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Abstract

The mesoscale eddy (ME) has a significant influence on the convergence effect in deep-sea acoustic propagation.
This paper use statistical approaches to express quantitative relationships between the ME conditions and
convergence zone (CZ) characteristics. Based on the Gaussian vortex model, we construct various sound
propagation scenarios under different eddy conditions, and carry out sound propagation experiments to obtain
simulation samples. With a large number of samples, we first adopt the unified regression to set up analytic
relationships between eddy conditions and CZ parameters. The sensitivity of eddy indicators to the CZ is
quantitatively analyzed. Then, we adopt the machine learning (ML) algorithms to establish prediction models of
CZ parameters by exploring the nonlinear relationships between multiple ME indicators and CZ parameters.
Through the research, we can express the influence of ME on the CZ quantitatively, and achieve the rapid
prediction of CZ parameters in ocean eddies. The prediction accuracy (R) of the CZ distance (mean R: 0.981 5) is
obviously better than that of the CZ width (mean R: 0.872 8). Among the three ML algorithms, Gradient Boosting
Decision Tree has the best prediction ability (root mean square error (RMSE): 0.136), followed by Random Forest
(RMSE: 0.441) and Extreme Learning Machine (RMSE: 0.518).
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1  Introduction
The convergence is a special phenomenon of acoustic

propagation in the deep sea. When the sound source and receiv-
er are located in the sound channel, due to the refraction of the
sound wave, the sound energy will gather near the sea surface to
form a ring band of high intensity and low distortion, called the
convergence zone (CZ). The CZ effect can be used to achieve un-
derwater remote detection, underwater acoustic communication,
positioning and navigation. Accurate prediction of sound field CZ
is of great significance to the research of oceanographic mechan-
ism, the development of underwater acoustic equipment and
military applications.

As a special phenomenon of deep-sea remote sound channel,
CZ has been extensively studied by many scholars. Earlier, Hale
(1961) observed the deep-sea convergence phenomenon in off-
shore experiments. Later, other researchers also verified the ex-
istence of the deep-sea CZ through experimental observation and
theoretical analysis, and described the spatial-temporal charac-
teristics of CZ (Urick and Lund, 1968; Zhang, 1982; Gong et al.,
1987; Guan et al., 1998). The experiment results show that the
formation and characteristics of CZ are closely related to the
marine environment. In recent years, more and more attention
has been paid to the study of the influence of ocean dynamic pro-

cesses, such as mesoscale eddies, internal waves and fronts, on
the deep-sea acoustic propagation.

Lawrence (1983) found that the different spatial positions of
the sound source and the receiving array in the warm eddy would
lead to different changes in the CZ characteristics and Heaney et
al. (2011) verified this conclusion experimentally. Liu (2006)
found that the presence of mesoscale eddies and fronts would
cause changes in the location and intensity of the sound field CZ,
and even lead to the disappearance of the CZ. Zhang et al. (2011)
used the Gaussian beam ray model to analyze the differences of
CZ acoustic propagation in different directions caused by the
warm eddy. Liu et al. (2021b) and Li et al. (2023) found that the
horizontal disturbance of the sound velocity profile caused by the
cold eddy could made the CZ location move forward, the width
decrease, and the gain increase. Zhu et al. (2021) found that
when the warm eddy existed and the sound source is in the eddy
center, the width of the CZ decreased and the location moved
forward. Van Uffelen et al. (2010) found that with the develop-
ment of the summer thermocline from June to October, the scat-
tering effect of internal waves on the sound field became greater,
resulting in the inversion point of CZ deeper. Zhang et al. (2022)
found that with the increase of transmit-receive distance, the cu-
mulative effect of internal waves became more significant. The  
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statistical characteristics of propagation loss in shallow-sea lin-
ear internal wave environment are related to the average energy
flux density, sound source frequency, sound source location and
transmit-receive distance. Guo and Gao (2015) studied the
propagation law of sound waves in the oceanic front and found
that the span of the CZ increased significantly when there was an
oceanic front. The CZ formed by the weak front has a larger span
than that formed by the strong front, and the width of CZ in the
weak front is larger than that in the strong front.

The above studies show that the typical mesoscale ocean sys-
tems have a significant influence on the characteristics of deep-
sea CZ, which cannot be ignored. The scholars have analyzed the
CZ characteristics with simulation experiments under the influ-
ence of different vertical structures of sound velocity, mesoscale
eddies, internal waves, and oceanic fronts. However, the existing
analysis is mostly focused on the qualitative description of the
acoustic field characteristics and difference phenomenon. There
are few studies about quantitatively mining and expressing the
mathematical relationships between ocean environmental sys-
tems and the characteristics of sound field CZ (Fan et al., 2012).

Quantitative analysis of the influence of marine systems on
the CZ features is helpful to the accurate prediction of sound field
characteristics. In our research, we will focus on analyzing the of
CZ parameters (distance and width) in mesoscale eddies with
data mining methods including regression analysis and machine
learning (ML) algorithms. Based on the different acoustic
propagation scenarios constructed with the Gaussian vortex
model, we carry out simulation experiments and obtain model-
ing samples. Then the regression model is adopted to conduct
analytical analysis between the eddy conditions and CZ paramet-
ers. The sensitivity of ME to the sound field CZ is quantitatively
analyzed. Finally, we adopt the ML algorithms to explore the
nonlinear relationships between multiple ME indicators and CZ
parameters. The prediction model based on ML algorithms is es-
tablished to realize the rapid prediction of the CZ parameters in
the eddy environment.

The paper is structured as follows: Section 2 briefly intro-
duces the CZ theory and ML algorithms. Section 3 provides a de-
tailed elaboration of the technical route of analytical analysis and
quantitative prediction. Section 4 describes the specific process
of the acoustic propagation simulation with varieties of meso-
scale eddies. Section 5 gives a full explanation of the analytical
model and prediction model of CZ parameters, and quantitat-
ively analyzes the relationship between the eddy condition and
CZ characteristics. Finally, Section 6 concludes the paper.

2  Theory and methods

2.1  Deep-sea convergence zone

2.1.1  Concept of convergence zone
The sound speed profile of deep sea has a minimum value at

a certain depth, which is the channel axis. The sound speed in-
creases from the channel axis upward with the increase of tem-
perature, and increases from the channel axis downward with the
increase of static pressure (Liu et al., 2021a). The sound speed
distribution is shown in Fig. 1.

When a sound source is close to the surface, according to the
Snell law, the sound rays will bend toward the vertical. In other
words, the sound rays emitted by the source will bend to the bot-
tom. The sound rays will gradually bend toward the surface after
passing through the sound channel axis where the sound speed is
minimum. When the sound speed near the bottom is greater
than that close to the source at the sea surface, some sound rays

with small grazing angles do not touch the bottom and reverse
upward (Wu et al., 2022).

If the sound source is placed in the sound channel, part of the
energy will be bound in the channel, which will not touch the
seabed and sea surface during the propagation process. There-
fore, it will not be scattered and absorbed by the boundary, and
the sound can travel over very long distance. After this process,
sound rays converge to form a CZ as shown in Fig. 2.

When the exit angle is 0°, the sound inversion depth is the
smallest, which is the critical depth to form the CZ, called the
conjugate depth. The horizontal distance of the sound ray to the
sea surface is called the occurrence distance of CZ (usually refers
to the distance of the first CZ). The condition for the formation of
CZ is that both the source and the receiver are located in the
sound channel and the water is deep enough so that the sound
rays are refracted underwater and return to the surface to form
the CZ. When the water depth is shallow, the sound rays are ab-
sorbed and reflected by the seafloor, inhibiting the occurrence of
CZ.

2.1.2  Feature extraction of CZ
Distance and width are the two most important parameters of

CZ. At present, two methods are usually used to determine the
CZ parameters. The first method is proposed by Blatstein (1971),
which defines the peak position of propagation loss gain as the
position of the CZ inversion point. The distance after the peak
gain where the propagation loss is greater than the peak about
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Fig. 1.   The sound speed profile of deep sea.
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Fig. 2.   The convergence of sound rays in deep sea.
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l0 dB is the width of the CZ. Another method is proposed by
Bongiovanni et al. (1996). He determines the CZ distance and
width according to the characteristic sound rays. The CZ dis-
tance is set to the position of the ray with an exit angle of 0° when
it returns to 0°. Set the difference between the arrival distance of
the critical sound ray and the distance of CZ as the CZ width.

The experimental results show that the two methods are con-
sistent in determining the CZ distance, and both can reflect the
location of the CZ peak gain (Zhang and Zhang, 2012; Zhao, 2015;
Piao et al., 2021). However, the first method is somewhat arbit-
rary in the processing of the CZ width. When there is a cold eddy
in the sound velocity field, the difference between the peak gain
in the CZ and the propagation loss in the shadow zone is small.
After due consideration, the method proposed by Bongiovanni et
al. (1996) is used to extract CZ parameters in this paper.

The sound ray with an exit angle of 0° has the minimum in-
version depth, and the horizontal distance from the sound ray to
the sea surface is defined as the distance of the first CZ:

L =  m
√

c secθ − ch +  ml arctan θ, (1)

m =
g − g
g g

, (2)

m =
c
g

, (3)

g g
c

ch
θ

where  and  are the average sound velocity gradients of the
upper and lower layers of the sound channel axis respectively; 
is the sea surface sound velocity or the maximum sound velocity
of the surface sound channel;  is the sound velocity at the axis
of the sound channel;  is the initial grazing angle of the sound
line.

θ = When °, the distance of the sound ray to the sea surface
is maximum, that is

L =  m
√

c − ch. (4)

θ = θmaxWhen ,

Lm =  m
√

c secθmax − ch +  ml arctan θmax. (5)

The width of the first CZ is defined as

ΔL = Lm − L. (6)

2.2  Modeling approach
In this paper, data mining methods such as the regression

analysis, machine learning algorithms are used to carry out the
analytical analysis of CZ features and build a CZ parameter pre-
diction model, so as to quantify the influence relationship of the
ME on the CZ and achieve the rapid prediction of CZ parameters.

ML can mine the nonlinear correlation between variables
from objective data. In our experiments, three ML algorithms are
selected for modeling: Random Forest, Gradient Boosted De-
cision Tree and Extreme Learning Machine.

(1) Random Forest (RF). A decision tree (DT) is constructed
recursively as a binary decision tree by constantly splitting the
nodes with a squared error minimization criterion and ulti-
mately using the mean of the leaf nodes as the predicted value.

DT is suitable for dealing with interactions among features (or
predictors), easy to interpret, and runs fast. Based on the idea of
ensemble learning, DT is used as the base learning machine to
establish an ensemble model, namely RF. The predicted value of
RF is obtained by taking the mean prediction of all DTs. Balan-
cing the error of data sets gives RF the advantage of not easy to
overfit; besides that, it also has great robustness.

(2) Gradient Boosted Decision Tree (GBDT). GBDT is also a
supervised learning method which takes DT as the basic unit and
approximates real function step by step by way of addition mod-
el. It is an integrated tree-based algorithm like RF, but the meth-
od adopted is different. GBDT is an iterative method, each step
needs to construct a new DT according to the loss function, and
constantly approximates the real function through the direction
of the negative gradient.

(3) Extreme Learning Machine (ELM). ELM is a novel single
hidden layer feedforward neural network, overcoming the weak-
ness of slow convergence and local optimum in conventional
neural networks. However, the random setting of initial weights
and threshold easily results in weak stability and poor generaliza-
tion. To deal with this deficiency, Cao et al. (2012) used the self-
adaptive differential (SaD) evolution algorithm to improve ELM
and further proposed the SaD-ELM, which is used in our re-
search.

3  Modeling process
In this paper, the analytical analysis and quantitative predic-

tion of sound field CZ parameters under the ME environment are
carried out. The modeling technology route is shown in Fig. 3.

Firstly, many eddies with different intensity and radius are
constructed based on the Gaussian vortex model. Sound sources
are placed in different locations around each eddy. Various
sound propagation scenarios under ME environment are de-
signed.

Then, the BELLHOP sound propagation model is used for
simulation experiments to calculate the distribution of sound
rays under different eddy conditions. The characteristic paramet-
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Fig. 3.   The technical route of CZ parameter modeling.
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ers of the first CZ are extracted, including distance and width,
and generate the feature samples of the eddy condition-CZ para-
meter through a large number of simulation experiments.

Based on the above feature samples, two tasks are carried out:
one is to establish a unitary regression model to quantitatively
analyze the influence of different eddy conditions on CZ para-
meters; the other is to use ML algorithms to establish the map-
ping relationship between multiple environmental indicators
and CZ parameters to achieve the rapid prediction of CZ para-
meters in different ME environment.

4  Acoustic propagation modeling in the mesoscale eddy
Different sound propagation scenarios under different meso-

scale eddies environment are designed and acoustic propagation
simulation experiments are carried out to obtain parameters of
CZ. Eddy parameters and sound source positions are set as
shown in Table 1.

The other eddy parameters remain unchanged in the model-
ing: the depth of the eddy center is 275 m; the amplitude is 200 m.
Figure 4 shows the sound propagation scenarios with different
eddy radius and different sound source location.

Based on different sound propagation scenarios, the sound
propagation model is used to calculate the sound field character-
istics. As we all known, the acoustic propagation models suitable
for horizontally non-uniform conditions mainly include ray mod-
els, adiabatic normal mode models, coupled normal mode mod-
els, and parabolic equations. The ray theory model is the earliest
and most widely used modeling theory for acoustic propagation.
The classic ray acoustic theory assumes that the energy of the
sound field is transmitted by sound rays. The path of the sound
ray represents the path of sound wave propagation, and the en-
ergy carried by the sound ray represents the acoustic energy of
sound propagation.

However, the traditional ray models are limited by the high-
frequency approximation and cannot effectively calculate the
propagation loss near the caustic line. The BELLHOP model
based on the Gaussian beam ray tracing algorithm is proposed
(Cong, 2010), which effectively improves the traditional ray the-
ory and solves the calculation difficulties of the sound propaga-
tion in the shadow zone and caustic zone. Due to its advantages
such as clear physical image, fast calculation speed and broad
applicability, the BELLHOP model has been widely used in un-
derwater sound propagation. We use this model for acoustic
propagation calculation.

Figure 5 shows the sound propagation loss and sound ray dis-
tribution when the warm eddy intensity is 10 m/s, the eddy radi-
us is 100 km, the sound source depth is 175 m, and the horizontal
distance of the sound source is 140 km. Figure 6 shows that, with
the same position of the sound source, the sound propagation
loss and the sound line distribution when there is no eddy. It can
be intuitively found that the CZ characteristics change signific-
antly, so it is necessary to quantitatively analyze the influence of
eddies on the CZ.

We calculate the acoustic propagation characteristics of all
scenarios and extract the parameters of the first CZ, obtaining a
total of 95 670 modeling samples. Each sample contains CZ dis-
tance/width and their corresponding eddy parameters, covering
the range of cold/warm eddy intensity with –50 m/s to +50 m/s
(where + indicates warm eddy and – indicates cold eddy), eddy
radius with 20–300 km, sound source depth with 100–400 m,
and the horizontal distance of the sound source with 0–150 km.

5  Experiments and analysis
Based on the above feature samples, two tasks are carried out:

one is to build a unitary regression model between eddy condi-
tions and CZ parameters; the other is to use ML algorithms to es-
tablish the mapping relationship between multiple eddy indicat-
ors and CZ parameters to achieve the rapid prediction of CZ
parameters.

5.1  Analytical analysis based on the regression model
In this paper, the polynomial regression method is used to

analyze the relationship between the CZ characteristics and the
ME conditions. We use linear regression model and quadratic
function regression model to conduct regression modeling
between them. The regression equation is established, and the
sensitivity analysis of CZ parameters is conducted based on the
optimal regression model.

(1) CZ distance-eddy intensity
y

x
The CZ distance is taken as the dependent variable ( ) and

the eddy intensity as the independent variable ( ). The polyno-
mial fitting is carried out and the results with different depth of
sound source are shown in the Table 2, where R2 represents de-
termination coefficient, F represents F-statistic value, Sig. repres-
ents significance, and RMSE is root mean square error.

The results show that under different sound source depth
conditions, the determination coefficient between the CZ dis-
tance and the eddy intensity is very significant with the two re-
gression models (R2 > 0.95), and the model has a high degree of
good fitting. In the F-test, the observed values of the linear re-
gression model are greater than those of the quadratic regression
model. The significance test values of the two regression models
are both 0, indicating that there is a significant difference
between the partial regression coefficient and random interfer-
ence in regression analysis. Therefore, the linear relationship
between the eddy intensity and the CZ distance is significant.

The influence of the eddy intensity on the CZ distance is lin-
ear. According to the linear regression equation, the CZ distance
increases with the increase of warm eddy intensity, and de-
creases with the increase of cold eddy intensity. In the equation,
the coefficient of eddy intensity is the influence factor of the exist-
ence of eddy. When the sound source is located at a shallow
depth, the influence of eddy intensity on the CZ distance is small.
The deeper the location of the sound source, the larger the coeffi-
cient of eddy intensity, indicating that the eddy has a more in-
tense effect on the CZ distance. When the sound source is loc-
ated at the depth of 300 m, the eddy intensity changes by 2 m/s

 

Table 1.   The description of eddy parameters and sound source position
Parameter Definition Setting

Eddy intensity/(m·s−1) it is characterized by the sound velocity difference between
the eddy center and the edge

value range is –50 m/s to +50 m/s, gap is +5 m/s;
+ indicates warm eddy and – indicates cold eddy

Eddy radius/km it is characterized by the horizontal distance between the
   eddy center and the edge

value range is 20 km to 300 km, gap is 20 km

Depth of sound
source/m

literal meaning value range is 100 m to 400 m, gap is 20 m

Distance of sound
source/km

it is characterized by the horizontal distance of the sound
   source from the eddy center (vertical central axis)

value range is 0 km to 150 km, gap is 15 km
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(sound velocity difference), and the distance of the first CZ
changes by about 200 m.

(2) CZ distance-eddy radius
yThe CZ distance is taken as the dependent variable ( ) and

xthe eddy radius as the independent variable ( ). The results of
polynomial fitting are shown in the Table 3.

The results show that under different sound source depth
conditions, the determination coefficient of the linear regression
model (R2 > 0.85) is very significant less than that of the quadrat-
ic regression model (R2 > 0.95). In the F-test, the observed values
of the linear regression model are less than those of the quadrat-
ic regression model. The significance test values of the two re-
gression models are both 0, indicating that there is a significant
difference between the partial regression coefficient and random
interference in regression analysis. Therefore, the quadratic func-
tion relation between the eddy radius and the CZ distance is sig-
nificant.

According to the quadratic function regression equation, the
constant term represents the distance of the first CZ when there
is no eddy. The coefficient of eddy radius is the influence factor of
eddies. The coefficient of eddy radius is very small and it is two
orders of magnitude smaller than the coefficient of eddy intens-
ity in Table 2. Therefore, the influence of eddy intensity on the CZ
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Fig. 4.   Different sound propagation scenarios.
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Fig. 5.   Characteristics of sound propagation with a warm eddy: the sound propagation loss (a) and sound ray (b) distribution. In b,
the red line represents the refracted sound, and the green line represents the reflected sound.
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Fig. 6.   Characteristics of sound propagation with no eddy: the sound propagation loss (a) and sound ray (b) distribution. In b, the red
line represents the refracted sound, and the green line represents the reflected sound.
 

Table 2.   Regression analysis between CZ distance and eddy intensity
Model Depth/m Regression equation R2 F Sig. RMSE

Linear regression model 100 y = 0.076 15x + 53.15 0.992 14 598.965 0 0.226

200 y = 0.087 75x + 49.94 0.998 19 823.564 0 0.307

300 y = 0.099 79x + 47.14 0.988 10 479.997 0 0.181
Quadratic regression model 100 y = 0.000 24x2 + 0.076 15x + 52.92 0.999 13 874.476 0 0.079

200 y = 0.000 32x2 + 0.087 75x + 49.64 0.998 14 462.807 0 0.121

300 y = 0.000 17x2 + 0.049 79x + 46.98 0.996 9 134.502 0 0.096
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distance is more sensitive.
According to the monotone property of the quadratic func-

tion, when the depth of the sound source is 300 m, the CZ dis-
tance increases with the increase of the eddy radius in the inter-
val of [20 km,186.3 km]; the CZ distance slightly decreases with
the increase of the eddy radius in the interval of [186.3 km,
300 km]. When the eddy radius changes by 10 km, the CZ dis-
tance changes by about 260 m. Based on quadratic function re-
gression equation, the relationship between the CZ distance and
eddy radius can be quantitatively analyzed.

(3) CZ width-eddy intensity

y x
With the same modeling idea, we build the polynomial fitting

relationship between the CZ width ( ) and eddy intensity ( ), and
the results are shown in the Table 4.

The results show that the influence relationship between the
CZ width and the eddy intensity is quite different with different
sound source depth. When the depth of the sound source is relat-
ively shallow (100 m, 200 m), the determination coefficient is very
significant under the two regression models (R2 > 0.9). In the F-
test, the observed values of the linear regression model are great-
er than those of the quadratic function regression model, so the
linear relationship between the CZ width and the eddy intensity
is more significant. By contrast, when the position of the sound
source is deep (300 m), the linear relationship and quadratic
function relationship between the two are very weak.

When the position of the sound source is shallow, the influ-
ence of eddy intensity on the CZ width is linear. According to the
linear regression equation, the CZ distance increases with the in-
crease of warm eddy intensity, and decreases with the increase of
cold eddy intensity. In the equation, the coefficient of eddy in-
tensity is the influence factor of the mesoscale eddy. The con-
stant term represents the CZ distance in the absence of an eddy.

When the depth of the sound source is 200 m, the eddy intensity
changes by 2 m/s, and the CZ width changes by 90 m. The rela-
tionship between the CZ width and the eddy intensity can be de-
scribed quantitatively based on the regression equation.

(4) CZ width-eddy radius

y x
We build the polynomial fitting relationship between the CZ

width ( ) and eddy radius ( ), and the results are shown in the
Table 5.

The results show that the R2 is less than 0.8 for both linear
equations and quadratic equations. The small F-value and the
large RMSE indicate that both the linear relationship and quad-
ratic function relationship between the CZ width and eddy radi-
us are very weak. Therefore, the nonlinear effect between them is
complicated and it is difficult to describe the relationship by the
unitary regression model.

5.2  Intelligent prediction of CZ parameters
In the above section, the sensitivity analysis is carried out by

establishing unitary regression models, and the relationships
between the characteristics of the first CZ and the eddy paramet-
ers are quantitatively analyzed: there is a significant linear rela-
tionship between the CZ distance and the eddy intensity, and a
significant quadratic function relationship between the CZ dis-
tance and the eddy radius. In contrast, the linear and quadratic
relationship between the CZ width and the eddy radius is very
weak.

Therefore, the influence relationships between the CZ para-
meters and the ME conditions are very complicated. The com-
prehensive influence of multiple environmental factors on CZ
parameters cannot be accurately described by the single variable
regression equation. In order to achieve accurate quantitative
analysis and fast calculation of CZ features under the eddy envir-

 

Table 3.   Regression analysis between CZ distance and eddy radius
Model Depth/m Regression equation R2 F Sig. RMSE

Linear regression model 100 y = 0.012 53x + 54.59 0.752 1 124.873 0 0.625

200 y = 0.016 51x + 51.37 0.839 1 952.309 0 0.626

300 y = 0.008 86x + 48.02 0.793 1 267.598 0 0.392

Quadratic regression model 100 y = −0.000 11x2 + 0.041 02x + 52.93 0.963 11 269.375 0 0.244

200 y = −0.000 12x2 + 0.044 71x + 49.73 0.973 14 633.754 0 0.261

300 y = −0.000 11x2 + 0.027 19x + 46.96 0.979 15 124.561 0 0.127

 

Table 4.   Regression analysis between the CZ width and eddy intensity
Model Depth/m Regression equation R2 F Sig. RMSE

Linear regression model 100 y = −0.032 99x + 5.979 0.973 12 531.632 0 0.264

200 y = −0.042 28x + 9.829 0.978 13 105.415 0 0.256

300 y = −0.066 83x + 14.51 0.184 / / 4.549

Quadratic regression model 100 y = 0.000 22x2 − 0.032 99x + 5.77 0.942 9 975.143 0 0.183

200 y = 0.000 17x2 − 0.042 28x + 9.67 0.966 10 132.472 0 0.211

300 y = 0.002 92x2 − 0.066 83x + 11.68 0.454 / / 3.787

     Note: / indicates invalid value.

 

Table 5.   Regression analysis between the CZ width and eddy radius
Model Depth/m Regression equation R2 F RMSE

Linear regression model 100 y = −0.001 97x + 5.022 0.411 / 0.254

200 y = −0.004 75x + 8.996 0.721 1 024.143 0.256

300 y = 0.005 16x + 12.81 0.789 1 322.219 0.231

Quadratic regression model 100 y = 0.000 032x2 − 0.012 43x + 5.63 0.788 1 387.458 0.133

200 y = 0.000 019x2 − 0.011 03x + 9.36 0.789 1 269.655 0.226

300 y = −0.000 001 5x2 − 0.005 4x + 12.82 0.787 1 463.914 0.236

     Note: / indicates invalid value.
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onment, we adopt ML algorithms to mine the nonlinear relation-
ship between multiple eddy factors and CZ parameters, estab-
lishing CZ prediction models.

(1) ML-based prediction model
The input of the prediction model is the eddy intensity, eddy

radius, depth of sound source and horizontal distance of sound
source from the eddy center; the output is the first CZ distance
and the first CZ width respectively, as shown in Fig. 7.

We adopt the RF algorithm, GBDT algorithm and SaD-ELM
algorithm to construct prediction models, and the technical pro-
cess is shown in Fig. 8.

Firstly, the feature samples are normalized and divided into
training sets and test sets. Then, we set parameters of the three
ML algorithms and complete the training of prediction model.
Parameter calibrations are subjected to sensitivity analysis,
which is conducted by “GridSearchCV” function provided by

scikit-learn module, which is a function library for ML including
all kinds of classification, regression and clustering algorithms.
The best parameters are shown in the Table 6. Finally, the test
samples are input into the ML model and the prediction results
are output. Through comparative analysis, the prediction ability
of the model is compared, and the applicability of ML algorithms
in the prediction of sound field CZ parameter is discussed.

(2) Analysis of predicting results
According to the Eq. (7), the relative error (RE) of the pre-

dicted value of CZ parameters is calculated, and the result is
shown in Figs 9–14.

RE =
|̂y− y|

y
× %, (7)

ŷ ywhere  is the predicted value and  is the original value.
The results show that the three ML-based models have good

prediction ability on the first CZ distance, and the RE of pre-
dicted results are all less than 10%. Among them, GBDT has the
best prediction accuracy (RE < 2%), followed by RF (RE < 5%) and
ELM (RE < 8%).

The prediction ability for the first CZ width is not so desirable,
there are a certain number of test samples with RE greater than
30%. GBDT and RF have similar prediction accuracy, the pre-
dicted results with RE > 30% accounts for about 5%, which can be
accepted. BPNN has the lowest prediction accuracy, the pre-
dicted results with RE > 30% accounts for about 9%.

To investigate the performances for the above prediction
models quantitatively, different error measures including the
correlation coefficient (CC), RMSE, and Nash-Sutcliffe (NSE) are
employed as evaluation criteria. We do not repeat CC and RMSE
in consideration of space. NSE is explained as follows:

NSE = −

n∑
i = 

(
ĥi − hi

)

n∑
i = 

(
hi − hm

) , (8)
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Fig. 7.   The input and output of ML-based prediction model.
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Fig. 8.   The technical process of ML-based prediction model.
 

Table 6.   Parameters set of the three ML algorithms
ML algorithm Parameter setting

RF the number of decision trees, the maximum depth of each tree, and the number of node samples are set as 100, 30, and 10;
the remaining parameters are left with the default values

GBDT the maximum depth of the tree is 5; maximum iteration is 5; learning rate is 0.1; the remaining parameters are left with the
default values

SaD-ELM the number of hidden layers is 3; the number of neurons in each hidden layer is 10; the excitation function is “sig.”; the
population number, variation probability and crossover probability are set as 30, 0.5, and 0.4; the remaining parameters

are left with the default values
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ĥi
hi hm

hi n
where  is the predicted value,  is the test value,  is the
mean value of , i represents the sample number, and  repres-
ents the length of test time series. The RMSE is a good measure
for evaluating the performance of a model because RMSE is pro-
portional to the observed mean. Therefore, NSE compares the
goodness of fit between the observed and predicted data. A high
value of NSE (up to one) indicates high efficiency of the model
(Duan et al., 2016).

As can be seen from the Table 7, the prediction performance

of the three ML algorithms on the CZ distance is good: CC > 0.95,
NSE > 0.9, RMSE < 0.5, which is obviously better than the predic-
tion of the CZ width, indicating that the ML algorithm can better
mine the nonlinear relationship between multiple eddy condi-
tions and the CZ distance. Among the three ML prediction mod-
els, GBDT has the best prediction ability, followed by RF and
ELM, which indicates that GBDT has the strongest ability to fit
nonlinear relations.

In order to further test the prediction accuracy of CZ features
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Fig. 9.   The RE of the predicted CZ distance with RF.

 

1
7
1

1
4
1

2
1
1

2
8
1

3
5
1

4
2
1

4
9
1

5
6
1

6
3
1

7
0
1

7
7
1

8
4
1

9
1
1

9
8
1

1
 0

5
1

1
 1

2
1

1
 1

9
1

1
 2

6
1

1
 3

3
1

1
 4

0
1

1
 4

7
1

1
 5

4
1

1
 6

1
1

1
 6

8
1

1
 7

5
1

1
 8

2
1

1
 8

9
1

1
 9

6
1

2
 0

3
1

2
 1

0
1

2
 1

7
1

2
 2

4
1

2
 3

1
1

2
 3

8
1

2
 4

5
1

2
 5

2
1

Number of test samples

0

1

2

3

4

5

6

7

8

9

10

R
E

 o
f 

th
e 

C
Z

 d
is

ta
n
ce

/%

 

Fig. 10.   The RE of the predicted CZ distance with GBDT.
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Fig. 11.   The RE of the predicted CZ distance with SaD-ELM.
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under real eddy conditions, we carry out the prediction experi-
ments with measured data and reanalysis data. The sea area east
of the Luzon Strait is selected to identify the mesoscale eddies
based on satellite altimeter data, and the center location, eddy in-
tensity and eddy radius are extracted.

Five eddies (A, B, C, D, and E) are selected for testing experi-
ments. The three-dimensional salinity and temperature fields
around the eddies (spatial range: 3° × 3°) are extracted from the
Hybrid Coordinate Ocean Model (HYCOM) data. We use the data
for sound propagation simulation and extract CZ parameters.
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Fig. 12.   The RE of the predicted CZ width with RF.
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Fig. 13.   The RE of the predicted CZ width with GBDT
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Fig. 14.   The RE of the predicted CZ width with SaD-ELM

 

Table 7.   Error measures of the predicted CZ parameters

CZ parameter Assessing indicator RF GBDT SaD-ELM

CZ distance RMSE 0.441 2 0.135 3 0.518 2

CC 0.977 1 0.998 2 0.969 4

NSE 0.914 9 0.982 9 0.913 4

CZ width RMSE 1.334 5 1.309 3 1.364 2

CC 0.873 3 0.878 2 0.867 1

NSE 0.604 7 0.623 1 0.502 3
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Meanwhile, we use GBDT algorithm to predict the CZ paramet-
ers by input conditions of real eddies. The comparison between
the predicted results and the simulation results is shown in the
Table 8.
  
Table 8.   CZ parameters calculated by ML and simulation

Eddy
Distance of the first CZ/km Width of the first CZ/m

GBDT BELLHOP GBDT BELLHOP

Eddy A 56.3 63.9 9.2 4.8

Eddy B 60.5 62.3 11.3 8.3

Eddy C 57.1 59.3 9.5 5.2

Eddy D 52.8 61.7 10.9 6.4

Eddy E 55.6 63.8 12.1 7.2
 

Using the eddy parameters extracted from the measured ME
data, the prediction accuracy of CZ parameters with ML al-
gorithm varies from eddy to eddy. The prediction of CZ distance
for Eddies B and C is good, while the prediction of other eddies is
poor. It can be preliminarily concluded that the ML-based pre-
diction model has a general ability.

Further analysis of the reasons for the unstable prediction
performance: when we constructed a Gaussian eddy, the hori-
zontal distribution of temperature and salinity outside the eddy is
uniform, but the horizontal distribution is uneven in the actual
marine environment, resulting in poor prediction of CZ paramet-
ers under the measured eddy environment.

6  Conclusions
The mesoscale eddy has a significant influence on the acous-

tic propagation. This paper attempts to use mathematical model-
ing methods to quantitatively mine the relationship between the
ME characteristics and the CZ parameters. We use the Gaussian
vortex model to construct sound propagation scenarios with dif-
ferent eddy conditions. With a large number of simulation
samples, we use data mining approaches including regression
analysis and ML algorithms to carry out analytical analysis of the
relationship between the eddy and the first CZ features, building
the prediction model of CZ parameters. The conclusions are as
follows:

(1) The relationships between the characteristic parameters
of the first CZ and the eddy conditions are quantitatively ana-
lyzed: there is a significant linear relationship between the CZ
distance and the eddy intensity, and a significant quadratic func-
tion relationship between the CZ distance and the eddy radius.
Besides, the influence of eddy intensity on the CZ width is linear
when the position of the sound source is shallow. In contrast,
both the linear and quadratic relationship between the CZ width
and the eddy radius are very weak.

(2) Three ML algorithms (RF, GBDT, and SaD-ELM) have ob-
viously better prediction accuracy of the CZ distance compared
with the CZ width, indicating that the ML algorithm can better fit
the nonlinear relationship between multiple eddy conditions and
the CZ distance. Among the three ML-based prediction models,
GBDT has the best prediction ability, followed by RF and SaD-
ELM.

Our research can quantify the relationship between the meso-
scale eddies and the CZ characteristics, and realize the rapid pre-
diction of the CZ parameters. However, it needs to be noted that
for the prediction of CZ parameters under real mesoscale eddies
environment, the prediction ability of our proposed ML-based
model is unstable. In the follow-up study, we will attempt to carry
out mathematical modeling based on the measured eddies, in-
stead of the ideal Gaussian eddy.
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