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Abstract

In recent years, with the use of the float-based wireless sensor network in the Argo project, a large amount of ocean
data has been obtained. These data can be applied to analyze the oceanic thermocline, and the forecasting trend of
the thermocline through the SVR method in machine learning is presented in this paper. Firstly, this paper refines the
spatial resolution with the SVR method and determines the lateral boundary of the three-dimensional thermocline
through the information entropy method. Combined with BOA Argo data from 2004 to 2015, this paper then predicts
the thermocline trend (10°–25° S and 55°–80° E) over the next 4 years. The results show that the trend of the three-
dimensional thermocline’s lateral boundary can be effectively predicted with the application of SVR method.

1 Introduction
The ocean with abundant resources and broad develop-
ment prospects has a vital significance to the humankind.
With the increasing frequency of maritime and military
activities, the rapid development of the marine economy,
and the worsening marine environment, the marine sci-
ence is increasingly raising public attention. The objective
of marine scientific research are the composition, struc-
ture, property, distribution, genesis, and evolution rules of
various natural phenomena relevant to the oceans, as well
as the exploitation and utilization of marine resources.
However, owing to the lack of oceanographic data, the
analysis of the internal characteristics of the marine envir-
onment mainly focuses on large-scale regional and sea-
sonal changes. To some extent, the implementation of
Argo project has provided the data with more detailed
and precise space and time intervals for marine environ-
mental research. Meanwhile, many overseas and domestic
scholars have utilized the data from Argo project to study
the oceanic thermocline, circulation, water mass, and so
forth [1–4]. Due to the limitation of data acquisition
equipment and methods, more accurate data cannot be
obtained at present. Over the past 15 years, the inter-
national Argo program has built a global ocean observing
network of 3000 satellite-tracking automatic detection
floats through the joint cooperation of more than 30

member countries in the world. It has extensively col-
lected the global temperature and salinity data from the
surface to 2000-m depth of ice-free deep ocean. As a kind
of atypical wireless sensor network, the ocean observing
network of Argo program is mainly applied for perceiving
the relevant attributes of the ocean, such as temperature,
salinity, depth, and other environmental information.
Studying the Argo data is conducive to further exploring
the internal state of the ocean, deeply analyzing how the
oceans affect the global climate and obtaining innovative
achievements in the fundamental researches and oper-
ational applications in the fields of marine, meteorological,
fishery, and transportation.
The temperature and salinity of seawater are the basic

elements of the oceans, and the variation of their spatial
and time distribution is closely related to almost all the
phenomena in the oceans. Therefore, the distribution and
variation of the temperature and salinity will affect the
movement of seawater and form different water masses by
their different characteristics. In different sea areas, the
spatial and temporal distribution of various marine envir-
onmental elements is extremely complicated, and the
seawater (temperature, salt, density) spring layer is an im-
portant phenomenon in the ocean. Concerning the div-
ision of vertical boundaries of water masses, the existence
and change of thermocline directly affects the mariculture
and fishing, as well as the sound channel characteristics
generated by the change of the acoustic cline, thereby af-
fecting the submarine sonar communication system. The
strong spring layer can also hinder the transport of
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nutrients between the upper and lower water layers, along
with the vortex and convective heat exchange, play a nat-
ural “barrier” role. At the same time, the formation mech-
anism of thermocline is closely related to circulation,
water mass, and internal wave of the ocean. Hence, the re-
searches on thermocline are crucial to national defense,
underwater communication, fishing, material diffusion,
turbulent thermal diffusion, and other marine theoretical
study. In recent years, with the rapid development of com-
puter technology, a variety of data processing methods are
generated. Regarding marine data with the characteristics
of diverse types, large amounts, and complicated correla-
tions, the traditional interpolation method can be replaced
by the SVR method. As a statistical method, the trad-
itional interpolation techniques require the model to
re-run all the data. In terms of the dynamic SVR methods,
it can only run on those new data, but not all the data
again [5]. The predictive and generalization capacity of
SVR depends on the choice of kernel function, while the
traditional SVR method mainly chooses the kernel function
based on the experience of certain risks in specific applica-
tions. Radial basis function (RBF) is an extensively used
SVR kernel function with high prediction accuracy [6, 7].
In this paper, a method for predicting the trend of

three-dimensional thermocline’s lateral boundary is pre-
sented on the basis of SVR method. Specifically, the BOA
Argo temperature data with spatial resolution of 1° × 1° is
initially refined. Then, the lateral boundary of the
three-dimensional thermocline is determined with
high-resolution data through the information entropy
method, and its future variation trend is predicted as well.
The remainder of this paper is organized as follows. In

Section 2, this paper introduces the source of Argo pro-
ject data and the present research status of thermocline.
In Section 5, the design and implementation of the algo-
rithm are demonstrated in detail. In Section 4, the nu-
merical and predicted results of the experiment are
compared and analyzed. In Section 5, the summary and
prospects of the paper are shown.

2 Related work
This section first introduces the details of the Argo pro-
ject and proposes the shortcomings of ocean observa-
tions in the accurate determination of the thermocline.
Then, the current situation and significance of the
thermocline researches are given as well.

2.1 Argo project
The International Argo Program was launched in 2000 with
the participation of over 30 countries and groups, including
the USA, Japan, France, the UK, Germany, Australia, and
China. Until December 2017, a total of 3891 active Argo
profile buoys in the global oceans have been used to moni-
tor seawater temperature, salinity, and currents (Fig. 1)

(http://www.argo.ucsd.edu/, http://argo.jcommops.org/), which
has basically achieved the construction goal of the Global
Argo Observatory (maintaining 4000 buoys). The imple-
mentation of the Argo project can assist the researchers in
accurately predicting such extreme weather or ocean
events as typhoons and El Nino in the Pacific Ocean [8]
[9]. Since the launch of the project, more than 12,000
floats have been deployed all over the world. In this condi-
tion, over 1.5 million temperature and salinity profiles
have been obtained and are still increasing at a rapid rate
every day. With the expansion of global Argo project to
deep-sea Argo and biological Argo, the number of “core
Argo” floats is expected to reach 4410 by 2020, and the
sampling resolution of the upper ocean is raised as well.
Currently, the data provided by the Argo floats has been

upgraded to version 3.1, which is utilized for further mar-
ine researches. Dong et al. adopt the temperature, salinity,
and pressure profiles of the Argo floats to deduce the
mixed-layer depth (MLD) of the Southern Ocean [10].
The estimation accuracy of Argo profiling float dataset for
the temperature and heat storage in the upper North
Atlantic Ocean is studied by Hadfield et al. as well [11].
The study of Guinehut et al. aims to analyze the contribu-
tion of the combination of high-resolution sea level and
sea surface temperature satellite data with accurate but
sparse in situ temperature profile data as given by Argo to
the reconstruction of the large-scale, monthly mean,
200-m depth temperature fields [12]. Resnyanskii et al.
use the Argo profiling floats dataset to estimate the
means, variances, and three-dimensional spatial covari-
ances of the temperature and salinity anomalies in the
upper 1400 m ocean layer [13]. Maze et al. introduce how
to conduct the unsupervised classification of Argo
temperature profiles [14]. In recent years, it is difficult to
deal with increasing volume of the marine data through
the traditional mathematical statistics method, so the arti-
ficial intelligence method can be applied to process and
analyze the massive data. However, the application range
of the ocean observational data acquired through the con-
ventional observation means or Argo floats is limited by
some problems, such as inconsistent observation depth,
discontinuous observation time, and spatial discrepancy.

Fig. 1 Global Argo floats location diagram
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The member countries of Argo project have analyzed the
Argo data objectively and developed the gridded products
[15–18]. As a supplement to the basic information on the
global ocean phenomena, it greatly facilitates the further
researches. Second Institute of Oceanography, SOA has
also constructed a gridded dataset of Argo temperature
and salinity in the global ocean through a more simple
and effective objective analysis method, referring to the
BOA Argo (http://www.argo.org.cn/).
The spatial range of BOA Argo data covers the global

ocean (180°W–180°E, 79.5°S–79.5°N) with a spatial reso-
lution of 1° × 1°. The seawater between 10 and 1950 m
in depth is divided into 58 vertical standard layers, and
the minimum distance between the two layers is 10 m.
The gridded dataset could be used for studying the basic
phenomena of physical ocean, but the precision of its
data reaches the requirements when the thermocline is
judged. In this paper, the SVR method will be applied to
refine the data.

2.2 Research status and significance of thermocline
There exist the thermocline, halocline, pycnocline, and
sound velocity spring layer in the ocean, and the thermo-
cline refers to an area with a great change in the vertical
gradient of seawater temperature. Since the eigenvalues of
the thermocline mainly comprises the strength and thick-
ness of the thermocline, and the depth of the upper bound-
ary [19, 20], how to determine the three-dimensional
boundary of thermocline and predict the variation trend of
thermocline plays a key role in the analysis.
At present, a series of studies on the ocean temperature

structure have been carried out. The researches on
thermocline are meaningful for not only the theoretical
study but also the national defense, underwater communi-
cations, and fisheries. In terms of fishing, the Thunnus
albacares is one of the major targets of the oceanic tuna
fishery worldwide, and it moves mostly inside the mixed
layer and occasionally below the upper boundary of the
thermocline, which is influenced by the temperature gra-
dient greatly [21]. Meanwhile, there are many environ-
mental factors affecting the fishing rate of the Thunnus
albacares. Romena [22] pointed out that the distribution
of adult Thunnus albacares was affected by the 20 °C iso-
therm, and Song [23] analyzed that the vertical distribu-
tion of Thunnus albacares was related to the thermocline.
Concerning the underwater communication and military
detection, the underwater acoustic communication is cur-
rently the unique means of communication in the ocean,
but the acoustic propagation in the water is influenced by
changes in temperature, salinity, and density. Therefore, a
sudden change in seawater structure in the thermocline
area will directly affect the sound transmission, leading
to sonar failure [24]. In this condition, the researches

on the thermocline are significant to study the distribu-
tion of marine fishing grounds and underwater commu-
nication detection.

3 Theoretical method
3.1 Thermocline determination
In the analysis of thermocline, the thermocline should
be initially determined, and the thermocline phenomena
are usually described by the characteristic features of
thermocline, namely the depth, the intensity, and the
thickness. Hence, it is vital to determine the boundary of
the thermocline and obtain the characteristic quantity of
the thermocline. The traditional methods for determin-
ing the upper and lower boundaries of the thermocline
are the vertical gradient method, the curvature
extremum method, and the S-T method [25].
There exist some limitations of the traditional determin-

ation method for thermocline. Specifically, the vertical
gradient method will cause the discontinuity between the
two critical points of shallow water (less than 200 m in
depth) and deep water (over 200 m in depth). After using
the standard layer data to plot the temperature and depth
curves, it is intuitive to determine the depth of the upper
and lower bounds of the thermocline through the max-
imum curvature point method. In the case of insignificant
curvature or multiple thermoclines, this method brings
difficulties to data analysis. The S-T method is mainly ap-
plicable to the deep-water oceanic area, but not suitable
for the areas obviously affected by solar radiation, precipi-
tation, and diluted water. Since only the upper boundary
of thermocline can be determined in the S-T method, this
paper combines the “information entropy method” in ma-
chine learning with the traditional method for more pre-
cise determination [26]. The relevant principles and
computational analysis process of the information entropy
method are presented as below.
Information entropy: an indicator to measure the pur-

ity of the collective samples. Suppose that the proportion
of the first k classes in the dataset is D, and pk (k = 1, 2,
3, …, |y|) is the sample.

Ent Dð Þ ¼ −
Xyj j
k¼1

pk log2pk ð1Þ

The entropy values increase as the uncertainty of the
variables increases.
Information gain: the higher the information gain, the

higher the purity acquired by performing the division
through the attribute “a.”
The calculation process in the information entropy

method is shown as follows.

1. Select nsamples attributes, then xijis the value of the ith
sample’s the jth attribute (i= 1, 2,…, n; j= 1, 2,…, m).
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2. Normalize the index and make the homogeneity
data a homogeneity.

Let

xij ¼ xij
�� �� ð2Þ

xij ¼
xij− min xij;…; xnj

� �
max x1 j; jxnj

n o
− min xij;…; xnj

� � ð3Þ

thenxijshall be the value of the ith sample’s jth attribute
(i = 1, …, n; j = 1, …, m).

3. Calculate the proportion of the ith sample in jth
attribute.

pij ¼
xijPn
i¼1xij

i ¼ 1;…; n; j ¼ 1;…;mð Þ ð4Þ

4. Calculate the entropy value of the jth attribute.

e j ¼ −k
Xn
i¼1

pij ln pij
� �

ð5Þ

k ¼ 1
ln nð Þ > 0 e j≥0 ð6Þ

5. Calculate the information gain.

d j ¼ 1−e j ð7Þ

6. Calculate the weights of each index.

wj ¼ d jPm
j¼1d j

ð8Þ

7. Calculate the comprehensive score of each sample.

si ¼
Xm
j¼1

wj � pij ð9Þ

Where s is the comprehensive score of each sample
when it comes to form a thermocline; w is the important
degree of each attribute for the formation of thermocline.
As the “information entropy method” combined with

the traditional method can cover the shortage of only
considering the strength, the thermocline can be more
comprehensively and accurately determined, and then
the lateral boundary of the three-dimensional thermo-
cline can be determined.

3.2 SVR algorithm and prediction evaluation
3.2.1 Principles of support vector regression
We take the BOA Argo observational data as the train-
ing samples, and then train the model. Among the sam-
ples with the form of {(x1, z1),…, (xk, zl)}, xi ∈ R

n is the
characteristic vector, and zi ∈ R

1 is the target output.
Considering that C > 0 and ε > 0, the standard form of
support vector regression is represented as:

min
w;b;ξ;ξ�

1
2
wTwþ C

Xl
i¼1

ξ i þ C
Xl
i¼1

ξ�i ð10Þ

subject to wTϕ(xi) + b − zi ≤ ε + ξi,

zi−wTϕ xið Þ−b≤εþ ξ�i ;

ξ i; ξ
�
i ≥0 ; i ¼ 1;…; l

Get the dual problem of SVR:

min
α;α�

1
2

α−α�ð ÞTQ α−α�ð Þ þ ε
Xl
i¼1

αi þ α�i
� �þXl

i¼1

zi αi−α�i
� �

ð11Þ
subject to eT(α − α∗) = 0 (1)

0≤αi; α�i ≤C; i ¼ 1;…; l

After solving problem (1), the approximate function of
SVR is

f xð Þ ¼
Xl
i¼1

−xi þ x�i
� �

K xi; xð Þ þ b ð12Þ

Qij = K(xi, xj) ≡ ϕ(xi)
Tϕ(xj) is the kernel function.

The selection for the kernel function affects the accur-
acy of SVR prediction significantly, and the BRF kernel
function is relatively common and accurate at present.

κ xi; x j
� � ¼ exp −

xi−x j

		 		2
2σ2

 !
ð13Þ

3.2.2 Model evaluation
The precision, recall, and F1-measure are adopted to evalu-
ate the prediction results of the algorithm, and TP, FP, TN,
and FN in the in the formula are defined as follows.
TP, positive samples predicted as true; FP, positive

samples predicted as false; TN, negative samples pre-
dicted as true; FN, negative samples predicted as false.
In terms of the prediction results, the precision ratio

expresses the quantity of the true samples among all the
positive samples. Among the positive samples, the posi-
tive category is possibly predicted to be positive, and the
negative category is possibly mispredicted to be positive.
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Precision ¼ TP
TP þ FP

ð14Þ

Aiming at the original samples, the recall rate repre-
sents the quantity of the correctly predicted samples
among all the positive samples. Among the positive sam-
ples, the original positive category is probably predicted
to be positive, and the original negative category is prob-
ably mispredicted to be positive.

Recall ¼ TP
TP þ FN

ð15Þ

Regarding the evaluation results, the precision ratio
and the recall rate are expected to be as high as possible.
However, they are contradictory in some cases; for in-
stance, the higher precision ratio is frequently accom-
panied by recall rate. In this circumstance, the
F1-measure can be applied for a balanced assessment.

F1 ¼ 2 � TP
2 � TP þ FP þ TN

ð16Þ

4 Experimental verification and result analysis
In this section, the experimental method is validated,
and the lateral boundary of thermocline is determined
by combining this method with the information entropy
method. The variation trend of the lateral boundary of
thermocline is predicted as well. The experiment adopts
Ubuntu Linux 16.04, Python 3.6, scikit-learn 1.9.2 as ex-
perimental test platform.

4.1 Data selection
This paper utilizes the data from the Global Ocean Argo
Gridded Dataset (BOA Argo) in the period of 2004–
2016. The global marine temperature data (79.5°S–79.5°
N, 180°W–180°E) from January 2004 to December 2016

is selected from China Argo real-time data center
(http://www.argo.org.cn/). A large number of experi-
mental results demonstrate that the thermocline exists
in the seawater with a depth less than 500 m. Hence, we
choose the thermocline in shallow seawater with a depth
less than 500 m for analysis. Specifically, this paper se-
lects the sea area (10°–25° S and 55°–80° E) for study
[27], which is illustrated in the gridded area in Fig. 2.

4.2 Method validation
In order to predict the future trend of the three-
dimensional thermocline’s lateral boundary, this paper
adopts the SVR method in machine learning on the basis
of the original data from 2004 to 2015 to conduct a pre-
diction of 2016. Meanwhile, the precision, recall, and
F1-measure are used to evaluate the results of the algo-
rithm as shown in Table 1.
As seen from the above table, the accuracy rate can

reach above 0.5, especially in the winter and summer

Fig. 2 The study area of thermocline

Table 1 The evaluation for prediction results

Year-Mon Tp Ture Predict Precision Recall F1

1601 122 200 156 0.61 0.782051282 0.685393258

1602 124 167 142 0.74251497 0.873239437 0.802588997

1603 54 132 71 0.409090909 0.76056338 0.532019704

1604 54 153 65 0.352941176 0.830769231 0.495412844

1605 39 127 42 0.307086614 0.928571429 0.461538462

1606 66 117 84 0.564102564 0.785714286 0.656716418

1607 81 122 110 0.663934426 0.736363636 0.698275862

1608 87 165 107 0.527272727 0.813084112 0.639705882

1609 81 159 98 0.509433962 0.826530612 0.630350195

1610 95 176 118 0.539772727 0.805084746 0.646258503

1611 133 215 159 0.618604651 0.836477987 0.711229947

1612 121 208 134 0.581730769 0.902985075 0.707602339
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when the thermocline appears obvious, and both the re-
call rate and F1 value obtain higher results. Therefore, it
can be concluded that the SVR method used in this
paper can accurately predict the variation trend of ther-
mocline’s lateral boundary.

4.3 Data preprocessing
4.3.1 Data refinement
The high-resolution marine temperature and depth data for
more accurate thermocline determination and trend predic-
tion, but the fitness of the gridded data from BOA Argo is
far below our requirements at present. This paper uses the
SVR method to refine the BOA Argo data to eventually ob-
tain high-resolution data of 0.01° × 0.01° × 5 m.

When adopting the SVR method for data refinement,
the correct values should be set. As the values differ in
the longitude, latitude, and depth, we need to refine the
longitude, latitude, and depth data separately through
the process displayed in Fig. 3.
According to the above process, the high-resolution

oceanographic data can be acquired in the SVR method.
Taking the February 2016 data with obvious temperature
changes as an example, the temperature distribution in
the study area under real data is compared with that
under the high-resolution data as shown in Fig. 4.
Figure 4 demonstrates the temperature distribution of

the real data on the left and the temperature distribution
of the high-resolution data on the right. The overall trend
of the temperature distribution under the real data consists
with that under the high-resolution data, but the
temperature distribution under the high-resolution data is
more refined. Specifically, the regional boundary of
temperature change is more obvious, the area with the
temperature jump in the upper right part of the figure
shows more prominent temperature gradients, and the ex-
cessive change of boundary temperature is more precise.
In this condition, the high-resolution data after refinement
with a great research value is easier to observe and analyze.

4.3.2 Determination of thermocline
The thermocline can be more accurately determined by
the high-resolution data after refinement, and we intro-
duce a concept of temperature strength to judge the
thermocline [28].

l ¼ tnþ1−tn−1
dnþ1−dn−1

n ¼ 2; 3; 4;… ð17Þ

Where l is the temperature strength, t is the
temperature, d is the depth, and n is the layer number.

Fig. 3 The flow diagram of high-resolution data refinement

Fig. 4 The comparison of the temperature distribution in the study area under the real data and high-resolution data
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It is assumed that the thermocline does not exist on
the surface, and the test results are supposed not to be
affected irrespective of the first layer.
According to Jiang’s research, the possible coexistence

of the thermocline and reverse thermocline is observed,
so the temperature strength can be positive or negative.
To simplify calculation, here we make

l ¼ lj j > 0 ð18Þ

Considering the judgment criteria of temperature
strength, “l > 0.2” samples are filtered and written into
the data.txt file, which would be utilized for merging and
selecting thermoclines.
Based on these factors combined with the high-resolution

data, the existence of a thermocline in the area can be

accurately judged. Then, the position of the thermocline’s
lateral boundary can be accurately determined according
to the determination of the critical position of thermocline
and non-thermocline area.

4.4 Trend prediction for the lateral boundary of thermocline
As the effectiveness of the SVR method in ocean data pre-
diction is verified by the analysis above, the
high-resolution data is obtained after refinement, and a
method for determining the boundary of the thermocline
is provided. Combining the existing BOA Argo data from
2004 to 2015, the 4-year trend prediction for the lateral
boundary of the thermocline is conducted through the
SVR method from 2016 to 2019. The temperature distri-
bution of the real data, high-resolution, and the prediction
results are compared in Fig. 5. In addition, the

Fig. 5 Comparison for temperature distribution of real data, high-resolution data, and prediction results on February 2016

Fig. 6 Comparison for temperature variation curves of real data, high-resolution data, and prediction results on February 2016
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temperature variation curves of the real data, refined data,
and prediction results at a chosen area (57.5°E, 16.5°S) are
compared as well in Fig. 6.
It can be known from Fig. 5 that the temperature dis-

tribution predicted by the SVR method is very similar to
that under the high-resolution data, which is consistent
with the overall temperature distribution trend of the
real data. The temperature gradient boundary and distri-
bution can be accurately obtained from the prediction
results, which show that the use of SVR method is ef-
fective for forecasting the temperature boundary accur-
ately in the horizontal direction. In Fig. 6, the trend of
temperature changing curves for the real data,
high-resolution data, and prediction results are basically
the same, and the predictive temperature value is slightly
lower than the true value merely in the condition of the
shallow seawater. Therefore, it is reckoned that the
temperature prediction results with high precision can

be obtained through the SVR method in the depth direc-
tion. By comparing the temperature distribution in the
horizontal direction and the temperature variation curve
in the depth direction, it can be seen that the SVR
method can be used to predict the ocean temperature
variation, and then predict the variation trend of the
three-dimensional thermocline’s lateral boundary.
Based on the contrastive analysis of the temperature dis-

tribution in 2016, the paper predicts the temperature dis-
tribution in this area from 2017 to 2019, and still takes the
February with the obvious change of thermocline as an ex-
ample. The prediction results are shown in Fig. 7.
Figure 7 reveals the variation trends of the lateral

boundary of the thermocline have no great difference
from 2016 to 2019, and the temperature near the equa-
tor is obviously higher than that away from the equator
as a whole. The highest temperature appeared at ap-
proximately 10°–15° South and longitude 70°–80° East,

Fig. 7 Prediction of changes in the thermocline boundary in 2016 (a), 2017 (b), 2018 (c) and 2019 (d)
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and the lowest temperature appeared at approximately
20°–22.5° South and longitude 75°–80° East. In this sea
area, the maximum temperature reaches 29 °C in 2018,
and the maximum temperature of 2019 is 28.7 °C, which
is basically the same as that of 2016 and 2017. From
2016 to 2019, the range of high-temperature areas shows
a decreasing trend, and the temperature gradient of the
upper right part of the figure also decreases. Accord-
ingly, it is obvious from the prediction results that the
temperature change varies with the year, which can pro-
vide a reference for further research on the factors af-
fecting the temperature change.

5 Conclusions
In this paper, the SVR method in machine learning is ap-
plied to predict the variation trend of three-dimensional
thermocline’s lateral boundary in the study area (10°–25° S
and 55°–80° E). In this condition, the paper first utilizes
the original temperature and depth data of the ocean to
make a prediction of 2016 with SVR method, and com-
pares them with the real data of 2016 in order to verify
the feasibility of the SVR method. Based on the SVR
method, the temperature and depth data of the sea area
are then processed with high-resolution data (horizontal
resolution of 0.01° and vertical resolution of 5 m). The
changes in the high-resolution temperature distribution of
refinement results are easier for observation and analysis.
Finally, the “information entropy method” in machine
learning is combined with the traditional judgment
method to determine the lateral boundary of thermocline
in this paper. Meanwhile, the SVR model is adopted to
analyze the variation trend of three-dimensional thermo-
cline’s lateral boundary from 2017 to 2019. The results
show that the use of SVR method can realize the variation
trend prediction for three-dimensional thermocline.
With regard to ocean data refinement in the future, the

SVR method are adopted to refine the temperature, salin-
ity, and depth data at a higher resolution, and the amount
of refined data will grow exponentially. In the research of
thermocline judgment, we study the three-dimensional
boundary of thermocline so as to judge the three-
dimensional “temperature jump body” more accurately
and plan to propose the concept of three-dimensional
“temperature jump body.” The study of three-dimensional
“temperature jump body” will provide a more precise
thermocline location for marine fishing ground distribution
and acoustic communication research. In terms of the
thermocline prediction, we will further consider the exter-
nal environmental factors, climate change, anthropogenic
effects, and other conditions simultaneously, to obtain
more accurate prediction results for thermocline.
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