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Abstract—Monitoring coupler parameters in underwater wire-
less power transfer (UWPT) systems is crucial for improving the
system transmission characteristics. Due to the eddy current effect,
the equivalent circuits of the magnetic coupler are more complex
and contain more parameters than those in air-based circuits. Tra-
ditional parameter identification methods, which rely on solving
circuit matrix equations, often struggle with the complex UWPT
systems or require significant computational resources to solve
high-order multivariate equations. This article proposes a coupler
parameter identification method based on the adaptive moment
estimation with a weighted adjustment (Adam-W) optimization
algorithm to address the multiparameter identification problems
in the UWPT system. This method transforms the problem of
solving high-order matrix equations into an optimization prob-
lem to address multiparameter identification problem caused by
seawater eddy effect, which is challenging for traditional methods.
In addition, it facilitates online monitoring of the characteristic
parameters of the system’s coupler by detecting the system’s front-
end input current and voltage without wireless communication
and additional sensor modules, and exhibits better reliability in
underwater environments. The experimental results show that the
proposed Adam-W algorithm achieves a high parameter identifi-
cation accuracy within 1 s and 94 iterations with an average error
of 2.78%. Comparably, an average error of 56.74% is achieved
by gradient descent and 41.49% by adaptive moment estimation,
and 37.42% by particle swarm optimization in 150 iterations. The
proposed Adam-W algorithm achieves higher accuracy in param-
eter identification of the UWPT system within a shorter time and
demonstrates better applicability in seawater environments.
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I. INTRODUCTION

AUTONOMOUS underwater vehicles (AUVs) are vital
for studying marine ecosystems and exploring marine

environmental resources [1], [2], [3], [4]. However, energy
limitations restrict their operational duration. Currently, AUVs
mainly rely on surface vessels, platforms, or nearshore cables
to obtain energy, which compromises safety, concealment, and
automation [5], [6], [7]. Wireless power transfer (WPT) offers a
promising solution to these energy transmission challenges, pro-
viding enhanced flexibility, reliability, and stability [8], [9]. WPT
includes magnetic field coupling, electric field coupling, and
other methods [10], [11], [12], [13]. Especially, inductive power
transfer (IPT) based on the magnetic coupling is usually used in
short- and medium-distance power transmission to AUVs [14].

However, the conductive nature of seawater introduces
complex eddy current effects in the IPT system, increasing
transmission losses [15], [16]. In addition, underwater dark
waves can displace the coupling coils, causing unpredictable
changes in the coupling parameters and deviating the system
from optimal operation. Therefore, online monitoring for iden-
tifying the underwater wireless power transfer (UWPT) system’s
coupler parameters is crucial for researching the system char-
acteristics, refining system control strategies, and enhancing the
stability and efficiency [17], [18], [19].

Existing parameter identification methods are mainly catego-
rized into analytical, data-driven, and system model methods.
The analytical model method directly solves equations derived
from circuit structure or transfer functions. For example, Yin
et al. [20], [21] identified multiple load resistances of the WPT
system by solving circuit matrix equations, while Zeng et al.
[22] used additional current phase detection sensors on the
primary side for rapid estimation of the coupling coefficient
and resonance frequency. In addition, dynamical tracking of
the mutual inductance coefficient is also proposed to improve
transmission efficiency in [23], [24], and [25] based on the
analytical method. However, these methods require the bilateral
communication modules or other additional hardware, limiting
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their applicability to complex models. The analytical model-
ing method is effective for simple circuit models with few
parameters. However, complex models often need additional
prior knowledge or hardware support, and solving high-order
multivariate equation for multiple parameters is challenging.

Data-driven methods, such as back propagation (BP) neural
networks, treat the circuit system as a closed box, finding func-
tional relationship between output features and the parameters.
Mohagheghi et al. [26] used neural networks to establish the rela-
tionship between the input and output of a full-bridge diode rec-
tifier, enabling real-time monitoring of system parameters. Su et
al. [27] applied TensorFlow neural networks to identify the load
and mutual inductance of a double-LCC compensated WPT sys-
tem. However, these methods suffer from poor interpretability
and require extensive data to create datasets for training neural
networks, posing challenges for practical implementation [28].

System modeling methods combine analytical and data-
driven method, using the existing typical system models in
conjunction with optimization algorithms to analyze parame-
ter values. For instance, a genetic algorithm was used for the
online identification of seven characteristic parameters, includ-
ing capacitance and inductance in dc/dc converters for fault
diagnosis in [29]. A two-layer adaptive differential evolution
algorithm for identifying parameters, such as self-inductance,
mutual inductance, and load resistance in WPT systems based
on SS resonant topology, is proposed in [30]. However, heuristic
optimization algorithms lack interpretability and reliability in
the identification process [31].

Although some works have been made in identifying WPT
system parameters in air, applying these methods to UWPT
systems presents several challenges. The traditional analyti-
cal model struggles with multiparameter identification due to
seawater eddy effects, and hardware modules, such as sensors
and communication, face limitations [20], [21], [22], [23], [24],
[25]. In addition, the data-driven method encounters difficulties
in data collection and shows poor model stability under com-
plex seawater conditions [26], [27], [28]. Moreover, the system
model method effectively addresses multiparameter identifica-
tion issues, but heuristic optimization algorithms have slower
identification speeds, taking several minutes [29], [30], [31].

Gradient descent (GD) offers better convergence, faster con-
vergence speed, and greater interpretability compared with
heuristic optimization algorithms [32], but easy to get trapped
in local optimal solutions [33]. The adaptive moment estimation
(Adam) algorithm improves upon GD by introducing momen-
tum and adaptive learning rates, providing better robustness and
anti-interference capabilities [34].

This article applies the Adam algorithm to the parameter
identification in the UWPT system and introduces a weight
parameter based on the structural characteristics of the parameter
identification model, thereby improving the Adam algorithm
into the Adam with a weighted adjustment (Adam-W) algorithm
to enhance the accuracy of multiparameter identification. The
contributions of this article include the following.

1) This article proposes a multiparameter identification
method for WPT systems in underwater environments,

Fig. 1. Structural diagram of UWPT system.

based on the Adam-W optimization algorithm. By con-
structing an objective function, the multiparameter iden-
tification problem is transformed into an optimization
problem, which effectively addresses the identification
challenges posed by the seawater eddy effects in UWPT
systems.

2) The article simplifies the equivalent model for eddy effects
in UWPT systems, reducing the number of parameters that
need to be identified and thereby decreasing the difficulty
of parameter identification for UWPT systems.

3) The method employed in this study facilitates online
multiparameter identification by collecting the single-port
impedance values of the UWPT system, eliminating the
need for bilateral communication or additional sensor
modules, which avoids issues related to communication
delays and interference in marine environments. In ad-
dition, it demonstrates better stability and identification
speed compared with heuristic optimization algorithms,
offering improved handling of coil displacement issues
caused by underwater currents.

4) An experimental platform was established to validate
the effectiveness of the proposed method in underwater
environments. The performance of the proposed method
was compared with particle swarm optimization (PSO),
GD, and Adam algorithms under experimental conditions
simulating underwater currents and varying salinity lev-
els to verify the advantages and limitations of different
algorithms.

II. ANALYSIS OF CIRCUIT MODELS FOR UWPT SYSTEM

The UWPT system mainly consists of an inverter, primary-
side resonant compensation, coupled coils, secondary-side
resonant compensation, and rectifier, with the coupled coils
positioned in seawater, as shown in Fig. 1.

Due to the conductive nature of seawater, the UWPT system
experiences complex eddy current effects in a marine environ-
ment. Therefore, the circuit model of the UWPT system needs
to incorporate an eddy current loop with internal resistance, in
addition to the air environment model [35]. Combined with the
SS resonance compensation topology, the circuit model of the
UWPT system is shown in Fig. 2.

At the transmitter, a full-bridge inverter with four MOSFETs
(S1–S4) controlled by pulsewidth modulation (PWM) signals
converts the dc input voltage Vdc into high-frequency ac input
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Fig. 2. Schematic diagram of UWPT system circuit based on SS resonance
compensation.

voltage vp. At the receiver, a full-bridge rectifier with four
MOSFETs (S5–S8) converts the high-frequency ac voltage into
dc voltage to power the load resistor RA. R1 and R2 are the
internal resistances of the transmitting coil and receiving coil
in air, respectively; L1 and L2 are the self-inductances of the
transmitting coil and receiving coil in air, respectively; R3 is the
equivalent impedance in the eddy current loop; L3 is the equiva-
lent self-inductance in the eddy current loop; M12 is the mutual
inductance between the transmitting coil and receiving coil in the
air; M13 and M23 are the equivalent mutual inductances among
the transmitting coil, receiving coil, and eddy current loop; C1

and C2 are the resonant compensation capacitors; and ip, is, and
ie represent the ac currents at the transmitting end, receiving
end, and in the eddy current loop, respectively.

The fundamental components of the input voltage vp, input
current ip, loop current is, and eddy current loop current ie are
denoted as vp1, ip1, is1, and ie1, respectively. Under fundamental
working frequency, the equivalent load resistance RL can be
calculated as follows:

RL =
(
8
/
π2
)
RA. (1)

After introducing the eddy current loop, the UWPT system’s
identification model becomes more complex, with more param-
eters to be identified, complicating the identification process.
To simplify the coupler model, this article maps the equivalent
parameters of the eddy current loop to the coupling coil. Based
on Kirchhoff’s voltage law (KVL), the following equations can
be derived:

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

vp1 =
(
jωL1 +R1 +

1
jωC1

)
ip1 + jωM12is1 + jωM13ie1

0 = jωM13ip1 + jωM23is1 + (R3 + jωL3) ie1

0 =
(
jωL2 +R2 +RL + 1

jωC2

)
is1 + jωM12ip1

+jωM23ie1.
(2)

Therefore, ie1 can be obtained as follows:

ie1 =
jωM23is1 − jωM13ip1

R3 + jωL3
. (3)

Fig. 3. Simplified UWPT system circuit.

By substituting (3) into (2) to eliminate the eddy current loop
current ie1, we simplify and obtain the following:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

vp1 =

⎡
⎣
(
R1 +

R3ω
2M2

13

R2
3+ω2L2

3

)
+ 1

jωC1

+jω
(
L1 − L3ω

2M2
13

R2
3+ω2L2

3

)
⎤
⎦ ip1

+

⎡
⎣R3ω

2M13M23

R2
3+ω2L2

3

+jω
(
M12 − L3ω

2M13M23

R2
3+ω2L2

3

)
⎤
⎦ is1

0 =

⎡
⎣R3ω

2M13M23

R2
3+ω2L2

3

+jω
(
M12 − L3ω

2M13M23

R2
3+ω2L2

3

)
⎤
⎦ ip1

+

⎡
⎣
⎛
⎝R2 +RL +

R3ω
2M2

13

R2
3+ω2L2

3
+ 1

jωC2

+jω
(
L2 − L3ω

2M2
13

R2
3+ω2L2

3

)
⎤
⎦ is1.

(4)

According to (4), the simplified circuit model of the UWPT
system is shown in Fig. 3.

The KVL equation for the circuit in Fig. 2 is simplified as
follows:⎧⎨
⎩
vp1 =

(
RP + jωLP + 1

jωC1

)
ip1 + (Re + jωM) is1

0 = (Re + jωM) ip1 +
(
RS + jωLS +RL + 1

jωC2

)
is1.

(5)
The equivalent relationship between the parameters of the

UWPT system circuit model, including the eddy current loop,
is shown as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

RP = R1 +
R3ω

2M13
2

R3
2+(ωL3)

2

RS = R2 +
R3ω

2M23
2

R3
2+(ωL3)

2

LP = L1 − L3ω
2M2

13

R2
3+(ωL3)

2

LS = L2 − L3ω
2M23

2

R3
2+(ωL3)

2

Re =
R3ω

2M13M23

R2
3+(ωL3)

2

M = M12 − L3ω
2M13M23

R3
2+(ωL3)

2

(6)

where RP and RS represent the equivalent internal resistances
of the simplified transmitting and receiving coils, respectively;
LP and LS represent the equivalent inductances of the simpli-
fied transmitting and receiving coils, respectively; M represents
the equivalent mutual inductance between the simplified trans-
mitting and receiving coils; Re represents the new equivalent
parameter that represents the eddy current effect, defined as the
mutual impedance of the eddy current effect. The parameters
that need to be identified for the coupler include RP, RS, LP, LS,
M, and Re.
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III. PARAMETER IDENTIFICATION METHOD BASED ON

OPTIMIZATION ADAM-W ALGORITHMS

A. Parameter Identification Model Establishment

The measured values of the transmission port impedance at
the front end of the UWPT system at frequencies ωk are denoted
as Ẑ(jωk), which is calculated based on ip and vp obtained from
sensors’ measurements. R̂(jωk) and X̂(jωk) represent the real
part and the imaginary part of the impedance measurement value
Ẑ(jωk), respectively

Ẑ(jωk) = R̂(jωk) + jX̂(jωk), k = 1, 2, . . . ,m. (7)

The calculated values of the transmission port impedance
at ωk, based on the parameters to be identified, are denoted
as Z(jωk), which is calculated from the KVL equation with
unidentified parameters. R(jωk) and X(jωk) represent the real
part and the imaginary part of the impedance calculated value
Z(jωk), respectively

Z(jωk) = R(jωk) + jX(jωk), k = 1, 2, . . . ,m. (8)

Z(jωk) is a complex function composed of the parameters to
be identified RP, RS, Re, LP, LS, and M. According to (5), the
specific expression for Z(jωk) is given as follows:

Z (jωk) = f(RP , RS , Re, LP , LS ,M, ωk)

=
1

jωkC1
+jωkLP +Rp

− (jωkM +Re)
2

1
jωkC2

+ jωkLs +RL +Rs

. (9)

Therefore, (10) can be formulated using model analysis meth-
ods to obtain the exact solution for the parameters to be iden-
tified. However, in practical calculations, directly solving the
high-order multivariate equation, as shown in (10), is difficult
and requires significant computational resources. Hence, this
article adopts the parameter identification method based on
the optimization algorithms to avoid directly solving the high-
order multivariable equation system, as shown in the following
equation:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

Z(jω1) = f(RP , RS , Re, LP , LS ,M, ω1) = Ẑ(jω1)

Z(jω2) = f(RP , RS , Re, LP , LS ,M, ω2) = Ẑ(jω2)

...
Z(jωm) = f(RP , RS , Re, LP , LS ,M, ωm) = Ẑ(jωm).

(10)

B. Establishment of Optimization Problem Models

To circumvent the solution of the high-order multivariate
equations in (10), this article develops an objective function to
convert the task of obtaining the exact solution for the high-order
multivariate equations into a problem of verifying the suitability
of the solution to mitigate the computational complexity.

The parameter vector to be identified, P = [RP RS Re LP LS

M]T, is used to establish the objective function F(P) as follows:

F (P)=
1

m

m∑
k=1

∣∣∣Z(jωk)− Ẑ(jωk)
∣∣∣2. (11)

The objective function F(P) is a function composed of the
parameter vector to be identified. When the calculated value
of the impedance Z(jωk) equals the measured value Ẑ(jωk),
the objective function F(P) attains its minimum value of 0. As
shown in (12), the parameters RP, RS, Re, LP, LS, and M, can
be considered as the solution to (10).

Therefore, the problem of solving a high-order multivariate
equation is transformed into an optimization problem of finding
the minimum value of the objective function F(P)

min
RP ,...,M

F (P)= min
RP ,...,M

[
1

m

m∑
k=1

∣∣∣Z(jωk)−Ẑ(jωk)
∣∣∣2
]
=0.

(12)
In practice, achieving exact convergence of the objective

function F(P) to the minimum value of 0 is difficult due to
computational errors. Therefore, a small threshold value th needs
to be set. When the objective function F(P)< th, it indicates that
the convergence condition for F(P) has been satisfied, as shown
in the following equation:

min
RP ,...,M

F (P)= min
RP ,...,M

[
1

m

m∑
k=1

∣∣∣Z(jωk)−Ẑ(jωk)
∣∣∣2
]
< th.

(13)
Furthermore, the parameters to be identified can be considered

as the identified values of the system parameters based on (13).

C. GD Optimization Algorithm

The GD method is a commonly used method for solving
optimization problems, offering better convergence, stability,
and reliability compared with heuristic optimization algorithms.

Suppose the initial parameter vector is set as P(0) = [RP
(0)

RS
(0) Re

(0) LP
(0) LS

(0) M(0)]T. After t iterations, the parameter
vector becomes P(t) = [RP

(t) RS
(t) Re

(t) LP
(t) LS

(t) M(t)]T. The
iteration formula for the GD method is given by

P(t+1) = P(t) −α · ∇F (P(t)) (14)

where �F(P(t)) represents the gradient of the objective function
F(P) at P(t), and its expression is given by (15) and (16). α is the
learning rate vector used to adjust the iteration step size

∇F =

[
∂F

∂RP
,
∂F

∂RS
, . . . ,

∂F

∂M

]T
=

[
∂F

∂P1
,
∂F

∂P2
, . . . ,

∂F

∂Pn

]T
(15)

∂F

∂Pi
=

1

m

m∑
k=1

⎛
⎝ 2

[
R(jωk)− R̂(jωk)

]
× ∂R(jωk)

∂Pi

+2
[
X(jωk)− X̂(jωk)

]
× ∂X(jωk)

∂Pi

⎞
⎠.

(16)

Assuming that the turns ratio between the transmitting coil
and the receiving coil is 1: n. Based on (6), under the conditions
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of the same coil material and shape, the ratio of RS to RP can
be approximated by the turn ratio. Similarly, the ratio of LS to
RP can also be approximated by the turns ratio, resulting in the
approximate relationships RS = n·RP and LS = n·LP.

D. Adam Optimization Algorithm

The traditional GD algorithm efficiently handles simple
convex function optimization problems but often gets stuck
in local optima when dealing with more complex nonconvex
functions. The Adam optimization algorithm, an improvement
over GD, is an adaptive learning rate method that introduces
first- and second-moment estimates, combining the momentum
and adaptive learning rate to handle more complex optimization
problems.

The first-moment estimate introduces momentum, allowing
the algorithm to escape local optimal solutions and achieve
more accurate convergence. After t iterations, the first-moment
estimate is denoted as m(t) with the iteration formula

m(t) = β1 ·m(t−1) + (1− β1) · ∇F
(
P(t)
)

(17)

where β1 is a manually adjusted parameter that controls the
effect of momentum.

The second-moment estimate adjusts the learning rate adap-
tively and brings different parameters to the same update level
to identify more parameters accurately. After t iterations, the
second-moment estimate is denoted as v(t) with the formula as
follows:

v(t) = β2 · v(t−1) + (1− β2) ·
[
∇F

(
P(t)
)]2

. (18)

Initially, both m(0) and v(0) are set to 0. To prevent interference,
the Adam optimization algorithm corrects those estimates using
those formulae

m̃(t) = m(t)/
(
1− βt

1

)
(19)

ṽ(t) = v(t)/
(
1− βt

2

)
. (20)

The parameter vector P is updated by

P
(t+1)
i = P

(t)
i − αi√

ṽ
(t)
i + ε

· m̃(t), i = 1, 2, . . . , k (21)

where ε is a small value to prevent division by zero. Thus,
the iterative formula for the Adam optimization algorithm is
summarized as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

m(t) = β1 ·m(t−1) + (1− β1) · ∇F (P(t))

v(t) = β2 · v(t−1) + (1− β2) ·
[∇F (P(t))

]2
m̃(t) = m(t)/ (1− βt

1)

ṽ(t) = v(t)/ (1− βt
2)

P
(t+1)
i = P

(t)
i − αi · m̃

(t)
i√

ṽ
(t)
i +ε

, i = 1, 2, . . . , k.

(22)

E. Adam-W Optimization Algorithm

The objective function F(P) in (11) accumulates the squared
difference between the calculated impedance Z and the measured
impedance Ẑ, which can be separated into its real and imaginary

part, denoted as Re(F(P)) and Im(F(P)), respectively, as shown
in the following equation:⎧⎨
⎩
Re(F (P)) = 1

m

∑m
k=1

[
R(jωk)− R̂(jωk)

]2
Im(F (P)) = 1

m

∑m
k=1

[
X(jωk)− X̂(jωk)

]2
.

(23)

In the UWPT system, some parameters variation significantly
impacts Re(F(P)), while others affect Im(F(P)). Understanding
how different parameters influence the objective function F(P) at
different frequencies aids in parameter identification. However,
traditional GD and Adam optimization algorithm maintain fixed
and equal weights for Re(F(P)) and Im(F(P)) during iterations,
causing coupling and hidden influences that affect identification
accuracy.

To address this, we introduce weight parameters W for
Re(F(P)) and Im (F(P)), constructing a new weighted objective
function J(P)

J(P) = W · Re(F (P)) + (1−W ) · Im(F (P))

=
1

m

m∑
k=1

⎛
⎝W

[
R(jωk)− R̂(jωk)

]2
+(1−W )

[
X(jωk)− X̂(jωk)

]2
⎞
⎠ . (24)

By adjusting weights based on the influence characteristics
of the parameters, the Adam-W algorithm reduces parameter
coupling and improves multiparameter identification accuracy.

The gradient computation for J(P) is given as
follows:

∂J

∂Pi
=

1

m

m∑
k=1

⎛
⎝2W

[
R(jωk)− R̂(jωk)

]
∂R(jωk)

∂Pi

+2(1−W )
[
X(jωk)− X̂(jωk)

]
∂X(jωk)

∂Pi

⎞
⎠.

(25)
The new convergence criterion is given as follows:

min
RP ,RS ,...,M

⎧⎨
⎩1

m

m∑
k=1

⎛
⎝W

[
R(jωk)− R̂(jωk)

]2
+(1−W )

[
X(jωk)− X̂(jωk)

]2
⎞
⎠
⎫⎬
⎭

< th. (26)

The iterative update matrix of the Adam-W algorithm remains
consistent with the Adam algorithm, as shown in (22). The pa-
rameter identification process based on the Adam-W algorithm
for UWPT systems is illustrated in Fig. 4.

IV. EXPERIMENTAL VERIFICATION

To validate the effectiveness and accuracy of the proposed
parameter identification method, a UWPT system experimental
platform based on SS resonance compensation was established,
as shown in Fig. 5. The platform includes a transmitting coil,
receiving coil, resonance compensation, inverter, load resistor,
dc power supply, and water tank. Both coils are wound with 30
turns of Litz wire with an inner diameter of 55 mm and an outer
diameter of 150 mm. The water tank’s salt concentration is 35‰,
matching average seawater salinity.

Fig. 6 presents the circuit diagram of the UWPT system.
Here, Vdc is the 24-V voltage supplied by the dc power
source. The resonance compensation capacitors C1 and C2 have
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Fig. 4. Parameter identification process based on the Adam-W optimization
algorithm.

Fig. 5. UWPT system experimental platform.

capacitance values measured as 38.1 nF and 38.2 nF, respec-
tively, and the load resistor RA is 35 Ω. MOSFETs S1–S8 are
BSC028N06NS, forming a full-bridge inverter (S1–S4) and a
full-bridge rectifier (S5–S8). TMS320F28355 DSP from Texas
Instruments is used and provides PWM signals for the inverter
and rectifier.

Fig. 6 illustrates the flowchart for calculating the front-end
port impedance Ẑ. Voltage vp and current ip are measured by the
DSP and processed in MATLAB. They pass through a second-
order bandpass filter to remove higher order harmonics, resulting
in the fundamental voltage vp1 and current ip1. The second-order
bandpass filter is designed as follows:

H(s) =
2ζω0s

s2 + 2ζω0s+ ω0
2

(27)

where the damping ratio ζ is 0.05.

Fig. 6. Circuit schematic of the UWPT system.

Fig. 7. Coil spatial distance diagram.

Fourier analysis of vp1 and ip1 provides the voltage amplitude
Vp1, current amplitude Ip1, and phase difference θ. The magni-
tude |Ẑ| of the front-end port impedance is obtained by dividing
Vp1 by Ip1, and calculated using Euler’s formula, as shown in
the following equation:

Ẑ = (Vp1/Ip1 )× (cos θ+j sin θ)

=
∣∣∣Ẑ∣∣∣× (cos θ+j sin θ)

=
∣∣∣Ẑ∣∣∣ ejθ. (28)

A. Parameter Identification of UWPT System

When the transmitting coil is aligned with the receiving
coil with no horizontal offset (Δx = Δy = 0 cm) and a coil
separation distance ofΔz= 3 cm, as shown in Fig. 7, the UWPT
system operates at 75 kHz. We use four different optimization
algorithms—PSO, traditional GD, Adam, and Adam-W—to
identify the equivalent parameters of the coupler online.

According to (6), the parameters of the UWPT system’s
coupler change with frequency due to the eddy current effect.
To minimize frequency variation impact, four sets of frequencies
around the operating frequency of 75 kHz were selected as sam-
pling frequencies. Different input voltages vp and input currents
ip are measured at those frequencies, and their fundamental
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Fig. 8. Measured input voltage vp and current ip, and the fundamental com-
ponents vp1 and ip1 at different frequencies: (a) 74.500 kHz; (b) 74.800 kHz;
(c) 75.200 kHz; (d) 75.500 kHz.

Fig. 9. Rp iteration process diagram for four algorithms.

Fig. 10. Rs iteration process diagram for four algorithms.

TABLE I
MEASURED FRONT-END PORT IMPEDANCE Ẑ

components vp1 and ip1 were obtained by filtering out higher
order harmonics, as shown in Fig. 8.

Based on those fundamental components, the measured front-
end port impedance Ẑ(jω) for four frequencies near 75 kHz is
shown in Table I. The initial set values of the parameter vector
P(0) for identification are shown in Table II. The learning rate

Fig. 11. Re iteration process diagram for four algorithms.

Fig. 12. Lp iteration process diagram for four algorithms.

Fig. 13. Ls iteration process diagram for four algorithms.

Fig. 14. M iteration process diagram for four algorithms.

TABLE II
INITIAL PARAMETER VALUES FOR IDENTIFICATION
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TABLE III
IDENTIFICATION RESULTS OF FOUR KINDS OF ALGORITHMS

Fig. 15. Convergence process of objective functions.

vector α for the GD algorithm is set to [10−1, 10−1, 10−1, 10−12,
10−12, 10−12]T, β1 and β2 for the Adam algorithm are set to 0.1
and 0.99. W for Adam-W algorithm is set to 0.99, and the number
of particles in the swarm POP of PSO algorithm is set to 300.

The PSO algorithm iterates by updating the global best within
the population; convergence cannot be determined using the
condition ΔF(P) < ε. Therefore, 150 iterations and 10 000 iter-
ations are selected for comparison with traditional GD, Adam,
and Adam-W algorithms. The identification results are shown in
Table III, and the processes of identification are shown in Figs.
9–14.

Overall, LP and LS showed the best identification results,
followed by M. Re, RS, and RP had relatively large errors.
The traditional GD algorithm has the highest average error at
58.25%, while the Adam algorithm had 37.85%. The Adam-W
algorithm effectively improved accuracy, reducing the average
by 2.103%. Unlike GD-based algorithms, the iteration curves in-
dicate that the PSO algorithm exhibits nonlinear characteristics
due to its incorporation of stochastic factors. At 150 iterations,
the average identification error of the PSO algorithm is 58.77%.
The PSO, GD, Adam, and Adam-W algorithms approximately
take 0.5 s, 0.6 s, 1.0 s, and 1.5 s, respectively. At 10 000 iterations,
the average identification error of the PSO algorithm is minimal
at 0.17‰, but it requires a significantly long computation time,
approximately 75 s.

The iterative processes of the objective functions for four
algorithms are shown in Fig. 15. The PSO algorithm converges
to a value of 3.072 × 10−2 for the objective function after 150

TABLE IV
SENSITIVITY ANALYSIS OF THE PARAMETERS TO BE IDENTIFIED

iterations. The GD algorithm stabilized after 40 iterations with
a result of 2.07 × 10−3. The Adam algorithm converged after 65
iterations (1.6 × longer than GD) with a result of 9.47 × 10−4.
The Adam-W algorithm, which adds weighted parameters to the
objective function, converged after 95 iterations (2.4 × longer
than GD) with the smallest result of 4.05 × 10−6.

B. Parameter Sensitivity Analysis

The objective function, as indicated by (11) and (24), is
composed of the sum of squares of the error between the mea-
sured impedance value Ẑ at the front-end port of the UWPT
system and the calculated impedance value Z obtained through
the identification parameters. The purpose of this method is
to identify how different parameters affect the front-end port
impedance Z at different angular frequenciesω. Sensitivity anal-
ysis is performed on the front-end port impedance Z using the
experimental data of the UWPT system. The ranges of variation
for the parameters RP and RS are between 0.1 and 1.9 Ω, and
for Re between 0.1 and 0.82 Ω. Given that the change amplitude
per iteration is much smaller than 1 Ω, error corrections are
applied to RP, RS, and Re. The sensitivity analysis results after
correction are shown in Table IV.

From the sensitivity analysis in Table IV, it can be observed
that the variation in M has the greatest impact on the real part
of the front-end port impedance value Z, while LP and LS have
the greatest impact on the imaginary part of the front-end port
impedance value Z. Therefore, the identification errors for LP,
LS, and M are relatively small when using the three algorithms.
Conversely, RP, RS, and Re have a smaller impact on Z, resulting
in larger identification errors when using three algorithms. The
variation in Re has a relatively small impact on both the real and
imaginary parts of Z, leading to the largest identification relation
error. This sensitivity analysis provides crucial insights into
why certain parameters exhibit larger identification errors and
helps guide future improvements in the parameter identification
process.

C. Analysis of Weight Parameters in Adam-W Algorithm

Fig. 16 shows the variation of the real and imaginary parts of
the objective function during the descent process of the Adam
and Adam-W optimization algorithm.

From Fig. 16(a), it is evident that, at the beginning of the iter-
ation process, Re(F(P)) and Im(F(P)) have similar proportional
weights. According to Table IV, Re impacts both the real and
imaginary parts of the objective function. However, the negative
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Fig. 16. Comparison of the descent of the objective function under Adam
and Adam-W optimization algorithms. (a) Adam optimization algorithm.
(b) Adam-W optimization algorithm.

sensitivity of the imaginary part and the lower sensitivity of the
real part conceal the characteristic information of Re, leading
to an initial iteration direction error. The Adam-W algorithm
addresses this by setting the weight parameter W to 0.99, which
separates the real part Re(J(P)) and the imaginary part Im(J(P))
of the objective function. This adjustment makes the real part
approximately 100 × larger than the imaginary part, enhancing
its influence during the iteration process.

By adjusting the weight parameter W to separate the real
and imaginary parts of the objective function, the Adam-W al-
gorithm effectively handles multiparameter identification prob-
lems, leveraging the specific characteristics of each parameter
in the identification model.

D. Parameter Identification of UWPT System Under Coupling
Coils Misalignment

To analyze coil misalignment caused by submarine wave, the
spatial distance between the transmission coils and the receiving
coils of the UWPT system is varied, as shown in Fig. 7. The
PSO, traditional GD, Adam, and Adam-W algorithms are used
to identify the coupler parameters.

With a spacing ofΔz= 3 cm, a lateral offset ofΔx= 1 cm, and
no vertical offset of Δy = 0 cm, the identification results of the
equivalent parameters using the PSO, traditional GD, Adam, and
Adam-W algorithms are shown in Table V. The average error for
the GD is 56.29%, for the Adam is 43.7%, and for the Adam-W
is 3.91%, and for PSO is 36.5% at 150 iterations and for PSO is
1.1‰ at 10 000 iterations.

With a spacing of Δz = 3 cm, a vertical offset of Δy = 1 cm,
and no lateral offset of Δx = 0 cm, the identification results are
shown in Table VI. The average error for the GD is 53.03%, for
the Adam is 39.52%, and for the Adam-W algorithm is 2.4%,
and for PSO is 16.29% at 150 iterations and for PSO is 0.42‰
at 10 000 iterations.

TABLE V
IDENTIFICATION RESULTS WHEN ΔX = 1 CM, ΔY = 0 CM, AND ΔZ = 3 CM

TABLE VI
IDENTIFICATION RESULTS WHEN ΔX = 0 CM, ΔY = 1 CM, AND ΔZ = 3 CM

TABLE VII
IDENTIFICATION RESULTS WHEN ΔX = 0 CM, ΔY = 0 CM, AND ΔZ = 4 CM

With a spacing of Δz = 4 cm, no lateral offset (Δx = 0 cm),
and no vertical offset (Δy = 0 cm), the identification results are
shown in Table VII. The average error for the GD is 72.08%, for
the Adam algorithm is 59.64%, and for the Adam-W is 3.8%,
and for PSO is 55.24% at 150 iterations and for PSO is 0.275‰
at 10 000 iterations.

E. Parameter Identification of UWPT System Under
High-Salinity Seawater Environment

The salinity of seawater varies due to factors, such as the
latitude of the sea area, climate, and seasonal changes. Conse-
quently, the eddy current effects produced by the seawater’s elec-
trical conductivity also change. Therefore, this article conducts
parameter identification for the UWPT system in a high-salinity
seawater environment (50‰) with four different algorithms, and
the result is shown in Table VIII. The average error for the GD is
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TABLE VIII
IDENTIFICATION RESULTS IN HIGH-SALINITY SEAWATER ENVIRONMENT

TABLE IX
COMPARISON BETWEEN THE EXISTING RELATED RESEARCH WORKS

44.05%, for the Adam algorithm is 26.75%, and for the Adam-W
is 1.67%, and for PSO is 20.3% at 150 iterations and for PSO is
0.295‰ at 10 000 iterations.

F. Results of Parameter Identification Experiments

In the UWPT system established in this study, the parameters
Lp and Ls exhibit the highest sensitivity to the imaginary part
of the impedance Z(jω), resulting in the highest identification
accuracy. The parameter M shows the greatest sensitivity to the
real part of the impedance Z(jω), with slightly lower identifica-
tion accuracy. The identification accuracy for Rp and Rs is next,
followed by the parameter Re, which has the lowest sensitivity
to both the real and imaginary parts of the impedance Z(jω),
resulting in the largest identification error.

The comprehensive average identification error of the GD
algorithm is 56.74%, with an iteration count of 44 and an identi-
fication time of approximately 0.5 s. The Adam algorithm, com-
pared with the GD algorithm, introduces the first-order moment
estimation to escape local optima and second-order moment
estimation to enhance multiparameter identification capability,
thereby further improving parameter identification accuracy to
41.49%. However, this comes at the cost of an increased iteration
count of 64 and an identification time of approximately 0.6 s.
By incorporating weight parameters, the Adam-W algorithm
effectively improves the accuracy of multiparameter identifica-
tion by adjusting the structure of the objective function. The
average identification error is approximately 2.78%, with an
increased iteration count of 94 and an identification time of
around 1.0 s. The PSO algorithm, within 150 iterations, shows

Fig. 17. Comparison of convergence iterations and relative errors for three
algorithms.

a relatively large identification error, averaging 37.42%, and
exhibits nonlinear variations with some randomness during the
identification process. However, after 10 000 iterations, the PSO
algorithm demonstrates its global search advantage, achieving
a very small identification error of approximately 0.452‰, but
requires a significantly long computation time of around 75 s,
as shown in Fig. 17.

Considering all factors, the Adam-W algorithm proposed in
this study offers higher computational accuracy within a rela-
tively short time, making it more adaptable to the challenging
underwater environments characterized by submarine wave.

G. Comparison of Existing Methods

Existing parameter monitoring methods mainly fall into three
categories: analytical model methods, data-driven methods, and
system model methods. Analytical model methods, as demon-
strated in [20], [21], and [22], offer fast identification speed and
small identification errors, but typically identify few parameters
and require additional hardware, making them unsuitable for
complex systems. Data-driven methods, as shown in [27], are
relatively fast but require pretraining datasets, posing engineer-
ing challenges. System model methods combine the advantages
of both by transforming the identification problem into an opti-
mization problem, thereby significantly reducing computational
complexity and enabling the identification of more parameters.
Jiang et al. [29] utilized a genetic algorithm to identify seven
characteristic parameters of a dc/dc converter. Yang et al. [30]
employed a dual-layer evolutionary algorithm to identify 4–8
parameters of a WPT system. However, these heuristic opti-
mization algorithms are inherently stochastic and may lead to
poor stability and reliability of the identification results, as well
as longer identification times due to the high number of itera-
tions. This study employs GD-type algorithms, known for their
good convergence stability and faster convergence compared
with heuristic optimization algorithms. Experimental results
demonstrate that this method achieves an average identification
error of less than 4% for the six characteristic parameters of
UWPT coupler, with fewer than 100 iterations and significantly
fewer than heuristic optimization algorithms. The comparison of
related work in the field of WPT system parameter identification
is shown in Table IX.
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V. CONCLUSION

This article proposes a parameter identification method based
on the Adam-W optimization algorithm to address the com-
plex multiparameter identification problem in UWPT systems.
Unlike the traditional analytical methods that solve circuit ma-
trix equations or transfer functions, this method converts the
problem into an optimization problem, significantly reducing
computational demands. This method requires only the detection
of the input current and voltage, enabling the online monitoring
of multiple characteristic parameters of the system’s coupler
without additional hardware.

The identification model established in this article can in-
corporate various parameter changes in real marine conditions,
including seawater eddy effects, variations in seawater salinity,
seawater pressure-magnetic effects, and misalignment of un-
derwater coils. Four optimization algorithms—PSO, traditional
GD, Adam, and Adam-W—were employed to perform online
identification of six coupler parameters of UWPT system to
verify the effectiveness of the proposed method. The experi-
mental results show that the PSO algorithm in 10 000 iterations
exhibits an extreme low identification error of 0.452‰ requiring
a lengthy identification time of 75 s. In contrast, the Adam-W al-
gorithm achieves good parameter identification accuracy within
1 s, with an average error of 2.78%, which is lower than 56.74%
achieved by GD, 41.49% by Adam, and 37.42% by PSO in 150
iterations. Therefore, the Adam-W algorithm achieves higher
accuracy in parameter identification of the UWPT system within
a shorter time and demonstrates better applicability in seawater
environments.

Future research may focus on improving the speed and accu-
racy of online parameter identification by combining analytical
model methods to process parameters with different charac-
teristics in batches and establish an experimental platform in
real ocean environments to validate the effectiveness of the
proposed method and further improve it based on the actual
conditions.
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