, pz), the directed
line segments r-r0± represent the directions from the current source or sink points (with
position vectors r0±) to the field point. Num measuring points are set in the water, the
position coordinates of the measuring points are known, and the position vector of the
i-th measuring point Mi is represented by ri = (xi, yi, zi), i =1, 2, . . ., Num. In addition, Idl
represents a constant current element, which is an electrical analog body; I is the current
carried by the target; dl represents the distance between the source and sink of the current;
Ri represents the distance between the current element and each measurement point Mi;
and Σ1 and Σ2 represent the two boundary interfaces shown in the Figure 1.
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Figure 1. Positioning field model.

According to the principles of electromagnetic field theory, the field source p induces
a steady-state current field in conductive media such as seawater and the seabed, while an
electrostatic field is established in insulating media. Consequently, at the interface between
regions V0 and V1, the scalar potential is continuous, and the normal component of the
electric displacement vector is zero, satisfying the relevant boundary conditions. Similarly,
at the interface between V1 and V2, both the scalar potential and the normal component
of the current density vector remain continuous, fulfilling the corresponding boundary
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conditions. Based on these conditions, the scalar potential at the field point Mi satisfies the
following well-posed problem:

∇2 φσ1(r) = − I[δ(r−r0+)−δ(r−r0−)]
σ1

, (Mi ∈ V1)

∇2 φε(r) = 0, (Mi ∈ V0)

φσ1(r)
∣∣Σ1 = φε(r)

∣∣Σ1

σ1n·∇φσ1(r)
∣∣Σ1 = 0

∇2 φσ2(r) = 0, (Mi ∈ V2)

φσ1(r)
∣∣Σ2 = φσ2(r)

∣∣Σ2

σ1n·∇φσ1(r)
∣∣Σ2 = σ2n·∇φσ2(r)

∣∣Σ2

(1)

Given that underwater vehicles are typically deployed for seabed operations or require
reduced water depth to achieve certain stealth navigation requirements, the impact of
the seabed on the field distribution cannot be overlooked in the study of the electric
field target characteristics of underwater vehicles. Additionally, due to technological
constraints, it is currently difficult for underwater vehicles to operate at great depths,
rendering the influence of air on the field distribution equally significant. Therefore,
choosing the shallow sea (seabed–ocean–air) environment as the model for analysis is
highly relevant to practical applications and possesses a certain research value. Given
the presence of two medium interfaces in the three-layer ocean model, it is necessary to
consider the influence of each interface of different media on the studied field domain,
which complicates the solution of electromagnetic field distribution. Typically, approximate
calculations or numerical solutions are employed to handle mathematical expressions with
complex Fourier–Bessel integrals [24,25], which are not conducive to subsequent modeling,
simulation, or mathematical optimization operations and are only suitable for solving
forward problems where the electric field distribution is predicted based on known electric
field parameters, thereby exhibiting significant limitations. Consequently, based on the
uniqueness theorem, the image method is selected to analyze and solve the impact of each
interface separately, significantly reducing the computational complexity. This approach
also enables the inversion problem of deducing field source parameters by measuring
electric field distribution data without knowing any parameters, making it highly suitable
for localization problems. The chosen field point Mi is consistently located in the seawater
region V1. Firstly, for the conductive media of seawater and seabed, the current element
mirror p′ (with position vector r0

′) and p are symmetric at the interface, and the electric
field generated by p at point Mi is equivalent to the combined electric field generated by p′

and p at point Mi when the entire space is filled with medium σ1. To solve the simultaneous
equations, a field point Mi

′ in V2 is assumed, and p has the same mirror position. The
combined field source intensity of the two is denoted as p′′. At this point, the electric field
generated by p at Mi

′ is equivalent to the electric field generated by p′′ at Mi
′ when the

entire space is filled with medium σ2, as shown in the following equation:
φσ1(r) =

p·R
4πσ1R3 +

p′ ·R′

4πσ1R′3
, (Mi ∈ V1)

φσ2(r) =
p′′ ·R

4πσ2R3 , (Mi ∈ V2)
, (2)

where R = r − r0 and R′ = r − r′0 represent the radial vectors of the field point and the
field source or the field source mirror, respectively. The computation of R and R′ becomes
feasible when the positions of the field source and field point are known. In the above
formula, φσ1(r) and φσ2(r) represent the potential of the field point in medium σ1 and
medium σ2, respectively. Furthermore, the derivation of Expression (2) from (1), based on
the boundary conditions, can be achieved with the aid of the Cartesian coordinate system
established previously, which facilitates the determination of p′ and p′′.
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Let Q = diag(1, 1,−1), where the points on the boundary surface satisfy the follow-
ing relationship: 

R′ |Σ = RQ |Σ

R′ |Σ = R |Σ
, (3)

which can be substituted into the boundary conditions of Equation (1) along with Equation
(2), and the Σ after the variable indicates that the condition is satisfied on this surface,
leading to the derivation of the following system of equations:

p·R |Σ +p′ ·(RQ |Σ )
σ1

= p′′ ·R |Σ
σ2

−n·(p+p′)
R |Σ 3 + 3 n·[(p·R |Σ )R |Σ ]+n·[(p′ ·(RQ |Σ ))(RQ |Σ )]

R |Σ 5 = −n·p′′
R |Σ 3 + 3 n·[(p′′ ·R |Σ )R |Σ ]

R |Σ 5

, (4)

where p and R are arbitrary and n represents the normal vector; it is possible to simplify
the system of equations into the following form:{ σ2

σ1
(p·R |Σ + p′·RQ |Σ ) = p′′ ·R |Σ

p·R |Σ − p′·RQ|Σ = p′′ ·R |Σ
(5)

Since p and p′ are three-dimensional vectors under the same basis, the relationship
between p and p′ can be expressed by a 3 × 3 transformation matrix X, i.e., p = X p′.
Substituting this into Equation (5) yields the following relationship:

σ2

σ1
(p·R |Σ + pX·RQ |Σ ) = p·R |Σ − pX·RQ |Σ , (6)

which can be transformed through the relation pX·RQ |Σ = pXQ·R |Σ , resulting in the
following expression: (

σ2

σ1
+ 1

)
pXQ·R |Σ =

(
1 − σ2

σ1

)
p·R |Σ (7)

Under the condition that the preceding equation holds, let In represent the identity
matrix. Then, according to the rules of mathematical matrix operations, the following
equation is obtained: 

(
σ2
σ1

+ 1
)

XQ =
(

1 − σ2
σ1

)
In

X = σ1−σ2
σ1+σ2

Q
(8)

In conclusion, the mirror of the current element and the field distribution in seawater
within the seawater–seabed conductive media model can be respectively represented
as follows: 

p′ = σ1−σ2
σ1+σ2

pQ

φσ1(r) =
p·R

4πσ1R3 +
(σ1−σ2)pQ·R′

4πσ1(σ1+σ2)R′3
, (Mi ∈ V1)

(9)

Secondly, the mirror method is also utilized for solving the seawater–air conductive
media. The electric field at the field point Mi in V1 can still be considered as being generated
jointly by p and its mirror p′; however, for the field point Mi

′ in V0, current elements
cannot exist in insulating media, and the assumption of a mirror current element p′′ is not
applicable. Considering the generation mechanism of the electric field in V0, the electric
field produced by the net charges on the interface in V0 can be equated to the electric field
generated by an electric dipole. For the purpose of facilitating the derivation, let us assume
that its position is the same as p, denoting the electric dipole moment as pou. In this case,
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the electric field at point Mi
′ is equivalent to the electric field generated by pou at Mi

′ when
the entire space is filled with insulating media. Therefore, the following expression exists:

φσ1(r) =
p·R

4πσ1R3 +
p′ ·R′

4πσ1R′3
, (Mi ∈ V1)

φε(r) =
pou ·R
4πεR3 , (Mi ∈ V0)

(10)

Similar to the approach for the seawater–seabed conductive media model, by substi-
tuting Equations (3) and (10) into the boundary conditions of Equation (1) and simplifying
them, the following equation is obtained:{ ε

σ1
(p·R |Σ + p′·RQ |Σ ) = pou·R |Σ

p·R |Σ − p′·RQ|Σ = 0
(11)

Therefore, in the air–seawater media model, the mirror of the current element and the
field distribution in seawater can be respectively expressed as follows:{

p′ = pQ

φσ1(r) =
p·R

4πσ1R3 +
pQ·R′

4πσ1R′3
, (Mi ∈ V1)

(12)

Based on the positional characteristics, where both the field source and the measure-
ment field point exist in V1, the point p can generate two primary mirror equivalent current
elements in the V0 and V2 domains with respect to the two interfaces. Each primary mirror
can further generate a secondary mirror symmetrically about the corresponding interface,
which can then undergo further symmetric mirroring about the same interface. Therefore,
the subsequent mirroring processes can be divided into two major groups. Since the po-
sitions of the multiple equivalent current elements within these two groups alternately
change between the V0 and V2 domains, the corresponding vertical coordinates also un-
dergo orderly alternating positive and negative transformations. As a result, the equivalent
current elements (including the original one) can be grouped into four subgroups to repre-
sent the alternating mirror images, thereby illustrating the influence of the two interfaces.
Specifically, the current elements in the first subgroup are obtained by subjecting p to k
instances of symmetric mirroring about the Σ1 plane and k instances of mirroring about
the Σ2 plane. According to Equations (9) and (12), the intensities of p after undergoing k
instances of mirroring about the Σ1 and Σ2 planes are pQk and p(ηQ)k, respectively, where
η = (σ1 − σ2)/(σ1 + σ2). Therefore, the intensity of the first subgroup of current elements
is p(ηQ)kQk. Similarly, the intensities of the current elements in the second, third, and
fourth subgroups can also be calculated.

The mathematical summation of the coordinates and intensities of the four subgroups
of equivalent current elements (including the original one) is presented in Table 1.

Table 1. The calculation results of the coordinates and intensities of the equivalent current elements
(including the original one) when the field point is located in the seawater.

Group Serial
Number Coordinates

Regarding the Number of
Mirror Reflections on the

Σ1 Plane

Regarding the Number of
Mirror Reflections

on the Σ2 Plane
Intensity

1 (x0, y0, 2kd + z0) k k p(ηQ)kQk

2 (x0, y0,−2kd − z0) k k + 1 p(ηQ)kQk+1

3 (x0, y0, 2md − z0) m m − 1 p(ηQ)mQm−1

4 (x0, y0,−2md + z0) m m p(ηQ)mQm

where k ∈ N and m ∈ N∗, with subsequent occurrences following the same equivalence.
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Utilizing Equations (9) and (12), one can derive the scalar potential expression gen-
erated by each mirror current element in a three-layer ocean model at the field point. By
summing these individual contributions, the electric field distribution at the field point
located within the seawater can be obtained:

φσ1(r) =
∞

∑
k=0

[
ηkp·R1k

4πσ1R3
1k

+
ηkpQ·R2k

4πσ1R3
2k

]
+

∞

∑
m=1

[
ηmpQ·R1m

4πσ1R3
1m

+
ηmp·R2m

4πσ1R3
2m

]
(13)

To enhance the computational efficiency, the infinite series utilized in the inversion
algorithm can be appropriately truncated, provided that a certain level of computational
accuracy is maintained. In this paper, we analyzed the influence of the number of summa-
tion terms in the series on the scalar potential results, using typical parameter settings in
practical applications. Assuming a current element intensity of (100, 0, 10) A·m, a current
element position of M0(0, 0, 10) m, a field point location of M(7500, 3000, 80) m, and a
seawater depth of 100 m, and adopting seawater conductivity σ1 = 4 S/m and seabed
conductivity σ2 = 0.015 S/m, we substituted these values into Equation (13) to calculate the
variation in the difference δ between the N-th term and the previous term in the series as a
function of N, as well as the variation in the partial derivative of the scalar potential φσ1

with respect to N. The results indicate that, when N = 200, i.e., summing the first 200 terms
of the series, δ and ∂φσ1 /∂N are approximately zero, indicating that the potential value is
close to the convergence value and remains almost unchanged with further increments in
N. Therefore, in the subsequent algorithm development, we can consider summing the first
200 terms of the series in the equation, which not only ensures the accuracy of the field
calculations but also avoids wasting computational resources.

Therefore, the scalar potential generated by underwater vehicle’s equivalent field
source at Mi can be calculated by Equation (14):

Φi(ri) =
N

∑
k=0

[
ηkp·R1ki

4πσ1R3
1ki

+
ηkpQ·R2ki

4πσ1R3
2ki

]
+

N

∑
m=1

[
ηmpQ·R1mi

4πσ1R3
1mi

+
ηmp·R2mi

4πσ1R3
2mi

]
, (14)

where Φi represents the field point potential, while k and m are integers,
N = 200, Q = diag(1, 1,−1), η = (σ1 − σ2)/(σ1 + σ2), R1ki = (xi − x0, yi − y0, zi − 2kD − z0),
R2ki = (xi − x0, yi − y0, zi + 2kD + z0), R1mi = (xi − x0, yi − y0, zi − 2mD + z0), and
R2mi = (xi − x0, yi − y0, zi + 2mD − z0).

The scalar potentials of i field points can form a system of equations as follows:

φ1(r1) =
N
∑

k=0

[
ηkp·R1k1

4πσ1R3
1k1

+
ηkpQ·R2k1

4πσ1R3
2k1

]
+

N
∑

m=1

[
ηmpQ·R1m1

4πσ1R3
1m1

+
ηmp·R2m1

4πσ1R3
2m1

]

φ2(r2) =
N
∑

k=0

[
ηkp·R1k2

4πσ1R3
1k2

+
ηkpQ·R2k2

4πσ1R3
2k2

]
+

N
∑

m=1

[
ηmpQ·R1m2

4πσ1R3
1m2

+
ηmp·R2m2

4πσ1R3
2m2

]
. . .

φi(ri) =
N
∑

k=0

[
ηkp·R1ki

4πσ1R3
1ki

+
ηkpQ·R2ki

4πσ1R3
2ki

]
+

N
∑

m=1

[
ηmpQ·R1mi

4πσ1R3
1mi

+
ηmp·R2mi

4πσ1R3
2mi

]
(15)

Regarding the aforementioned nonlinear equation set, the six unknown field source pa-
rameters px, py, pz, x0, y0, z0 can be solved only if φ1, φ2, . . . , φi is known and the maximum
value of i, denoted as Num, satisfies the criterion Num ≥ 6.

In practical application, if the potential measured value Φi
′ of Num measuring points is

obtained by a measuring device, and Num is generally greater than the number of unknown
parameters, the objective function can be taken:
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H =
Num

∑
i=1

∣∣Φi − Φi
′∣∣ = Num

∑
i=1

∣∣∣∣∣ ∞

∑
k=0

[
ηkp·R1ki

4πσ1R3
1ki

+
ηkpQ·R2ki

4πσ1R3
2ki

]
+

∞

∑
m=1

[
ηmpQ·R1mi

4πσ1R3
1mi

+
ηmp·R2mi

4πσ1R3
2mi

]
− Φi

′
∣∣∣∣∣ (16)

The field source parameters that minimize the objective function H are the field source
intensity p(px, py, pz) and the field source position (x0, y0, z0) to be determined. In this
way, the positioning problem is transformed into a minimum optimization problem of the
objective function (Equation (16)), in which the constraints of px, py, pz, x0, y0, and z0 can be
provided according to practical engineering applications.

As our research is based on the practical application background of long-distance
target localization in shallow sea areas, the three-layer ocean model was selected for the
theoretical derivation mentioned above. However, when the distance between the field
point and the field source is relatively short, even in shallow water, the influence of the
seabed can be neglected if the linear distance between the field source and the field point is
significantly smaller than the seawater depth. Conversely, when the distance between the
field point and the field source is very large, even in deep water, the seabed will have a
significant impact on the field distribution in space if the linear distance between the field
source and the field point is much greater than the seawater’s depth. Therefore, in practical
engineering, relying solely on the depth of the seawater to apply the proposed localization
method, such as using a localization method based on a three-layer model to localize a
target under a two-layer model scenario, may likely result in significant errors. Hence,
it is essential to have an in-depth understanding of whether the localization methods
under different sea area models are universally applicable, in order to avoid misleading
practical applications.

We investigated whether the target localization method derived based on the three-
layer model is also applicable in the two-layer model—that is, we verified the scalability
of the localization method designed based on the derivation results of the image method
under different assumptions. Firstly, by combining the principle of the image method
with the aforementioned theoretical derivation steps, it is straightforward to obtain the
deviation ∆φ in the electric field distribution between the two different ocean models of
the semi-infinite sea area and the three-layer ocean environment, as follows:


∆φ =

(η − 1)p·R
4πσ1R3 +

(η − 1)pQ·R′

4πσ1R′3
+

∞
∑

k=1

[
ηkp·R1k

4πσ1R3
1k

+
ηkpQ·R2k

4πσ1R3
2k

]
+

∞
∑

m=1

[
ηmpQ·R1m

4πσ1R3
1m

+
ηmp·R2m

4πσ1R3
2m

]
κ =

∆φ

φσ1

, (17)

where the electric field distribution under the three-layer parallel stratified sea model is
considered as the theoretical distribution, while the symbol κ represents the deviation
in the scalar potential at a specific point in space relative to the theoretical value when
the semi-infinite sea model is used to replace the three-layer parallel stratified sea model.
Clearly, κ ∈ (0, 1), and the larger κ is, the greater the relative deviation will be. In such
a case, if the three-layer model is used to replace the two-layer model for solving and
inversion, accurate localization cannot be achieved, indicating that the method based on
the three-layer model is not scalable for solving and localizing in the two-layer model.

Furthermore, as it can be seen in the above equation, when the field source position
remains unchanged, ∆φ is related to both the field source strength p(px, py, pz) and the field
point position M(x, y, z). Considering that the equivalent field source of a large underwater
vehicle target is typically a horizontal current element in the order of hundreds of amperes
per meter, this study focused on simulating the variation in κ in the following two scenarios
under the aforementioned field source conditions:

First, by fixing the seawater depth and observing the change in κ with the horizontal
distance between the field source and the field point, we set the field source strength
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p = (100, 0, 10)A·m, the field source position M0(0, 0, 10)m, and the field point depth z
= 5 m, with a seawater depth D = 1000 m. The simulation results are shown in Figure 2a.
Second, by fixing the horizontal distance between the field source and the field point, and
observing the change in κ with the seawater depth, we set the field source strength and
position to be constant, with seawater depths d of 500 m and 250 m. The variations in κ
with x and y are depicted in Figure 2b,c, respectively.
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In Figure 2, we can observe the following: 1⃝ When the depth of the seawater remains
unchanged, the closer the field point is to the field source, the faster κ changes. Conversely,
the farther the field point is from the field source, the slower κ changes with x and y.
2⃝ The smaller the horizontal distance between the field point and the field source, the

smaller κ is; the greater the horizontal distance, the greater κ is. 3⃝ The magnitude of
κ is only related to the horizontal distance between the field source and the field point,
and it has no correlation with the relative orientation of the field point to the field source.
When the horizontal distance between the field source and the field point is 500 m, κ is
approximately 3.5%; when the horizontal distance is 1000 m, κ is approximately 18%; when
the horizontal distance is 8 km, κ reaches 87%; and when the horizontal distance is 13 km,
κ is approximately 91%. 4⃝ When other conditions remain unchanged, the smaller d is, the
greater κ is. At a depth of d = 500 m, κ is approximately 81% at the plane (1600, 2100) m; at
a depth of d = 250 m, κ increases to over 90% at the same position. This fully demonstrates
that, when the depth of the seawater remains unchanged, the further the field point is
from the field source horizontally, the more significant the impact of the seabed becomes,
increasingly resembling the three-layer model, and κ eventually approaches 1. When the
distance between the field source and the field point remains constant, the smaller the depth
of the seawater (d) is, the more significant the seabed becomes, increasingly resembling the
three-layer model, and κ eventually approaches 1. This indicates that the target positioning
method derived from the three-layer model can achieve effective long-distance positioning
but cannot be directly applied to the deep-water application requirements of the two-layer
model. Therefore, in practical applications, it is necessary to select and apply this method
based on the applicable water depth and warning detection range of the shallow sea area,
rather than blindly and incorrectly applying it to engineering projects.

2.2. Selection of and Improvement in Location Algorithm

The differential evolution (DE) algorithm is a population-based intelligent optimiza-
tion technique renowned for its simplicity, reduced reliance on initial values, and robust
adaptability [26]. Its performance in addressing the challenge of maximizing nonlinear
objective functions is particularly noteworthy [27]. Tailoring the algorithm to the intricacies
of the practical electric field location problem, this paper introduced an adaptive strategy
and a boundary mutation processing mechanism. These enhancements aim to refine the
basic differential evolution algorithm, mitigating issues such as initial-value dependency,
sluggish convergence, and the tendency to settle into local optimal solutions. These ad-
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vancements are particularly relevant for solving electric field location problems involving
current elements within layered conductive media.

2.2.1. Basic Differential Evolution Algorithm

Firstly, the following variables are defined: population number NP, D parameters to be
solved, mutation scaling factor F, crossover probability CR, and maximum evolution algebra
G. The minimum optimization problem with D parameters to be solved is considered.
Let x = [x1, x2, . . . , xξ , . . . , xD]

T be a real vector defined in D dimensional space, where
ξ = 1, 2, 3, . . . , D. The minimum optimization problem with D parameters is to find the
optimal solution xbest of the vector x of a given objective function H(x), so that the function
can reach the minimum value, and every possible solution is called an individual in the
population.

For the minimum optimization problem minH(x), xξ,min ≤ xξ ≤ xξ,max. xξ,min and
xξ,max are the lower and upper bounds of the ξ-th parameter to be solved, respectively.

The solution flow of the basic DE algorithm is as follows:
In the initial stage, the initial population X1 containing NP individuals randomly

selected from the search space (the right superscript represents the algebra of the current
population) is represented by the matrix as follows:

X1 = [x1
1, x1

2, . . . , x1
j , . . . , x1

NP], (18)

where j = 1, 2, 3, . . . , NP denotes the j-th individual in a population. Since then, DE
has entered an evolutionary cycle, and each cycle is divided into three steps: variation,
crossover, and selection.

The first step is mutation. The DE algorithm performs a mutation operation to generate
a mutated individual; specifically, for the t generation individual xt

j = [xt
1,j, xt

2,j, . . . , xt
D,j]

T in

the current population, a mutated individual vt
j = [vt

1,j, vt
2,j, . . . , vt

D,j]
T is generated by perform-

ing a mutation operation. In practice, many mutation strategies can be selected [26,28–30], of
which DE/rand/1 is the most widely used strategy, defined as follows:

vt
j = xt

k1 + F × (xt
k2 − xt

k3), (19)

where k1, k2, and k3 are three random integers selected from the set {1, 2, . . . , NP}, which
are different from one another and j. The scaling factor F is a real number within (0, 1] and
is used to scale the difference vector xt

k2 − xt
k3.

The second step is crossover. Taking the crossover probability CR as a positive number
less than 1, the test individual ut

j = [ut
1,j, ut

2,j, . . . , ut
D,j]

T is generated according to the
following equation:

ut
ξ,j =

 vt
ξ,j, rand(1) ≤ CRorξ = ξrand

xt
ξ,j, rand(1) > CR

, (20)

where rand(1) represents a random real number between 0 and 1, while ξrand represents an
integer randomly selected from the range [0, D], which is regenerated before each target’s
individual crosses. The use of ξrand ensures that at least one parameter in ut

j is different
from xt

j.
The third step is selection—that is, selecting a better individual between xt

j and the
next-generation test individual ut

j . For the minimization optimization problem, the selection
operation is defined as follows:

xt+1
j =

 ut
j, H(ut

j) ≤ H(xt
j)

xt
j, otherwise

(21)
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After G generation mutation crossover and selection operations, the final population
XG is generated. The objective function H(x) is used to screen out the optimal individual
xG

best, and each component of the individual is the parameter.
Evidently, the differential evolution (DE) algorithm addresses a significant challenge

encountered by many iterative methods: their dependency on initial values. This is
achieved by employing a random and global approach to initial population selection.
However, it is often observed that, for objective functions with multiple extreme points,
the standard DE algorithm is prone to converging prematurely to a local optimal solution.
This can lead to significant deviations from the theoretical value, particularly in the context
of the constant current element positioning problem, where the objective function, as
expressed in Equation (16), exhibits such characteristics. To address this issue, a parameter-
adaptive strategy is introduced, enhancing the algorithm’s ability to escape local minima
and converge to a globally optimal solution.

2.2.2. Improved Differential Evolution Algorithm by Introducing a
Parameter-Adaptive Strategy

A parameter-adaptive strategy [31–33] is introduced to optimize the basic DE algo-
rithm; that is, F and CR are constantly adjusted according to the mutation success rate, so
as to optimize the quality of individuals in the current population and bring them closer to
the optimal solution. The specific operation is as follows:

The scaling factor and crossover probability of individual xt
j are expressed by Ft

j and
CRt

j, respectively, while the scaling factor and crossover probability of the test individual
used to generate the target individual are expressed by NFt

j and NCRt
j , respectively. In each

round of evolution, Ft
j , NFt

j , CRt
j, and NCRt

j adopt the following adjustment strategies:

NFt
j =

{
0.2 + 0.2 × rand(1), rand(1) < 0.1

Ft
j , otherwise

(22)

NCRt
j =

{
0.2 + 0.2 × rand(1), rand(1) < 0.1

CRt
j, otherwise

(23)

The modified NFt
j and NCRt

j values are used to complete the variation and crossover of

each individual. In addition, the values of Ft+1
j and CRt+1

j associated with each individual
are modified as follows:

Ft+1
j =

 NFt
j , H(ut

j) ≤ H(xt
j)

Ft
j , otherwise

(24)

CRt+1
j =

 NCRt
j, H(ut

j) ≤ H(xt
j)

CRt
j, otherwise

(25)

According to the above adaptive parameter control scheme, the scaling factor and
crossover rate of the algorithm can be adaptively adjusted according to the feedback of
the search process, thereby solving the problem of selecting the maximum point in the
positioning problem of constant current elements.

At the same time, in order to accelerate the convergence speed, after mutation,
crossover, and selection, the information of the best individual xt+1

best in the current off-
spring is used to further optimize the population quality of the offspring; that is, xt+1

k is
randomly selected from the offspring and mutated again. The specific method is as follows:

v = a1·xt+1
k + a2·xt+1

best + a3·(xt+1
r1 − xt+1

r2 ) (26)
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where v is a new temporary individual that may replace xt+1
k , and a1, a2, and a3 are

real numbers between 0 and 1 that satisfy the condition a1 + a2 + a3 = 1; xt+1
best is the

best individual in the population; and xt+1
r1 and xt+1

r2 represent two different individuals
randomly selected from the current population that are different from xt+1

k . After mutation,
the objective function is used to choose the new temporary individual v as follows:

xt+1
k =

{
v, H(v) ≤ H(xt+1

k )

xt+1
k , otherwise

(27)

The purpose of using this search strategy is to use the information of the best indi-
vidual in the current population to improve the population quality and accelerate the
convergence speed. Parameter adaptation refers to the process where each individual
possesses its own scaling factor and crossover probability, and in each round of evolution
these factors need to continuously self-adjust based on the mutation success rate. The
modified scaling factor and crossover probability are then used to complete the mutation
and crossover of each individual. In summary, parameter settings in algorithm operation
generally consist of parameter adjustment and parameter control. The adaptive parameter
control strategy eliminates the tedious and time-consuming manual operation process of
traditional algorithms, which involves “setting initial parameters based on experience,
repeatedly conducting blind trials, adjusting parameters, and then testing again”. Instead,
when faced with unknown applicable conditions, the strategy utilizes its own evolutionary
parameters and evaluation criteria to automatically adjust the scaling factor and crossover
probability through feedback regulation, all carried out by the computer itself. This makes
the algorithm more intelligent and flexible, significantly reducing redundant operations,
improving computational efficiency, and resulting in more accurate outcomes compared
to the random parameter-adjustment mode. The application of this strategy is particu-
larly suitable for the passive electric field positioning problem of underwater vehicles in
unknown spaces studied in this paper.

2.2.3. Improved Differential Evolution Algorithm by Introducing a Boundary Mutation
Processing Mechanism

In the standard differential evolution (DE) algorithm, the methods for boundary
processing typically involve either boundary absorption or random reproduction. While
the former approach is relatively straightforward, it can lead to a clustering of offspring
near the boundary if a significant number of individuals exceed the prescribed limits. This
clustering can, in turn, hinder the search for an optimal solution. On the other hand, the
random reproduction method exhibits a high degree of randomness, which, although it
introduces diversity, can significantly impact the convergence of the algorithm.

After introducing the parameter-adaptive strategy, in order to consider the anti-noise
ability and convergence of the algorithm, it is necessary to add a boundary mutation pro-
cessing mechanism [34] as an improved supplement to the boundary absorption processing
and random reproduction processing—that is, to judge the individuals in the solution space
to cross the boundary and to provide two mutation opportunities to the individuals vj that
exceed the search boundary. The first mutation strategy is shown in Formula (19), and
the second mutation strategy is shown in Formula (28). If the individual still crosses the
boundary after two mutations, an individual is randomly generated in the solution space
to replace the crossover individual.

vt
j = xt

r1 − F × (xt
r2 − xt

r3), (28)

where r1, r2, and r3 ∈ {1, 2, . . ., Np} are different from one another and from j.
In addressing boundary variation, the value of F in Equations (19) and (28) is typically

set to 0.1, given the narrow range of individuals that cross the boundary [35]. In the event
that an individual remains out of bounds following two consecutive mutation operations,
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a substitution approach is adopted, wherein a random individual is generated within
the permissible solution space to replace the outlier. The mutation handling sequence is
depicted in Figure 3.

Mathematics 2024, 12, x FOR PEER REVIEW 14 of 31 
 

 

 

Figure 3. Boundary mutation processing flowchart. 

By implementing this boundary processing approach, individuals are able to effec-

tively avoid clustering near the boundary. Furthermore, this method reduces the random-

ness associated with boundary handling, thereby enabling offspring individuals to con-

verge towards the optimal solution’s vicinity and yield improved results. In brief, by in-

troducing a boundary mutation handling mechanism, we are able to maintain a certain 

level of diversity in the randomly generated individuals, ensuring that the evolutionary 

effectiveness and positioning accuracy of the algorithm remain unaffected. Furthermore, 

by manually controlling the behavior of individuals at the boundary, the computational 

speed of the algorithm is not impaired by the inability to converge for an extended period 

of time. This is crucial for us to achieve the inverse positioning of underwater targets, 

especially for moving targets, where fast computation is paramount. Therefore, the two-

boundary crossover mutation strategy is well suited for the work presented in this paper. 

If, in other applications, there is a need to rebalance the computational speed and inver-

sion effect based on this strategy, such as when more time is available but the inversion 

accuracy needs to be improved, additional boundary crossover mutation opportunities 

can be incorporated into the existing two-boundary crossing judgment flows depicted in 

Figure 3. Conversely, if a faster computational speed is prioritized while inversion accu-

racy is less critical, the number of boundary crossover mutation opportunities can be re-

duced. Additionally, the number of mutation opportunities can be dynamically adjusted 

as an algorithmic parameter in conjunction with an adaptive strategy, without requiring 

specific manual se�ings. However, such operations are not necessary for the work pre-

sented in this paper; therefore, this aspect is not further explored in this paper. 

In sum, the improved differential evolution algorithm, developed by introducing a 

parameter-adaptive strategy and a boundary mutation processing mechanism, is ex-

pected to achieve the electric field location of current elements in layered conductive me-

dia, while being independent of initial values, fast in terms of location speed, and rarely 

falling into local optima. The following simulation and experimental results also prove 

this point. The flowchart of the established boundary variation adaptive differential evo-

lution (BVADE) location algorithm is shown in Figure 4. 

Figure 3. Boundary mutation processing flowchart.

By implementing this boundary processing approach, individuals are able to effec-
tively avoid clustering near the boundary. Furthermore, this method reduces the ran-
domness associated with boundary handling, thereby enabling offspring individuals to
converge towards the optimal solution’s vicinity and yield improved results. In brief, by
introducing a boundary mutation handling mechanism, we are able to maintain a certain
level of diversity in the randomly generated individuals, ensuring that the evolutionary
effectiveness and positioning accuracy of the algorithm remain unaffected. Furthermore, by
manually controlling the behavior of individuals at the boundary, the computational speed
of the algorithm is not impaired by the inability to converge for an extended period of time.
This is crucial for us to achieve the inverse positioning of underwater targets, especially
for moving targets, where fast computation is paramount. Therefore, the two-boundary
crossover mutation strategy is well suited for the work presented in this paper. If, in other
applications, there is a need to rebalance the computational speed and inversion effect
based on this strategy, such as when more time is available but the inversion accuracy needs
to be improved, additional boundary crossover mutation opportunities can be incorporated
into the existing two-boundary crossing judgment flows depicted in Figure 3. Conversely,
if a faster computational speed is prioritized while inversion accuracy is less critical, the
number of boundary crossover mutation opportunities can be reduced. Additionally, the
number of mutation opportunities can be dynamically adjusted as an algorithmic parame-
ter in conjunction with an adaptive strategy, without requiring specific manual settings.
However, such operations are not necessary for the work presented in this paper; therefore,
this aspect is not further explored in this paper.

In sum, the improved differential evolution algorithm, developed by introducing a
parameter-adaptive strategy and a boundary mutation processing mechanism, is expected
to achieve the electric field location of current elements in layered conductive media, while
being independent of initial values, fast in terms of location speed, and rarely falling into
local optima. The following simulation and experimental results also prove this point. The
flowchart of the established boundary variation adaptive differential evolution (BVADE)
location algorithm is shown in Figure 4.
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3. Simulation Analysis of the Positioning Method

In order to verify the effectiveness of the positioning method, firstly, the constant
current element model under the condition of three layers was used to carry out simulation
positioning, and the best measurement array was determined through the simulation
analysis results.

3.1. Simulation Positioning Example

In the shallow sea environment shown in Figure 1, the water depth is 100 m, the
seawater conductivity is 3 S/m, and the seabed conductivity is 0.01 S/m. Suppose that
10 measuring electrodes are arranged in the area near the origin, where y ϵ (−5L, +5L), xϵ
(0, L), zϵ (0, 20) m, and the measuring points are randomly located. For the convenience
of comparison, the interval between the y coordinates of the electrodes is L = 400 m,
x = |sin(πy/5L)·L|, and z is random in the range of (0, 20) m. The purpose of these settings
is to ensure that the electrodes are all in the layout area and the relative position only
changes in a small range when conducting comparative experiments. Let the target be
located at M0 (7400, 2800, 80) m, and the field source intensity is (60, 80, 10) m. In addition
to the aforementioned parameters, regarding other fundamental parameters within the
algorithm, the initial population NP was set to 40, the dimension of variables D was set to
6, and the initial values of the mutation operator and crossover operator were set to 0.1 and
0.25, respectively. The upper and lower search limits for x, y, and z were set to [0, 8000],
[−8000, 8000], and [0, 100], respectively. The upper and lower limits for the current element
spacing were set to ±200.

In the simulation positioning, the theoretical scalar potential values (Φ1, Φ2, . . ., Φ10)
of the electrode position are obtained according to Equation (14), and random noise with a
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certain signal-to-noise ratio is added to them as the potential measurement values of the
measuring points (Φ1

′, Φ2
′, . . ., Φ10

′). The signal-to-noise ratio S is defined as follows:

S = 20lg(Φ/Φnoise) (29)

where Φ is the average of the theoretical values of 10 electrode potentials, and Φnoise is the
noise amplitude.

Take L = 400 m and SNR (signal-to-noise ratio) S = 40 dB. With the help of the potential
measurement values of 10 measuring points, the BVADE algorithm was used to complete
100 field source parameter inversions, and the simulation positioning results are shown in
Figure 5.
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The calculated field source position deviations δx =
∣∣∣ x−xreal

xreal

∣∣∣ × 100%, δy, and δz

(y and z were calculated by the same method as x) and the relative deviation δ|r| =
∣∣∣ r−rreal

rreal

∣∣∣
of vector diameter were 0.49%, 4.29%, 2.50%, and 1.58%, respectively. In addition, the
intensity vector deviation δ|p| =

∣∣∣ p−preal
preal

∣∣∣ was 4.3%, where x, r, and p represent the average
values, while xreal , rreal , and preal represent the actual values.

The simulation results show that the proposed method can accurately retrieve the
parameters of field source targets in shallow sea environments, showing a better anti-noise
ability and positioning accuracy. The convergence rate test results of the BVADE algorithm
at S = 40 dB are shown in Figure 6. In fact, the function achieved its first convergence point
around the 23rd generation, indicating a relatively fast convergence speed. Certainly, the
basic differential evolution (DE) algorithm falls short in this regard. When employing the
standard DE algorithm, it takes at least 40 generations to arrive at the first convergence
point, and the deviation in positioning accuracy is so significant that it renders the use of
positioning error metrics impractical for evaluation. This demonstrates the effectiveness
and efficiency of the proposed approach in achieving faster convergence and more accurate
results compared to the traditional DE algorithm. After about 50 generations of evolu-
tion, the objective function value tends to be stable, which shows that the algorithm has
good convergence.

It should be noted that, under the parameters provided above, the theoretical value of
field distribution is simulated by using Formula (14). It is easy to see that, when the values
of k and m are greater than 200, the series sum tends to be constant. Therefore, in this paper,
the first 200 items of the series of Formula (14) were summed, which not only ensured the
calculation accuracy of the field but also avoided wasting calculation resources.
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There are numerous algorithms and methodologies for positioning, and many factors
can affect the positioning performance of a given method. However, most algorithms or
methods cannot achieve absolute perfection in every aspect, due to the interdependence
and constraints among various parameters. Each method has its own advantages and
focuses. Since the electrode deployment range and the number of electrodes are the most
direct and specific factors to consider in the practical application of this positioning method,
the research presented in this paper focused on exploring the relationship between the
positioning accuracy, the noise immunity of the algorithm, and these two variables. Given
that the previous simulation example used L = 400 m and SNR S = 40 dB, to avoid the
contingency of parameter settings and further demonstrate the general applicability of the
algorithm, we conducted additional simulations with L = 300 m and 15 electrodes. The
specific results are shown in Table 2. The purpose of this adjustment was to preliminarily
determine whether the algorithm is scalable to different parameter settings.

Table 2. Inversion error when L = 300 m and the number of electrodes = 15.

S/dB r/m δ|r|/% p/A·m δ|p|/%

∞ (7541, 2853, 78) 1.90 (62, 78, 11) 2.99
60 (7576, 2866, 82) 2.35 (57, 82, 12) 4.10
40 (7786, 2792, 80) 2.56 (58, 76, 8) 4.87
30 (7643, 3050, 77) 5.33 (61, 85, 9) 5.17
20 (7551, 2915, 73) 7.09 (56, 81, 14) 5.72

As shown in Table 2, under the conditions of a deployment range of L = 300 m
and 15 electrodes, the inversion positioning error is relatively small, with the maximum
position vector error and field source intensity vector error reaching 7.09% and 5.72%,
respectively. It is evident that, while altering the parameters in the algorithm leads to some
variation in accuracy, the algorithm is still capable of achieving high-precision, low-error
inversion positioning. Therefore, the algorithm demonstrates scalability in positioning
performance for different parameter settings. In subsequent research, we will specifically
investigate the relationship between the deployment range L of the sensor array, the
number of electrodes deployed, and the positioning accuracy and noise immunity of the
algorithm. Furthermore, we will optimize the design based on these findings to guide
future engineering applications.
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3.2. Optimal Sensor Array Design

Since this work aims to guide practical applications, it is necessary to clarify issues
related to electrode deployment in engineering implementations. Figure 7 illustrates two
deployment strategies for optimizing the electrode array design. One strategy involves
changing the electrode spacing while keeping the number of electrodes constant, which
ultimately alters the deployment range of the electrode array. The other strategy involves
varying the number of electrodes while maintaining a constant deployment range, noting
that the electrode spacing needs to be adjusted accordingly. Additionally, the electrodes
selected for our simulations and subsequent experiments were Ag/AgCl electrodes. In the
figure, A1, A2, and A3 represent the potential difference between detection electrodes, short-
term potential drift, and long-term potential drift, respectively. Based on the characteristics
of the selected electrodes, we considered these errors to be negligible in our work, assuming
the reliability of the potential values measured at our selected points. Guided by the
two aforementioned strategies, we subsequently investigated the relationship between
positioning accuracy and electrode deployment range, as well as the number of electrodes.
Notably, our positioning method does not impose any specific requirements or restrictions
on the electrode array, offering a significant advantage. The adoption of a sinusoidal pattern
for electrode deployment in subsequent work was primarily to facilitate the control of
variables in our research focus, rather than indicating that it is only applicable to sinusoidal
patterns. This approach ensures that the patterns and results obtained from each simulation
test are more reliable and scientific, avoiding potential biases caused by the irregular
positions of randomly generated electrodes.
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Figure 7. Electrode array configuration.

3.2.1. The Influence of Electrode Layout Range

In order to explore the influence of electrode layout range on the positioning results,
under different noise conditions, keep the number of electrodes unchanged, change the
electrode layout range—that is, change L—and simulate the inversion of field source
position, the variation rule of the field source position deviation δ|r| with the electrode
layout range can be obtained, as shown in Figure 8. The error band marked in the figure
when S = 20 dB is used to indicate the fluctuation range of the data. It can be seen that,
under the same other conditions, no matter the noise level, δ|r| shows a decreasing trend
with the increase in L.
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Figure 8. Variation in δ|r| with L.

Figure 9 is the positioning diagram when S = 40 dB and L is replaced by 150 m, 400 m,
and 650 m. It is obvious that, under the same noise conditions, with the increase in L, the
inversion accuracy and the inversion point aggregation are improved, which shows that
the electrode layout area is large and the positioning effect is better. In the figure, the blue
dots represent the pre-arranged source positions, the green dots represent the positions of
each inversion, the red dots represent the average positions of several inversions, and the
purple dots represent the electrode positions. The same applies below.
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650 m (c).

The electrode layout range significantly impacts the inversion results. Specifically,
when the distance between the measuring electrodes is small, the correlation among the
scalar potentials obtained at the measuring points intensifies. This, in turn, enhances
the correlation among the established equations, thereby increasing the complexity of
solving the nonlinear equations. Consequently, the iteration process is prone to converging
prematurely to a local optimal solution, ultimately reducing the positioning accuracy.
Conversely, when the electrode spacing is increased, the correlation among the equations
weakens, leading to more stable calculation results and a higher positioning accuracy.
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3.2.2. The Influence of the Number of Electrodes

In order to further analyze the influence of the number of electrodes on the inversion
results, the range of the electrodes was kept at 4000 m; that is, the y-axis coordinates of
measuring electrodes were evenly distributed in the range of (−2000, 2000) m, the x-axis
coordinates were x = |sin(πy/2000)× 400| m, and the z-axis coordinates were randomly
distributed in the range of (0, 20) m; the number of electrodes was changed, and five
different noise intensity conditions were considered. The proposed BVADE algorithm was
used to simulate the inversion of the field source position, and the variation in the source
vector diameter deviation with the range of the electrodes was observed. The variation
in the source vector diameter deviation δ|r| with the number of electrodes is shown in
Figure 10.
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It can be seen in the above figure that, when using the data of less than six measuring
points for inversion, the positioning deviation is large, and it also exceeds 2% when there
is no noise. When the number of electrodes is 5~10, δ|r| gradually decreases to less than
8% with the increase in the number of electrodes under 20 dB noise. Generally speaking,
when the number of electrodes exceeds 10, δ|r| tends to decrease and then stabilize with the
increase in the number of electrodes.

This conclusion aligns with the fundamental principles underlying the mathematical
solution of positioning problems. The number of electrodes employed directly corresponds
to the number of equations within the nonlinear system. In theory, assuming the dimensions
of the solution space (i.e., the number of parameters to be determined) and the range of the
electrode layout remain constant, an insufficient number of equations can compromise the
solution’s accuracy. Conversely, while an excessive number of equations may not further
enhance the solution’s accuracy, it can lead to increased computational time as the number
of equations grows.

The aforementioned results demonstrate that, within a six-dimensional solution space
(where the number of parameters to be solved equals six), utilizing 10 to 15 electrodes
can yield superior inversion outcomes. Although increasing the number of electrodes
may marginally enhance the accuracy in noisy environments, the computational time
scales almost linearly with the number of electrodes. Consequently, compared to using
a larger number of electrodes, employing 10 to 15 electrodes offers a superior overall
performance; specifically, under the condition of maintaining positioning accuracy, it
reduces the computational burden and accelerates the positioning speed.
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In summary, in terms of positioning speed, the proposed algorithm achieves its first
convergence at around 23 evolutionary generations and then gradually stabilizes, reach-
ing a stable state of convergence around 50 generations and thereafter remaining almost
unchanged, demonstrating a fast convergence speed overall. In terms of positioning ac-
curacy, the preliminary simulation tests (L = 400 m, 10 electrodes, S = 40 dB) showed
that the deviations in vector magnitude and field source intensity vector can be as low
as 1.58% and 4.3%, respectively. In extended simulation tests under different parameters
(L = 300 m, 15 electrodes, and S = ∞, 20, 30, 40, 60 dB), the deviations in vector magnitude
and field source intensity vector did not exceed 7.09% and 5.72%, respectively, indicat-
ing that the algorithm can achieve low-error, high-precision positioning under different
parameters, demonstrating its universal applicability. In terms of noise immunity, as the
focus of this paper was on position localization rather than discrimination of field source
strength, and considering the characteristics of practical applications, we primarily investi-
gated the influence of two variables—the electrode deployment range and the number of
electrodes—on the positioning accuracy. On the one hand, when the number of electrodes
is fixed, the positioning accuracy decreases significantly with the increase in the electrode
deployment range. Under low noise levels (S ≥ 40 dB), the positioning accuracy can
decrease from approximately 5% for a small deployment range (spacing L ≤ 200 m) to
approximately 0.8% for a large deployment range (spacing L ≥ 700 m). Under high noise
levels (S < 40 dB), the positioning accuracy can decrease from approximately 9% for a small
deployment range (spacing L ≤ 200 m) to 2.5% for a large deployment range (spacing
L ≥ 700 m). On the other hand, when the deployment range is fixed, the positioning
accuracy decreases significantly with the increase in the number of electrodes. Under low
noise levels (S ≥ 40 dB), the positioning accuracy can decrease from approximately 5% for
a small number of electrodes (≤10) to approximately 1.3% for a large number of electrodes
(≥50). Under high noise levels (S < 40 dB), the positioning accuracy can decrease from
approximately 7.2% for a small number of electrodes (≤10) to approximately 3.5% for a
large number of electrodes (≥50). This indicates that the choice of electrode deployment
range and number has a certain significance for improving positioning accuracy in practical
applications. Moreover, regardless of the electrode deployment range and number chosen
based on actual conditions, the algorithm can maintain small positioning errors and high
positioning accuracy under both low and high noise levels, demonstrating good noise
immunity. Based on the simulation test results and summarized patterns, in practical engi-
neering applications using this method, a larger deployment range of sensors and a higher
number of sensors within that range will result in higher positioning accuracy. However,
it should be noted that the deployment range refers to a relative range, and the specific
electrode spacing and deployment range should be determined based on the needs of the
specific engineering application. For example, for long-range positioning, the electrode
spacing and deployment range should be larger, while for short-range positioning, the
deployment range can be relatively smaller.

4. Laboratory Verification of the Positioning Method

In the laboratory, a cuboid pool made of PE plastic with dimensions of 5.0 m × 3.0 m
× 0.78 m was used to hold brine to simulate the shallow sea environment, and a solid
Ag/AgCl electrode array for determining potential was arranged on the middle line of the
pool (set to x = 0 m), as shown in Figure 11. We took the water surface as the xoy plane, the
diagonal intersection of the water surface as the origin of the coordinates, and the vertical
downward direction as the positive direction of the z-axis. The probe electrode support was
190.0 cm in length, 15.0 cm in width, 2.0 cm in thickness at the bottom, 10.0 cm in height,
1.6 cm in diameter, and 10.0 cm in spacing between holes. In order to prove the effectiveness
of the proposed positioning method, platinum plates (analog current elements) were used
to locate the underwater vehicle.
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Figure 11. Experimental pool.

4.1. Current Element Positioning Experiment

Two platinum analog current elements with dimensions of 6.0 mm × 7.0 mm, which
were placed in parallel and opposite and set 18.0 mm apart, were supplied by a DC
constant current source, I = 500 mA. The simulated seawater conductivity was 0.86 S/m,
the simulated seawater depth D was 37.0 cm, and the field source was located 8.5 cm
below the water surface. After the analog current element was energized, it moved along
the guide rail driven by the slider, and the corresponding potential value was measured
synchronously by the probe electrode. After coordinate transformation, the potential
distribution of the current element located at (0, 0, 0.085) m and with an intensity of about
0.009 A·m on the depth plane where the probe electrode was located could be obtained.
The layout diagram of the field source and detection sensor is shown in Figure 12.
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Figure 12. Schematic diagram of the field source and detection sensor layout.

The location of the current element was determined through the utilization of experi-
mental data following coordinate transformation. To invert the parameters of the current
element, scalar potential values from 10 randomly selected positions within the measure-
ment area were employed. Subsequently, after conducting 100 inversions, the average
value was computed, and the positioning results are presented in Table 3 and Figure 13. In
the tables and figures, the theoretical positions are also referred to as the actual laboratory
deployment positions. The figures and tables reflect the comparison between the simulated
positions obtained through inversion and the theoretical deployment positions.
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Table 3. Laboratory inversion results.

r/m δ|r|/% p/A·m δ|p|/%

(0.0543, −0.0274, 0.0576) 5.11 (0.0091, −0.0005, 0.0004) 7.2
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Figure 13. Laboratory positioning results.

The deviation of the source radius and source intensity from the measured underwater
potential data was 5.11% and 7.20%, respectively. Considering the influence of the boundary
effect background noise and spatial position measurement in the experiment, this shows
that the current element location in the three-layer parallel stratified sea area model can be
completed by using the location method established in this paper.

4.2. Positioning Experiment of the Moving Underwater Vehicle

To further validate the applicability of our method in practical engineering, we con-
ducted a continuous positioning experiment using a real submarine model based on the
aforementioned positioning experiments with the equivalent field source model. The model
used in this experiment is shown in Figure 14.
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Figure 14 shows the underwater vehicle model used. The surface of the hull is coated
with insulating materials, and the stern of the underwater vehicle is equipped with copper
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propellers, which are driven by the motor in the underwater vehicle and controlled by
wireless remote control. A pair of platinum anodes are arranged in parallel near both sides
of the propeller (the dimensions of the two anodes are 6.0 mm × 7.0 mm × 0.3 mm, the
distance is 5.5 cm, and the vertical distance between the centerline and the propeller plane is
9.5 cm). The platinum anode is connected to the positive electrode of the external constant
current source, and the propeller drive shaft is connected to the negative electrode of the
constant current source. Therefore, when electrified, the current consists of the positive
electrode of the constant current source → platinum anode → seawater → propeller →
shaft → negative electrode of the constant current source, which constitutes the ICCP
(impressed current cathodic protection) system of the underwater vehicle and provides a
cathodic protection current for the underwater vehicle. In order to calibrate the position
and speed of the underwater vehicle, the camera is used to record the position of the field
source in real time. The layout diagram of the whole experimental device is shown in
Figure 15. The electrode array was deployed at the symmetrical position in the middle
of the water area, and the model was also moved according to the symmetry axis of the
experimental environment, ensuring the symmetry of the entire experimental setup. The
simulated seawater depth and conductivity were the same as before, and the anode sheet
on the underwater vehicle was kept at 10.0 cm below the water surface.
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Figure 15. Schematic diagram of the experimental device layout.

After the ICCP system of the underwater vehicle was electrified and stabilized, we
drove the underwater vehicle remotely, traveling from the negative to the positive direction
of the x-axis along the center line of the pool and controlling it to return according to the
original path when the propeller crossed directly above the electrode array, as shown in
Figure 16. The potential of each measuring electrode was recorded synchronously with
a digital storage recorder, and after the range of each electrode pair was removed, the
potential measurement value of each measuring point was obtained. In the experiment,
the current of ICCP system was set to 0.3 A, and 10,896 potential signals of 16 groups were
collected after sailing for 34 s.

In order to reduce the influence caused by the boundary of the water tank’s wall,
the test data of 10 electrodes in the middle of the detection array were selected during
positioning, and the track area of the underwater vehicle was limited to x ∈ [−1.8, −0.2] m.
By recording the position and time of the underwater vehicle in the round-trip phase with
a real-time recording camera, the average speed of the underwater vehicle was 0.2199 m/s,
and the real position corresponding to each time of the underwater vehicle was obtained.
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Using the aforementioned positioning method, the continuous positioning of the sub-
marine model was achieved. The positioning result data and the corresponding schematic
diagram of the submarine model’s trajectory positioning are shown in Table 4 and Figure 17,
respectively. These illustrate the difference in data between the target model’s movement
position recorded by the high-speed camera and the simulated position derived from the
positioning algorithm, as well as the intuitive display on the schematic diagram.

Table 4. Inversion results of the underwater vehicle track.

Moment/s Theoretical Position/m Actual Location/m Absolute Deviation/m

14 (−1.4, 0.36, 0.1) (−1.41, 0.47, 0.09) 0.11
16 (−0.96, 0.36, 0.1) (−1.04, 0.28, 0.10) 0.11
18 (−0.52, 0.36, 0.1) (−0.35, 0.46, 0.10) 0.20
20 (−0.1, 0.36, 0.1) (−0.13, 0.29, 0.09) 0.07
22 (−0.36, 0.36, 0.1) (−0.31, 0.23, 0.09) 0.14
24 (−0.80, 0.36, 0.1) (−0.89, 0.47, 0.09) 0.14
26 (−1.24, 0.36, 0.1) (−1.50, 0.29, 0.10) 0.27
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Considering the influence of limited experimental waters and the poor stability of the
underwater vehicle’s round-trip motion, it can be seen in Table 4 and Figure 17 that the
positioning track of the underwater vehicle is in good agreement with the actual track, and
the inversion positioning error at each point along the almost 3-meter-long back-and-forth
path is within the range of [0.07, 0.27] m. After calculation, the average positioning distance
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error is only 0.148 m. This level of accuracy, considering various uncertain error factors
(such as manual operations), sufficiently demonstrates the effectiveness of the positioning
method in the experiment, which shows that the positioning method established in this
paper has a good practicability.

4.3. Discussion and Prospects of Practical Application Scenarios

Firstly, the positioning method proposed in this paper covers the entire search area and
does not impose requirements on the location or direction of the field source. Meanwhile,
for the practical application scenario of passive warning for unknown underwater vehicles,
the appearance of underwater vehicles in the ocean is often random in both location and
direction. The direction of the equivalent field source is closely related to the moving
direction of the target’s body, and its intensity is related to the target’s size and anti-
corrosion materials. Therefore, the positioning method and algorithm need to be insensitive
to the orientation and movement direction of the target. Combining the characteristics
of the aforementioned positioning method and the usage features of underwater vehicle
positioning and warning, we believe that the proposed method can be applied to two
passive warning positioning application scenarios: shore-based warning and buoy-based
warning. Both are suitable for shallow sea areas and are feasible under conditions of
shallow water where sensors are easily deployed, as well as challenging seabed operations
where sensors are difficult to deploy. The deployment methods can be submerged, floating,
or semi-submerged. The overall idea is to utilize a pre-deployed electrode array to capture
underwater electric field signals, and then utilize a computing unit to invert the position
parameters of the underwater vehicle in order to determine whether the target is within
the warning range. From the perspective of practical warning applications, this is a very
valuable approach worth considering.

Figure 18 depicts the configurations for single shore-based warning (a), combined
shore-based warning (b), single buoy-based warning (c), and combined buoy-based warn-
ing (d) in a certain sea area with a water depth of 70 m. The horizontal distance between the
detection electrodes, L, is 300 m, and 10 electrodes are distributed in the white solid region
shown in the figure, which represents the array sensor deployment area. The combined
warning approach can significantly increase the warning area coverage. The sizes of the
various regions in the figure are drawn in equal proportion to the map. The warning system
primarily consists of underwater detection electrode arrays, signal transmission units, com-
puting units, control units, and other components. These work together to accomplish the
functions of scalar potential detection, signal conditioning, parameter inversion, and alert
notification, enabling the positioning, warning, and surveillance of underwater vehicles
invading the rectangular dashed-line area.

Regarding the warning strategy, when the system is on alert, the target determination
falls into three scenarios:

1⃝ If the target has not entered the warning area, as shown by Objective 1 in Figure 18a,
the target is still far away from the detection electrodes, and the system is unable to capture
the potential signal generated by the target and, thus, unable to invert the target’s position.

2⃝ If the target has not entered the warning area, as shown by Objective 2 in Figure 18a,
the target is not too far from the detection electrodes, and the system is able to collect the
weak electric field signal that it generates. However, the inverted position has exceeded the
algorithm’s search area (i.e., the warning area, the rectangular region formed by the white
dashed lines set earlier). When the algorithm iterates to calculate the target’s position, it
will no longer be the actual position but a certain point on the boundary of the warning
area. The proof is as follows:

At this time, during the iteration process of the algorithm, the objective function
is actually

f ′k =
p·Rk

4πσ
∣∣Rk

∣∣3 +
pQ·R′

k

4πσ
∣∣∣R′

k

∣∣∣3 − φm
k , (30)
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where Rk = (xk − x′0, yk − y′0, zk − z′0), Rk′ = (xk − x′0, yk − y′0, zk + z′0), and theoretically,

φm
k = p·Rk

4πσ|Rk |3
+ pQ·R′

k

4πσ|R′
k |

3 , while f ′ represents the actual objective function. Substituting

this into the previous equation provides the following:

f ′k =
p·Rk

4πσ
∣∣Rk

∣∣3 +
pQ·R′

k

4πσ
∣∣∣R′

k

∣∣∣3 − (
p·Rk

4πσ|Rk|3
+

pQ·R′
k
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Figure 18. Schematic diagram of four early warning methods in a certain sea area. (a) single shore-
based warning; (b) combined shore-based warning; (c) single buoy-based warning; (d) combined
buoy-based warning.

Since the target is outside the warning zone, while M′
0(x′0, y′0, z′0) is within the

warning zone, based on the approach of minimizing a function, the algorithm will strive to
find a value of M′

0 that minimizes f ′k in Equation (31). In solving a single-target problem,
when p remains constant, f ′k will only be smaller if M′

0 is closer to M0. Therefore, the
theoretical position of M′

0 is at the closest point on the outer edge of the warning zone
to M0. As a result, the system inverts the target’s position to the boundary of the search
area, as illustrated in Figure 19a. The theoretical positions of the targets in the figure are
(8100, 2800, 70) and (9000, 2800, 70), both of which lie outside the system’s warning zone.
As evident from the figure, the inverted positions are all situated on the perimeter of the
warning zone.
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Figure 19. Warning simulation scenario diagram. (a) Target is not in the perimeter. (b) Target has
entered the perimeter.

3⃝ If the target enters the warning area, as shown by Objective 3 in Figure 18a, the
system is able to capture the electric field signal generated by the target and accurately
calculate its position, as illustrated in Figure 19b.

Regarding the warning process, as illustrated in Figure 20, it can be divided into
three parts:
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Figure 20. Early warning process.

1⃝ Under daily monitoring conditions, the ground control center conducts surveillance,
with the detection electrodes continuously attempting to capture weak potential signals in
the sea area. After filtering and amplifying the signals, if no valuable potential signals can
be extracted, this proves that there are no incoming underwater vehicle targets within the
detection warning range, and the system continues to monitor the area.

2⃝ If valuable potential signals can be extracted, they are sent to the computing unit for
inverting the target position. If the target is located at the boundary of the warning area, this
indicates that an enemy underwater vehicle or submarine target has been detected but has
not yet entered the warning area, allowing the system to continue with its daily monitoring.

3⃝ If the inverted target is located within the warning area, this indicates that an
incoming target has entered the warning area, triggering the system alarm, allowing for
subsequent actions to be implemented accordingly.

Since the warning system is a practical application designed based on the studied
passive electric field target localization method, theoretically, it has no specific requirements
for the incoming direction of the target or the direction of the field source intensity. However,
in the algorithm calculations, we must set a certain computational domain, and the typically
chosen calculation range is often larger than our expected warning area. However, in
practical applications, there are no boundary limitations in any x, y, or z direction. As for
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incoming targets near the boundary, whether or not the special angle of their direction
and the different field source intensity directions caused by the vehicle’s body posture
will affect the positioning accuracy requires further investigation. This serves as a future
outlook for the work presented in this section.

5. Conclusions

To fulfill the practical application demands of underwater vehicle passive electric
field localization technology, this paper introduces a scalar-potential-based method for
underwater vehicle passive electric field positioning. This method leverages the intel-
ligent differential evolution algorithm and is suitable for a three-layer stratified marine
environment. Firstly, the positioning mathematical model was formulated based on the
scalar potential distribution law of current elements in the stratified marine setting. An
objective function was chosen, and the positioning problem was recast as the minimization
of this objective function. Secondly, given the differential evolution algorithm’s weak
initial-value dependence, it was chosen as the foundation for the localization algorithm.
To enhance the algorithm’s performance, avoid local optima, and improve convergence,
a parameter-adaptive strategy, along with a boundary mutation processing mechanism,
was introduced to enhance the performance of the algorithm. The simulation results
demonstrate the algorithm’s high inversion accuracy, robust noise resistance, and broad
applicability; additionally, they indicate that the proposed positioning method has no
specific requirements for sensor measurement configurations, although a wide range
and moderate number of sensors can enhance the electric field positioning effectiveness
for shallow-water underwater vehicles. Finally, laboratory experiments were conducted
to localize underwater simulated current elements and underwater vehicle tracks. The
results indicate that the proposed positioning method fulfills the requirements of indepen-
dent initial values, excellent noise resistance, fast positioning speed, ease of implementa-
tion, and adaptability in shallow-water environments, thereby exhibiting strong practical
application potential.
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