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Abstract: In response to the drawbacks of low efficiency, cumbersome calculation, and easy-to-fall
local optimal solutions in existing shallow water acoustic parameters inversion research, this paper
proposes a shallow water acoustic parameters inversion method based on a feedback (BP) neural
network model. Firstly, the theoretically predicted values of the shallow water sound pressure
field are obtained through the fast field method (FFM). Secondly, a relationship model between the
predicted sound pressure field and the inversion of ground sound parameter values is established
based on the BP neural network model. Finally, the measured sound pressure field data are brought
into the neural network model to obtain the inversion results. The application results of the method
indicate that, compared to the classical simulated annealing (SA) algorithm, the BP neural network
model converts the data-matching process of the optimization algorithm into the construction of a
relationship model between the input data and the desired parameters, avoiding repeated matching
and optimization processes. Therefore, it can directly, accurately, and efficiently output the inversion
results. Under the premise of setting the same accuracy, the iteration number of the BP neural network
model is reduced to 2% of the SA algorithm, cutting the calculation time to 30% of the SA algorithm.
It has broad application prospects in shallow sea acoustic parameters inversion algorithms.

Keywords: back propagation (BP) neural network; fast field method (FFM); inversion of ground
acoustic parameters; optimization algorithm; shallow sea; sound field

1. Introduction

Geoacoustic Parameters are parameters that describe the acoustic characteristics of sub-
marine areas, including medium sound speed (including sound attenuation) and medium
density. Physical parameters and sound field modeling are the bases of applications such as
water sound communication and sound detection; thus, the best way to efficiently obtain
shallow sea acoustic parameters has always been a hot issue in the field of geoacoustic
parameters in domestic hydrology [1–3].

As the above-mentioned geoacoustic parameters are difficult and large-scale mea-
surements, while the use of acoustic methods can quickly and efficiently obtain ground
sound parameters in large-scale sea areas, they have received widespread attention and
gained good research significance and application value [4–8]. In recent years, geoacoustic
parameter inversion methods for use in shallow seas based on various acoustic field propa-
gation characteristics have emerged. For example, the geoacoustic parameters inversion
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method is based on propagation loss [9], the geoacoustic parameters inversion method is
based on acoustic signal arrival time [10], and the inversion method is based on waveguide
dispersion characteristics [11].

However, the above-mentioned methods of inversion of geoacoustic parameters
mainly focused on the selection of forward models for inversion problems, as well as
on using various classical optimizing algorithms, such as genetic algorithms and simulated
annealing algorithms. Here, the objective function is solved, and the parameters to be in-
verted are obtained. When applying the various classic superior algorithms, the computing
of the iteration of the input data and the optimal anti-discovery interpretation will not only
consume a lot of calculation time, but will also easily fall into a locally optimal solution.

In recent years, due to the superior performance of neural network algorithms in
data processing, scholars have been exploring the use of neural network models as an
alternative to iterative optimization methods for inversion purposes. Huang used the
Convolutional Neural Network (CNN) model to measure the in the physical reaction of
the earth, which successfully realized the reaction to some geological parameters [12].
Wu used a single hidden layer feedforward neural network in shallow sea water depth
remote sensing inversion and obtained relatively accurate inversion results [13]. A ack
propagation (BP) neural network model was applied to electromagnetic anti-disclosure
by Li, and the BP nerves were used to visualize BP nerves. The network was improved
to modify the algorithm of differential evolution to achieve more efficient and accurate
countermeasures [14]. Wen used the BP (back propagation) neural network model to
counter the effective wave high field parameters, which proves that the application neural
network methods have higher counter-discovery accuracy than traditional methods [15].
Halil used typical three-layer feed forward-back propagation (FFBP) neural networks to
predict daily river flows [16]. Tian utilized the tangent linear and adjoint capabilities of
a neural network to develop a neural network-based four-dimensional variational data
assimilation (4D-Var DA) system.

Compared to the front-oriented neural network model, the BP neural network model
is a multi-layer feedforward network trained according to the error back propagation
algorithm. The model is constructed according to the idea of layer-by-layer calculation and
error feedback correction. In the construction, the multi-element matrix composed of weight
and threshold values determines the predictive quality of the model. Even if some weight
parameters fall into the local optimal, the model can be corrected by adjusting weight
parameters and threshold parameters together. An established model is more stable, the
number of iterations is lower, and the calculation time is faster, which can greatly facilitate
the research of various inversion problems. However, little work has been completed on
the application of BP neural networks to inverse research work for shallow sea acoustic
parameters, and it is worthwhile strategy based on the current status of research; thus, this
article proposes a method of determining counter-geoacoustic parameters based on BP
neural networks, replacing the search algorithm in parameter inversion for fast and efficient
inversion of the required parameters to achieve high efficiency and accurate discrimination
of shallow acoustic parameters. In this study, the research object with a shallow sea sound
field is taken as the research object, the relationship model between the prediction sound
field and the earth sound parameters to be retrieved is established via a BP neural network,
and the backward feedback neural network algorithm is used to retrieve the semi-infinite
sea bottom sound parameters using sound pressure data. The main content of this paper
consists of the following four parts: the first part is an overview of the sound parameters
based on the acoustic pressure field; the second part introduces the BP neural network-
based ground sound parameters countermeasure method; in the third part, the application
effect and performance of the BP neural network model are analyzed through simulation
and scaling experimental data; and the final part is the conclusion. This paper will explore
inversion methods based on this logical structure.
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2. Geoacoustic Parameters Inversion Method Based on the Neural Network Model

The traditional acoustic parameter inversion method based on sound pressure data in
shallow sea adopted the method of matching the measured sound pressure data and the
simulated value of the sound field model many times. In other words, through various
optimization algorithms, a set of earth sound parameters matching the best measured
sound pressures were searched using the simulation sound pressure data corresponding to
several groups of earth sound parameters, with the findings being the inversion results.
However, the optimization algorithm could easily fall into the local optimal solution in
the application process, and every optimization process needed to be cycled into the
sound field forward modeling model for iterative calculation, which greatly increased the
calculation time. From the point of view of machine learning, the BP neural network model
approximated the complex non-linear mapping between the acoustic pressure data set and
the acoustic parameters to be inversed by repeatedly training the neural network model.
In the later stage, the corresponding parameters to be inversed could be obtained only
by substituting the measured acoustic pressure data into the trained model, avoiding the
repeated iterative calculation through use of an optimization algorithm. This approach
could not only greatly shorten the calculation time, but also had strong robustness [16].

2.1. Sound Field Modeling in the Shallow Sea

Considering the shallow sea environment, the marine environment could be approxi-
mately regarded as a horizontal stratified structure composed of a seawater layer and a
semi-infinite seabed layer. Therefore, a sound field model conforming to the characteristics
of shallow sea environments was pre-set under the three-dimensional column co-ordinate
system [17]. In this model, the harmonic point source was located on the axis of symmetry
of cylindrical coordinates. Considering that the influence of seabed shear wave velocity on
sound propagation in shallow sea waveguide environment could not be ignored [18–20],
the seawater layer and seabed layer were approximately homogeneous isotropic fluid
medium and elastomer medium, respectively. Due to the axial symmetry of the cylin-
drical co-ordinate system, the three-dimensional problem could be transformed into a
two-dimensional (r, z) plane. z = 0 represented the sea surface, the downward direction
of the sea surface was the positive direction of the depth Z-axis, and the positive axis of r
represented the propagation direction of the sound field.

In the model, the seawater depth was set as H, and the sound source with frequency
f 0 was located at zs depth of the seawater layer. The density and sound velocity in the
seawater layer were ρ1 and c1, respectively. The longitudinal wave sound velocity, shear
wave sound velocity, density, longitudinal wave sound velocity attenuation, and shear wave
sound velocity attenuation were denoted by cp, cs, ρb, αp, and αs, respectively. In seafloor
sediment acoustics, geophysical properties can be categorized into physical properties and
geoacoustic properties [21]. The geoacoustic properties primarily encompass the velocity
and attenuation of P-wave and shear wave, along with sediment density. This paper focuses
on inverting these five parameters as the primary targets.

Under the wave theory, each physical quantity in the above model could be represented
by the displacement potential function. A model of the fluid layer displacement potential
function of 1 was used. The sound pressure p = ρ1ω2φ1, (ω = 2πf 0) of this paper could
be obtained by solving the displacement potential function, and the detailed theoretical
derivation could be found in the literature [22]. Since the displacement potential function
in the fluid layer satisfied Equation (1), its formal solution is shown in Equation (2)

1
r

ϑ

ϑr

(
r

ϑφ1

ϑr

)
+

ϑ2φ1

ϑz2 + k2
1φ1 = −4πδ(r, z− zs), 0 ≤ z ≤ h1, (1)

φ1(r, z) =
∞∫

0

Z1(z, ξ)J0(ξr)ξdξ, (2)
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Z is the ordinary differential equation of depth z and ξ of the horizontal wavenumber,
and J0 is the zero-order Bessel function. According to the above-mentioned derivation
results, the sound pressure field in the water layer can be expressed as follows:

p(r, z) = ρ1ω2
∞∫

0

Z1(z, ξ)J0(ξr)ξdξ, (3)

For the solution in Equation (3), the normal mode method (NMM) and fast field
method (FFM) could be used to solve Equation (3). For shallow sea environments, FFM
converted the integral formula in Equation (3) into Fourier transform form for a direct
solution, which was more suitable for fast calculation of sound field in the shallow sea [23].
Therefore, FFM was selected in this study to conduct a forward simulation of the sound
pressure field in the above-mentioned parametric model. After the sound pressure data
set p was calculated, it was substituted into the BP neural network for model training to
establish a BP neural network model that could reflect the mapping relationship between
the underwater sound pressure field and the ground sound parameters to be inverted in
the shallow sea environment presented in Figure 1.
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2.2. Construction of BP Neural Network

Referring to the inversion method of acoustic parameters using acoustic pressure field
data, in the study of acoustic parameters inversion method in shallow sea based on BP
neural network model, a group of sound pressure data pj = [p(r1, z1), . . . , p (ri, zi), . . . ,
p (rn, zn)]1×n at n different receiving locations (ri, zi) (1 ≤ i ≤ n) was used as a group of
input data in the neural network input layer. Where j = 1, 2, 3 . . . m, m is the total number
of input sound pressure samples, namely the network input set. And, the corresponding
acoustic parameters Y = [cp, cs, ρb, αp, αs]m×5 were used as label data to construct the model.
Considering the complexity and computing power of the pre-set marine environment
model, a single hidden layer was set in the construction of the BP neural network model.
In the model, neurons in the same layer were not connected, and there were two kinds of
signal communication between layers. One example was the working signal function, that
is, the activation function between the input p set data and the hyperparameter matrix [w, b].
Its signal was transmitted forward from the input layer to the output layer, which could
increase the non-linear factor and solve the defect of insufficient expression ability in the
linear model. The other example was the error signal Emse, which was transmitted from the
output layer to the hidden layer in reverse, that is, the error function between the network
model inversion results and the truth value. In this paper, the mean square error function
(MSE) was designed, which was reversely transmitted layer by layer from output end to
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output end [24]. The activation and error functions are shown in Equations (4) and (5). For
the shallow sea environment model pre-set in this paper, the structure of the BP neural
network model built is shown in Figure 2a.
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Figure 2. Inversion via the BP neural network: (a) BP neural network model for model inversion;
(b) flow chart of BP neural network acoustic parameter inversion.

The forward activation function f (x) defined the output under a given input set at a
neuron node and determined the content to be transmitted to the next neuron, which could
be expressed as a mathematical equation to determine the output of the neural network, as
shown in Equation (4). The reverse error function Emse calculated the error between the
actual inversion value Yjinv and the expected output value Yjsim through the error function,
spread the error from the last output layer to the previous layers successively, and, finally,
reduced the error by adjusting the connection weight and bias of each layer, as shown in
Equation (5).

f (x) =
1

1 + e−x , (4)

Emse =

√√√√ 1
m

m

∑
j=1

[
Yjsim −Yjinv

]2, (5)

where, x is the input value of each neuron, Ysim, inv = [cp, cs, ρb, αp, αs] is the matrix
composed of parameters to be retrieved, and Y jsim and Y jinv represent the simulation and
inversion values of group j, respectively.

After the sound pressure data p were substituted into the input layer, the hyperpa-
rameter matrix [w, b] and activation function f (x) was used to connect the neurons of each
layer, and the inversion results Yr were finally obtained through the hidden and output
layers [25]. The calculation process is shown in Figure 2b, and the number of neurons in
each layer could be determined according to Formula (6).

v =
√

n + l + α, (6)
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where n represents the number of nodes in the input layer, that is, the number of simulated
sound pressure points; v represents the number of nodes in the hidden layer; l represents
the number of nodes in the output layer, that is, the number of inversion earth sound
parameters; and α is the constant coefficient.

The partial derivative of the weight parameter between the input set p and the hidden
layer is ∆wjv; the partial derivative of the weight between the hidden layer and the ground
sound parameter Y is ∆wvl; and η is the learning rate. In the calculation process, to judge
whether the Emse value meets the set accuracy, the iterative step t is constantly updated
to the correct parameters wjv and wvl, as shown in Equations (7) and (8). Ikv and Ivl are,
respectively, the input data of the hidden layer and the output data of the hidden layer [26].
Combined with Formula (4), the Y inv calculation process of the obtained inversion results
is shown in Formulas (9) and (10)

wkv(t + 1) = wkv(t) + ∆wkv, (7)

wvl(t + 1) = wvl(t) + ∆wvl , (8)

Ivl = f (Ikv) = f

[
n

∑
i=1

wkv p(ri, zi) + bv

]
, (9)

Yinv = f (Ivl) = f

[
v

∑
k=1

wvl Ivl

]
, (10)

In the hyperparameter matrix w = [wjv, wvl], v represents the number of nodes in the
hidden layer; l represents the number of nodes in the output layer, that is, the number
of inversion acoustic parameters; wjv represents the weight from the input layer to the
hidden layer; wvl represents the weight from the hidden layer to the output layer; and bv.
represents the threshold of each neuron in the hidden layer, i.e., b = bv. Since the network
input error is a function of the weights and thresholds of each layer, the error function Emse
can be changed by adjusting weights. Since the principle of weight adjustment is to reduce
the error continuously, the weight had to be proportional to the gradient decline of the
error; thus, the method of gradient decline was adopted to update parameters. The design
process is shown in Equations (11) and (12):

∆wjv = −η
ϑE

ϑwjv
= −η

ϑE
ϑYs

ϑ f (Ivl)

ϑIvl

ϑ f
[

v
∑

k=1
wvl Ijv

]
ϑIkv

ϑIjv

ϑ f (wjv)
ϑ f (wjv)

ϑwjv
=

−η

√
1
N

m
∑

m=1

[
Yjinv −Yjsim

]
f ′
[

f

(
v
∑

j=1
wvl Iv

)]
wjv f ′

[
v
∑

j=1
wjv p(ri, zi)

] , (11)

∆wvl = −η
ϑE

ϑwvl
= −η

ϑE
ϑYr

ϑ f (Ivl)

ϑIvl

ϑ f

[
v
∑

j=1
wvl Ikv

]
ϑwvl

=

−η

√
1
m

m
∑

j=1

[
Yjinv −Yjsim

]
f ′
[

f

(
v
∑

j=1
wvl Ikv

)]
f
[

n
∑

i=1
wjv p(ri, zi) + bv

] , (12)

In this paper, the seabed was simplified into two layers to establish the BP neural
network inversion model. The input layer of the network structure was a group of sound
pressure data pj (ri, zi), i = 1, 2, 3, . . . n. (set the number of measured sound pressure n = 720
in simulation). The output layer was the 5 ground acoustic parameters to be inverted.
According to Formula (6), by selecting different α-values during training and comparing
the model performance under different α-values, α = −15 was finally determined, and the
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hidden layer v = 9 neurons and output layer l = 5 neurons could be determined. Here, the
number of elements in the hyperparametric matrix [w, b] were 720 × 9 + 9 × 5 + 9 = 6534,
which shows that 6534 weight parameters needed to be adjusted when the neural network
model was constructed via the gradient descent method; thus, the neural network model
approximated the complex mapping relationship between input and output to realize the
inversion calculation.

The activation function, also known as the non-linear mapping function or hidden
unit, is one of the most important components of a neural network. The introduction of an
activation function introduced non-linear computational power into the neural network
and enhanced the learning ability of the network. There were various activation functions
available at this stage, which corresponded to different characteristics. There are four main
types of activation functions commonly used in BPNN models: Sigmoid, Tanh, ReLU, and
Softmax functions. By selecting the activation functions in the BPNN algorithm built in this
paper, as the Sigmoid function was similar to the Tanh function, and the sound pressure
data in the network processed at the same time had a positive sound pressure amplitude,
the accuracy was set to 10−3 for the experiments. The Sigmoid function was used for
comparison with the other two types of functions for training; as shown in Figure 3, the
results show that several types of activation function were used in training. The results
show that several types of activation functions have similar effects, though in comparison
to other functions, the Sigmoid function had the most satisfactory training effect; thus, the
activation function f (x) chosen in the paper was the Sigmoid function.

J. Mar. Sci. Eng. 2023, 11, x FOR PEER REVIEW  7  of  17 
 

 

( )

( ),   

v

vl kv
jvl

vl
vl r vl vl

m v n

jinv jsim vl kv jv i i v
j j i

f

f w I
f IE E

w
w Y I w

Y Y f f w I w p r z b
m

h h

h

=

= = =

é ù
ê ú¶ ê ú¶¶ ¶ ê úë ûD =- =- =

¶ ¶ ¶ ¶
é ùæ ö é ù÷çê úé ù ê ú÷¢ ç- - +÷ê úçê ú ê ú÷ë û ç ÷çê úè ø ê úë ûë û

å

å å å

1

1 1 1

1

,  (12)

In this paper, the seabed was simplified  into two  layers to establish the BP neural 

network inversion model. The input layer of the network structure was a group of sound 

pressure data pj (ri, zi), i = 1, 2, 3, … n. (set the number of measured sound pressure n = 720 

in simulation). The output layer was the 5 ground acoustic parameters to be inverted. Ac-

cording to Formula (6), by selecting different α-values during training and comparing the 

model performance under different α-values, α = −15 was finally determined, and the hid-

den  layer v = 9 neurons and output layer  l = 5 neurons could be determined. Here, the 

number of elements in the hyperparametric matrix [w, b] were 720 × 9 + 9 × 5 + 9 = 6534, 

which shows that 6534 weight parameters needed to be adjusted when the neural network 

model was constructed via the gradient descent method; thus, the neural network model 

approximated the complex mapping relationship between input and output to realize the 

inversion calculation. 

The activation function, also known as the non-linear mapping function or hidden 

unit, is one of the most important components of a neural network. The introduction of 

an activation  function  introduced non-linear computational power  into  the neural net-

work and enhanced  the  learning ability of  the network. There were various activation 

functions available at this stage, which corresponded to different characteristics. There are 

four main types of activation functions commonly used in BPNN models: Sigmoid, Tanh, 

ReLU, and Softmax functions. By selecting the activation functions in the BPNN algorithm 

built in this paper, as the Sigmoid function was similar to the Tanh function, and the sound 

pressure data in the network processed at the same time had a positive sound pressure 

amplitude,  the accuracy was set  to 10−3 for  the experiments. The Sigmoid function was 

used for comparison with the other two types of functions for training; as shown in Figure 

3,  the results show  that several  types of activation  function were used  in  training. The 

results show that several types of activation functions have similar effects, though in com-

parison to other functions, the Sigmoid function had the most satisfactory training effect; 

thus, the activation function f(x) chosen in the paper was the Sigmoid function. 

 

Figure 3. Comparison of training effect of activation function. 

   

Figure 3. Comparison of training effect of activation function.

2.3. BP model Training Data Generation

Considering the variation range of ground sound parameters in the shallow sea [27],
the parameter training range of the BP neural network model for ground sound parameter
inversion under a pre-set environment was set as shown in Table 1.

Table 1. BPNN model training set search range.

Geoacoustic Parameters Search Range Truth Value

c1 (m/s) / 1500
ρ1 (g/cm3) / 1.025
cp2 (m/s) 1800–2200 2000
cs2 (m/s) 900–1100 1000

ρb (g/cm3) 1.4–1.6 1.5
αp2 (dB·λ−1) 0.1–0.3 0.2
αs2 (dB·λ−1) 0.1–0.3 0.2
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The simulated sound pressure field data were a set of horizontal equally spaced
receiving sound pressure fields under the set sound source depth zs = 20 m, receiving depth
zr = 10 m, and seawater depth H = 100 m. The receiving points are spaced 2 m apart, and a
total of I = 720 receiving points are set.

In Table 1, c1 and ρ1 is the basic parameter of the data generated via FFT; cp2, cs2, ρb,
αp1, and αs2 is the target parameter of BP neural network inversion, and the search range
of inversion parameters is given in the table. The model training samples adopted are
2200 groups of sound pressure data randomly generated in each layer within the search
range. In Table 1, data are obtained in batch increments, among which 2000 groups were
randomly divided into training sets, and the other 200 groups were divided into test sets.
Each group of the training set and its corresponding environmental sound pressure were
mapped into the model one by one for training. When the error function Emse reached the
set accuracy σ = 0.01, the training was complete. In the training of the pre-set model in this
paper, the change diagram of Emse value and the number of iterations and the normalized
regression diagram of training data are shown in Figures 4a,b, respectively.
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Under the above simulation conditions, after the completion of training, the value
of Emse reached the setting accuracy 10−3 after 10 iterations, as shown in Figure 4a. In
the training, most of the normalized output values fit well with the target values, and
most of the output values were scattered around the fitting line, which indicated that the
error reduction speed and training effect of the whole neural network were considerable,
and a BP neural network model satisfying the accuracy of acoustic parameter inversion
was effectively constructed. Figure 4b is a linear regression analysis of the BP neural
network inversion results that, by comparing the linear regression relationship between the
predicted value and the actual value, allows the performance and prediction accuracy of
BP neural network to be evaluated; it can be seen that the fitting results are good. Figure 4c
represents the confidence interval ribbon for neural network linear regression analysis at a
95% confidence level. Due to the narrowness of the confidence interval, data within the
range of 0.50–0.54 were selected for display. This finding demonstrates that the predictions
of shallow sea semi-infinite seabed acoustic parameters were highly accurate and stable at
the given confidence level, indicating the strong performance of the model.

3. BP Neural Network Model Verification

After completing the training of the BP neural network model in the pre-set shallow
sea environment, the actual application only needs to substitute the measured sound
pressure into the BP neural network model, and all earth sound parameters to be inversed
in the pre-set environment model can then be obtained.
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To verify the feasibility of the BP neural network model constructed in practical ap-
plication, this section will apply the simulation sound pressure data and the contraction
experiment measured sound pressure data to verify the BP neural network model estab-
lished above, as well as compare and analyze the performance of the BP neural network
model and the classical optimization algorithm in the earth acoustic parameter inversion.

3.1. Simulation Data Verification

After completing the BP neural network model training for the inversion of five types
of earth acoustic parameters under the pre-set model, the reliability of the trained neural
network model is verified using the simulation data. During verification, m1 = 200 groups
of data randomly generated and divided within the parameter range of Table 1 are selected
as the test set, and through the BP neural network model completed via training, the earth
acoustic parameters of 200 groups of sound pressure field data were inverted. To quantify
the error between the inversion results of each parameter and the pre-set truth value, the
performance function R2 is introduced to numerically represent the coincidence degree
between the inversion value and the true value. The closer the R2 value is to 1, the closer
the inversion result is to the pre-set truth value.

R2 =

(
m1

m1
∑

k=1
YkinvYksim −

m1
∑

k=1
Ykinv

m1
∑

k=1
Yksim

)2

[
m1

m1
∑

k=1
Ykinv

2 −
( m1

∑
k=1

Yksim

)2
][

m1
m1
∑

k=1
Yksim

2 −
( m1

∑
k=1

Ykinv

)2
] , (13)

Figure 5 shows the comparison between the five types of results to be inversed and
the pre-set truth values after 200 groups of sound pressure field data are processed. In
the figure, blue “*” represents the simulation truth value, red “o” represents the inversion
result, and the Y-axis represents the search range of each parameter considered to be an
inversion. Due to the different sensitivities of various acoustic parameters, although the
R2 values of the acoustic parameter comparison results in different places are different,
the agreement between the inversion results and the true values of the five earth acoustic
parameters is more than 97.00%, which proves the accuracy of the simulation inversion
results.

Based on Figure 5, the coincidence degree between the inversion value and the pre-set
value is intuitively given. Figure 6a shows the absolute error value between the inversion
value and the pre-set value of each parameter in the verification set. It can be observed
from Figure 6a that the error variation trend of each parameter in the inversion model, as
well as the error value of each parameter, is below 0.1 during verification. The resulting
error of ρb, cp, and cs is maintained below 0.01 all of the time, and the inversion effect is
excellent. The error of parameters αp and αs is relatively large. However, in the prediction
results, the maximum error of the parameter αp with a large error variation is only 0.065,
and there is no large error fluctuation.

MAE =
1
n

n

∑
1

[
Ypre −Yrea

]
, (14)

where n is the number of samples, Ypre is the predicted value, and Yrea is the simulation
value, The error of MAE detection inversion results is calculated according to equation (14),
and the MAE of five parameters is obtained, as shown in Table 2. The MAE value of the
calculated model can effectively evaluate the prediction accuracy of the model, and the
smaller MAE value indicates the better prediction ability of the model. It can be seen from
the calculation results that the inversion error of the model is small, and the performance
of the BP neural network for acoustic parameter inversion in shallow sea is good. It can
be seen that the constructed BP neural network model has good and stable prediction
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performance for shallow sea floor acoustic parameter inversion, the calculation efficiency is
efficient, and the prediction results are highly reliable.
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Figure 6. Parameter error and TL comparison: (a) error fluctuation of each parameter in the test;
(b) TL curve comparison under simulation conditions.

Table 2. Parameter setting of the inversion algorithm.

MAE cp cs ρb αp αs

value 2.8187 1.5010 0.0175 0.2103 0.0518

Combined with the analysis of different sensitivities of submarine parameters shown
in Figure 6a and the literature [28,29], the robustness of this BP neural network for inversion
of five types of parameters is as follows: cp, cs, ρb > αp, αs. Figure 6b shows the comparison
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between the transmission loss (TL) curve calculated by setting the truth values of acoustic
parameters and the TL curve calculated using inversion results. In the simulation, the
calculated sound field has no influence factors, such as noise; thus, the error between the
inversion result and the true value is minimal. It can be seen from the comparison that
the distribution characteristics of the two curves are the same, which further proves the
accuracy of the inversion results of the acoustic parameters under the pre-set model based
on the BP neural network model studied in this paper.

To further discuss the application prospect of the BP neural network model in the earth
acoustic parameter inversion, the BP neural network model and the classical SA algorithm
are applied to the same inversion problem. To ensure the comparability of results, the loss
function Emse in BP neural network model is used as the cost function in the SA algorithm.
In the calculation process, the parameter settings of the two kinds of algorithms are shown
in Table 3. The adaptation processes of the loss function and cost function in the two kinds
of algorithms are shown in Figure 7, the dashed line represents the set accuracy, and the
solid line represents the process of the accuracy decline of the two algorithms with the
number of iterations.

Table 3. Parameter settings of the inversion algorithm.

SA BP Parameter Setting

Population number Training set 2000
Temperature drop rate Learning rate η 0.01

Minimum
temperature/accuracy accuracy 0.001

Objective function Loss function Emse
Initial temperature / 10
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As can be seen from the changes in the value of the objective function of the SA
algorithm in the iteration shown in Figure 7a, although it quickly dropped to the accuracy
of 10−2 in the re-optimization process, it only reached the pre-set accuracy requirement of
10−3 after 730 iterations in total. However, the BP neural network model in Figure 7b only
iterated 10 steps to reach the pre-set accuracy requirements and complete the construction
of the inversion model. In terms of model iteration times, the computational efficiency
of the neural network is much higher than that of inversion determined using only an
optimization algorithm. After repeating the calculation many times, it is found that the
two algorithms can perform a single inversion of the earth’s acoustic parameters in the
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simulation conditions, and the comparison of the time and the number of model iterations
is given in Table 4.

Table 4. Comparison of the inversion algorithm’s results.

Inversion
Algorithm cp cs ρb αp αs

CPU Usage
Time

Number of
Iterations

Calculation
Accuracy

Truth value 2000.00 1000.00 1.50 0.20 0.20 / / /

SA algorithm 2000.0922 999.5928 1.4993 0.2005 0.2110 10 ± 5 min 780 ± 50 10–3

Relative error
of SA 0.0046% 0.041% 0.047% 0.25% 5.5% / / /

BP neural
network model 1999.1283 999.6819 1.5003 0.1998 0.2015 3 ± 1.5 min 10 ± 5 10–3

Relative error
of BP model 0.043% 0.032% 0.020% 0.10% 0.75% / / /

It can be seen from the simulation comparison that the error between the inversion
results obtained via the SA algorithm and BP neural network model and the true value is
less than or equal to 10−3. The inversion values obtained via the two methods are compared
to the true values, the accuracy of the inversion results of the BP network model is higher
than those of the SA algorithm, cs, ρb, αp, and αs, and the BP neural network is more stable
in relative error control, having less fluctuation.

In this paper, the BP neural network model and the classical SA algorithm are used for
the ground acoustic multi-parameter inversion. From the error analysis, the SA algorithm
has different resolutions of multiple parameters in multi-parameter solving problems; thus,
it is inconsistent in solving accuracy, and the calculation time is too long. However, the
BP neural network model only uses 2000 groups of data for training, and the number of
iteration steps in the operation is 1.3% of the SA algorithm, thus achieving considerable
accuracy requirements. Although there are also similar differences in the robustness of
different parameter inversions, all inversion parameters can reach the same accuracy.

3.2. Validation of Measured Data

Based on simulation verification of the accuracy and applicability of the proposed
method, the feasibility of the proposed inversion method in practical application is further
verified in this section, in combination with the experimental data of the muffler pool
shrinkage. The experiment was carried out in an anechoic pool using a uniform and high-
hardness PVC board (polyvinyl chloride polymer, measured density of 1.20 g/cm−3) “semi-
infinite elastic seabed” [30–33]. In the experiment, the sound source depth is zs = 87 mm,
the receiving depth is zre = 84 mm, and the water depth is H = 182 mm. The sound velocity
in water c1 is calculated based on the sound velocity empirical formula, considering the
water temperature under standard atmospheric pressure 11.5 °C, and c1 = 1450.212 m/s is
obtained. During the process, the sound source was fixed, and pulse signals of f = 155 kHz
were transmitted. The receiving hydrophone was placed on the movable walking frame and
received by a single TC4038 standard hydrophone at different positions at equal intervals.
The sampling frequency of the acquisition card is f s = 20 MHz. The hydrophone moves
away from the sound source by 2 mm each time to record data. A total of 720 position
points were measured during the experiment, and the average value of each position
was measured 10 times as the final test data. Figure 8 shows the experimental schematic
diagram of the scale reduction experiment and the layout of the experimental equipment,
and the propagation loss in the environment of the experimental tank is measured in
Figure 8.
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The BP neural network model established in this paper and the classical SA algorithm
were used to invert the measured data of the water tank. Table 5 shows the search range
of five earth-sound parameters and the results of inversion using the BP neural network
and SA methods, respectively. In Figure 9a,b, combined with the inversion results, the
comparison diagram of the measured TL curve and dispersion curve in the experiment is
given.

Table 5. Inversion results of the measured data.

Geoacoustic
Parameters Search Range Inversion Results of

BP
Inversion Results of

SA

cp (m/s) 2200–2500 2386.6 2379.6
cs (m/s) 1100–1300 1136.2 1191.1

ρb (g/cm3) 1.0–1.8 1.21 1.23
αp (dB·λ−1) 0.1–1.1 0.43 0.58
αs (dB·λ−1) 0.1–1.1 1.01 0.77
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dispersion curve; (b) BP and SA inversion TL curve compared to the measured TL.

Figure 9a shows the frequency–wave number spectrum measured by the water tank.
It can be seen from the spectrum that the energy of the received sound pressure signal is
mainly distributed in the range of 145−175 kHz, and its peak value is around 155 kHz,
which is consistent with the performance index of the sound source set in the experiment.
Figure 9b shows the propagation loss comparison curves of the BP neural network model
and SA inversion algorithm on the measured data. It can be seen from the comparison
curve in the figure that the TL curves of the two methods are consistent with the measured
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TL curves. Combined with the inversion results given in Table 5, it can be seen that the
inversion results of cp, cs, ρb, αp, and αs of the BP neural network model and SA algorithm
are very close to each other, which further verifies the applicability of the BP neural
network model in actual earth acoustic parameter inversion research. When the density
ρb = 1.20 g/cm−3 of the plastic plate selected in the pool experiment is known, the inversion
values of the BP neural network model and SA inversion algorithm are 1.21 g/cm−3 and
1.23 g/cm−3, respectively, and the relative error values are 0.83 and 2.5%, respectively.
Combined with Figure 9b, the BP neural network model can achieve the set target accuracy
compared to the SA inversion algorithm, though the efficiency is only 30% of that of the
SA inversion algorithm. It can be concluded that the BP neural network algorithm will
have a broader application prospect and development space in the inversion of acoustic
parameters.

4. Conclusions

1. This study proposes an inversion method for five ground acoustic parameters using
the back propagation (BP) neural network model. The method utilizes the fast field
method (FFM) to predict the shallow sea sound pressure field and establishes a
relationship model between the predicted sound pressure field and the ground sound
parameters. By inputting measured sound pressure field data into the neural network
model, accurate inversion results for the five subsea acoustic parameters are obtained.
The method is validated through simulation and experimental data.

2. Compared to existing optimization algorithms, the neural network-based inversion
method for acoustic parameters in the shallow sea offers higher efficiency and avoids
local optima. By adjusting the weights and thresholds of neurons, the neural network
quickly approximates the mapping relationship between measured data and the
parameters to be inverted. Among them, all kinds of weights in the hyperparameter
matrix [w, b] determine the establishment process of the network, effectively avoiding
the resulting error caused by the local optimal of a single parameter. The established
network effectively mitigates errors caused by local optima in individual parameters.
With comparable accuracy requirements, this method improves inversion efficiency,
enables direct application to similar problems, eliminates redundant calculations, and
enhances the overall efficiency and applicability.

3. For the acoustic pressure field in water, the five acoustic parameters, i.e., shallow
sea bottom density, p-wave velocity, S-wave velocity, p-wave velocity attenuation,
and S-wave velocity attenuation, have different effects. It can be seen from the
results of this paper that the accuracy of the inversion results of the two algorithms
for S-wave acoustic velocity cp, i.e., p-wave acoustic velocity cs and the density ρb
of the sedimentary layer, are all higher than S-wave attenuation αp and p-wave
attenuation αs, which accords with the physical property that the first three types
of acoustic parameters have a greater influence on the shallow sea sound pressure
field in forward modeling. Due to the complexity of the shallow sea bottom and
the influence of various noises on the distribution of sound fields in seawater, the
actual calculation results may be somewhat different to the real situation. In addition,
the coupling relationship between the physical parameters of the seabed and the
sensitivity relationship of each parameter are also factors that affect the accuracy of
the calculation. Given the above deficiencies, the BP neural network model is further
optimized by adjusting the neural network structure and adding random noise to
the subsequent research to obtain the earth acoustic parameter inversion model with
stronger reliability. At the same time, the influence of network setting parameters
on the accuracy of inversion results is further studied and discussed in detail. This
paper focuses on conducting sound field simulation calculations and submarine
sediment parameter inversion using a shallow sea semi-infinite seabed model. In
future research, we plan to incorporate multi-layer seabed models to improve the
parameter inversion process based on real-world seabed conditions. Additionally,
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we will explore the integration of GA and other optimization algorithms to enhance
the performance of the BP neural network algorithm and improve the accuracy of
predictions. These advancements aim to enhance the authenticity and effectiveness of
the inversion process.

Author Contributions: H.Z., J.L. and S.J. consulted and arranged the theories found in a considerable
amount of the literature; H.Z. and Z.C. designed and took part in the experiments; Z.C., X.L. and J.W.
proposed the inversion method described in this paper; Z.C. and J.W. processed the tank experiment
data; H.Z., Z.C., J.L. and S.J. wrote the paper. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the Science Foundation of Donghai Laboratory (DH-2022
KF01018); the Science Foundation of Key Laboratory of Submarine Geosciences, the Ministry of
Natural Resources (KLSG2201); the General Project of Education Department of Zhejiang Province
(Y202147766); and the Science Foundation of Key Laboratory of Marine Environmental Information
Technology, the Ministry of Natural Resources, Zhejiang University Student Science and Technology
Innovation Program (New Miao Talent Program) (2022R411C050, 2022R411C052). Supported by
Youth Innovation Promotion Association, Chinese Academy of Sciences (2020023).

Data Availability Statement: Data available on request due to restrictions eg privacy or ethical. The
data presented in this study are available on request from the corresponding author. The data are not
publicly available due to privacy.

Acknowledgments: We acknowledge the National Key Laboratory, College of Underwater Acoustic
Engineering, Harbin Engineering University, China for supporting in this research.

Conflicts of Interest: The authors declare no conflict of interest.

Nomenclature

b The threshold of each neuron of the neural network
BP Backward feedback neural network algorithm
c1 Underwater sound velocity
cp Longitudinal sound velocity
cs Transverse sound velocity
Emse Root mean square error
H Sea depth
l Number of nodes in the output layer
MAE Mean absolute error
n The threshold of each neuron of the neural network
SA Backward feedback neural network algorithm
TL Propagation loss
v Number of hidden layer nodes
w The weights between the layers of the neural network
Ypre Predict the sound pressure value
Yrea Measured sound pressure value
zs Source depth
zs Sound source depth
zre Receiving depth
αs Transverse wave attenuation
αp Longitudinal wave attenuation
η Learning rate
ρ1 Density in water
ρb Density
φ1 Fluid sea layer
φp Submarine layer
ψs Submarine layer
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