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Abstract: Estimating the ocean subsurface thermal structure (OSTS) based on multisource sea surface
data in the western Pacific Ocean is of great significance for studying ocean dynamics and El Niño
phenomenon, but it is challenging to accurately estimate the OSTS from sea surface parameters
in the area. This paper proposed an improved neural network model to estimate the OSTS from
0–2000 m from multisource sea surface data including sea surface temperature (SST), sea surface
salinity (SSS), sea surface height (SSH), and sea surface wind (SSW). In the model experiment, the
rasterized monthly average data from 2005–2015 and 2016 were selected as the training and testing
set, respectively. The results showed that the sea surface parameters selected in the paper had
a positive effect on the estimation process, and the average RMSE value of the ocean subsurface
temperature (OST) estimated by the proposed model was 0.55 ◦C. Moreover, there were pronounced
seasonal variation signals in the upper layers (the upper 200 m), however, this signal gradually
diminished with increasing depth. Compared with known estimation models such as the random
forest (RF), the multiple linear regression (MLR), and the extreme gradient boosting (XGBoost), the
proposed model outperformed these models under the data conditions of the paper. This research
can provide an advanced artificial intelligence technique for estimating subsurface thermohaline
structure in major sea areas.

Keywords: ocean subsurface temperature; multisource sea surface data; neural network model;
western Pacific Ocean

1. Introduction

About 93% of the energy of global warming is stored in the oceans, where heat changes
and redistribution in the subsurface and deep ocean (300–2000 m) play an important role
in the global warming process [1–4]. In addition, dynamic processes within the ocean are
very complex, and many important physical oceanic phenomena and dynamic processes
exist in a certain depth range below the surface [5]. Therefore, the thermal structure of
the ocean subsurface is crucial for the study of the mechanisms and dynamic processes of
internal ocean phenomena.

Current satellite remote sensing is one of the effective ways to detect the ocean
environment on a large scale and long time series, and it has been widely used in the field
of marine scientific research [6]. However, the observations can only obtain the information
of ocean surface and are unable to directly detect information inside the ocean. Compared
with remote sensing observations, ocean-based in situ observation data, while precise,
are distributed unevenly and discontinuously in time and space, and cannot meet the
requirements for the study of internal ocean dynamic processes [7,8]. Therefore, combining
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remote sensing data with multi-disciplinary ocean observational data to estimate the ocean
subsurface thermal structure (OSTS) is a meaningful and important topic [6].

2. Related Work

Many scholars have continuously been trying to estimate the OSTS based on different
observation data and numerical models from sea surface parameters [9–12]. In the early
stage of this study, the OSTS was mainly evaluated with individual sea surface parameter.
For example, Wunsch et al. and Kao obtained the ocean subsurface thermal structure based
on a dynamical model with in situ observations [9,10]. Khedouri and Fiedler et al. inves-
tigated the purely statistical relationship between the sea surface temperature (SST) and
ocean subsurface temperature (OST) profiles [11,12]. Chu et al. constructed a parametric
model based on the stratified structure analysis of observed temperature profiles, using the
model to obtain the SST from satellite data to estimate the relationship between subsurface
parameters such as the OST, mixed layer depth (MLD), and temperature gradient in the
thermocline [13–16]. With development of the research, a variety of sea surface parameters
were used to reconstruct the OSTS. For example, Willis et al. estimated stereo height,
thermal storage, and subsurface temperature variability from measured data combined
with large-scale profile data [17]. Jeong et al. used multivariate satellite remote sensing data
to reconstruct the 3D ocean thermal structure through the use of multiple linear regression
(MLR) models and analyzed the change of the MLD during the global warming inter-
val [18]. However, the previous studies based on numerical models are complicated and
time-consuming. If appropriate algorithms are used, a combination of multi-disciplinary
ocean observational data can be applied to directly and accurately estimate the subsurface
dynamic fields [5].

In recent years, with the development of remote sensing data, model simulation data,
and Argo datasets, multisource sea surface data with a high level of quality have become
more and more abundant. Artificial intelligence applications in the oceanography field
have been widely studied [19,20]. In particular, machine learning methods based on various
sea surface parameters have been used to reconstruct the OST with many outstanding
results [6,21–24]. Ali et al. used neural networks to estimate the internal thermal structure
of the ocean by using the SST, sea surface height (SSH), wind stress, net radiation flux, and
heat flux data from the Arabian Sea mooring system [21]. Su et al. used classical machine
learning methods such as the random forest (RF), the support vector regression (SVR),
and other artificial intelligence methods to estimate global ocean subsurface temperature
anomalies (STAs) based on multisource satellite observations [22–24]. Recently, Su et al.
also estimated the global ocean subsurface temperature and salt anomalies using the
extreme gradient boosting (XGBoost) model by combining sea surface remote sensing data
and Argo buoy observations [6]. There have been other valuable studies on the ocean’s
interior that have employed multisource observations [19,20,25].

Most of the existing studies are oriented to the global ocean and cannot accurately
describe the variation pattern of a local ocean area. In particular, there are few researches
on the estimation models for major ocean areas with complex dynamic processes [22–24].
Moreover, most of the previous models are traditional machine learning models based on a
few sea surface parameters to estimate the subsurface information. Thus, the estimation
models themselves and their accuracy and reliability still show much room for improve-
ment [24]. Based on the above observations, in this paper, we selected the western Pacific
Ocean, where complex oceanic variability exists, as the research object, and proposed a
novel artificial neural network (ANN) model to estimate the subsurface three-dimensional
temperature structure of this area using the SST, SSH, sea surface wind (SSW), and sea sur-
face salinity (SSS) as input variables. We extended the reconstruction space of the model to
2000 m below the sea surface (the maximum depth of Argo observation data). To improve
the estimated OST, a series of experiments were conducted for the parameter selection and
network architecture in this paper. The model was further compared with the MLR, RF,
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and XGBoost to evaluate the accuracy and reliability of the proposed model. Finally, we
quantitatively analyzed the effects of sea surface parameters on the estimation models.

3. Motivation

The strongest El Niño in the past 60 years occurred in the central and eastern Pacific
Ocean with a Nino 3.4 index of 3.1, having a significant impact on the global climate [26,27].
As the research progresses, the study of El Niño has been gradually extended to the western
Pacific region. The tropical western Pacific Ocean is the region with the highest global sea
surface temperature and is the largest global heat source. Many scholars found that the
SST in the western Pacific Ocean is closely related to the El Niño phenomenon occurring in
the central and eastern Pacific Ocean [28–31], and the important role of the SST variability
in the tropical western Pacific Ocean was emphasized in the El Niño-Southern Oscillation
(ENSO) cycle mechanism [32,33]. In addition, the peak of ENSO-related SST anomalies in
the western Pacific usually lags behind the peak in the central tropical Pacific by one to two
seasons, a phenomenon that is closely linked with the frequent occurrence of droughts and
floods in East Asia in recent decades [34,35]. Cao et al. found that the abrupt variability of
the East Asian summer winds were clearly influenced by the ENSO phenomenon in this
ocean, on an interannual scale [36]. Therefore, the SST variability in the western Pacific
Ocean is important for studying the ENSO cycle mechanism, East Asian drought and flood
disasters, and East Asian summer wind variability.

4. Methods
4.1. Data

In this study, the SST, SSS, SSH, SSW u, and SSW v components (UW and VW,
respectively) are used to estimate the OST in this paper. Among them, the SST and SSS are
from the Argo monthly gridded data provided by the International Pacific Research Center
(IPRC) from January 2005 to December 2016 (http://apdrc.soest.hawaii.edu/projects/
Argo/data/gridded/On_standard_levels/index-1.html accessed on 2 March 2021). The
Argo data had a spatial resolution of 1◦ and contained 27 vertical standard levels of the
ocean interior (from the surface to a depth of 2000 m). The SSH gridded dataset at 0.25◦

resolution was published by Aviso with the support of the National Space University
Center (http://www.aviso.altimetry.fr/en/data/products/sea-surface-height-products/
global/ accessed on 2 March 2021). The UW and VW components are derived from the
Ocean Reanalysis System 4 (ORAS4) product provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF) from January 2005 to December 2016, which is built on
the Nucleus for the European Modeling of the Ocean (NEMO) model using the Variable
Fraction Data Assimilation System, designed to provide reliable data for data analysis of
the global ocean [37–41] (http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_
3512_a2e8_e3ce.html, http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_e1
8a_18c8_bdcb.html accessed on 2 March 2021).

We use interpolation to unify these data with a resolution of 0.1◦. If any variable was
null at the same position this node was deleted. The number of valid data nodes for each
month after processing was about 300,000 and there were 144 months of data from 2005
to 2016. The data from 2005 to 2015 were used as the training set and the 2016 data as
the testing set. In order to equally weight all variables, all data were normalized before
being inputted to each model. Table 1 summarizes all input variable data sources used in
this study.

Table 1. Data Summary.

Data Dimension Usage Data Source

SST, SSS 300,000 × 144 month Training and Testing NN Argo
SSH 300,000 × 144 month Training and Testing NN Aviso

UW, VW 300,000 × 144 month Training and Testing NN ORAS4

http://apdrc.soest.hawaii.edu/projects/Argo/data/gridded/On_standard_levels/index-1.html
http://apdrc.soest.hawaii.edu/projects/Argo/data/gridded/On_standard_levels/index-1.html
http://www.aviso.altimetry.fr/en/data/products/sea-surface-height-products/global/
http://www.aviso.altimetry.fr/en/data/products/sea-surface-height-products/global/
http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_3512_a2e8_e3ce.html
http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_3512_a2e8_e3ce.html
http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_e18a_18c8_bdcb.html
http://apdrc.soest.hawaii.edu/erddap/griddap/hawaii_soest_e18a_18c8_bdcb.html
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4.2. Artificial Neural Network

In order to estimate the OST, we established an ANN model consisting of an input
layer, an output layer, a first hidden layer with 30 neurons, and a second hidden layer with
20 neurons. The activation function of the neurons in the hidden layer is the Relu function.
Compared with the Sigmoid function as the activation function [42], the Relu function
is more consistent with the biological neural activation mechanism without complex
exponential operations. The Relu function has the advantages of low computational cost
and fast convergence, and can avoid gradient explosion and disappearance problems.

In determining the number of neurons and hidden layers, we used a grid search
strategy to determine the optimal structure of the ANN. We tested various structures
of neural networks with increasing numbers of neurons from 5 to 30 (each increase of
5) and hidden layers from 1 to 4 layers. A severe overfitting problem was found when
the number of hidden layers reached three, while the loos value decreases significantly
without overfitting if the number of hidden layers increased from one to two. Based on
these analyses, we chose a neural network structure with 30 neurons in the first hidden
layer and 20 neurons in the second hidden layer. In addition, to avoid the overfitting of the
ANN during the training process, we used the L2 regularization algorithm to perform the
training process. Compared with traditional neural network methods, L2 regularization
is more suitable for fitting complex nonlinear regression functions and does not require a
cross-validation process to ensure generalizability [43], which is why we did not determine
the validation set during the training process.

4.3. Experimental Step

In this paper, we fused sea surface parameters from multisource observations (i.e., the
SSS, SSH, SST, UW, and VW) to estimate the subsurface thermal structure in the western
Pacific Ocean via the ANN model. The flow chart of the estimated OST at different depth
levels is shown in Figure 1. The experiment was divided into three stages. The first
stage was the establishment of training and testing sets. The five sea surface parameters
were used as independent input variables of the ANN model, and the ocean subsurface
temperature observed by Argo was used as the training and testing labels. These sets were
divided by month, and the data from 2005 to 2015 were used as the training set and the
2016 data were used as the testing set. The second stage involved the training of the ANN
model. The grid search strategy was used to tune the hyper-parameters of the model and
the estimation model with optimal parameters was established. The third stage was the
estimation of the OST based on the model. To analyze the effects of different combinations
of sea surface parameters on the OST, the five experiments (Cases 1–5) including different
input variables were designed, as shown in Table 2. To compare the performance of the
ANN model with some popular machine learning models, the XGBoost model [6], the
MLR model [18], and the RF model [24] were respectively used in Case XG, Case LR, and
Case RF, as also shown in Table 2. The accuracy and reliability of the model were evaluated
by the RMSE and determination coefficient (R2).
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Figure 1. The flow chart of the estimated OST in the western Pacific Ocean.

Table 2. Design of experiments.

Case Training Variables Training Models

Case 1 SST OST = NN (SST)
Case 2 SST, SSS OST = NN (SST, SSS)
Case 3 SST, SSS, UW, VW OST = NN (SST, SSS, UW, VW)
Case 4 SST, SSS, SSH OST = NN (SST, SSS, SSH)
Case 5 SST, SSS, SSH, UW, VW OST = NN (SST, SSS, SSH, UW, VW)

Case XG SST, SSS, SSH, UW, VW OST = XG (SST, SSS, SSH, UW, VW)
Case LR SST, SSS, SSH, UW, VW OST = LR (SST, SSS, SSH, UW, VW)
Case RF SST, SSS, SSH, UW, VW OST = RF (SST, SSS, SSH, UW, VW)

5. Results and Discussion
5.1. Results of the Estimated OST for Different Cases

As an example of the application of the ANN model, Figure 2 shows the spatial distri-
bution of the Argo-derived and ANN-estimated OST for Case 1 and Case 5 in November
2016 at several depth levels (50 m, 100 m, and 200 m). The RMSE values of Case 1 to Case 5
at 50 m, 100 m, and 200 m depths are shown in Table 3. From Figure 2 and Table 3, it can be
seen that the error of Case 1 increases sharply with the depth. This indicates that although
the ANN model can effectively capture the temperature in the shallow sea area [42], there
is a huge error in the estimation effect of the model relying only on the SST in the sea area
where complex physical ocean motion exists. For example, in Case 1, the signals of the
low-temperature sea area and warm pool at 100 m and 200 m depths are much weaker
than those observed by Argo, or even disappear. As shown in Table 3, the RMSE values
of Case 5 at 50 m, 100 m, and 200 m were about 0.34, 0.59, and 0.59 ◦C, respectively. The
comparison between the Argo-observed OST and Case 5 also showed that there were only
some minor differences between them. In addition, with the increase of depth, the change
of RMSE tended to be gentle. From 500 m to 2000 m, the average RMSE of Case 1 to Case 5
was 0.97, 0.96, 0.75, 0.94, and 0.68 ◦C. On the whole, the accuracy of the ANN model still
needs to be improved in the warm pool and the highest temperature area of the western
Pacific Ocean near the equator.
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Figure 2. The OST (unit: ◦C) for November 2016 of (left) Argo data, (middle) Case 1, and (right) Case 5 at different depths.
From top to bottom: 50 m, 100 m, and 200 m.

Table 3. The RMSE values of Case 1 to Case 5 at 50 m, 100 m, and 200 m depths.

Case Training Variables
Training RMSE (◦C) Testing RMSE (◦C)

Depth 50 m Depth 100 m Depth 200 m Depth 50 m Depth 100 m Depth 200 m

Case 1 SST 0.420 1.036 1.306 0.482 1.053 1.234

Case 2 SST, SSS 0.412 0.873 0.943 0.491 1.009 0.835

Case 3 SST, SSS, UW, UW 0.384 0.785 0.677 0.484 0.661 0.753

Case 4 SST, SSS, SSH 0.373 0.694 0.873 0.467 0.888 0.934

Case 5 SST, SSS, SSH, UW,
UW 0.348 0.627 0.634 0.341 0.594 0.592

In Table 4, the average RMSE of the estimated OST at 26 depths for different cases
are summarized. Among all the cases, Case 5 presented the smallest RMSE (across all
depths, 0.55 ◦C) and could improve the RMSE up to 31% in comparison to Case 1. Namely,
the estimation accuracy of the model keeps improving and there is no redundancy in
the input variables. It can be seen that the ANN estimation model in Case 5 can more
accurately fit the nonlinear relationship between the input and output variables in the
western Pacific Ocean.

Table 4. Performance of the estimated OST vertical structure at 26 depths for each Case.

Case Training Models Training RMSE (◦C) Testing RMSE (◦C)

Case 1 OST = NN (SST) 0.980 0.792
Case 2 OST = NN (SST, SSS) 0.846 0.727
Case 3 OST = NN (SST, SSS, UW, VW) 0.634 0.582
Case 4 OST = NN (SST, SSS, SSH) 0.784 0.687
Case 5 OST = NN (SST, SSS, SSH, UW, VW) 0.531 0.545

Case XG OST = XG (SST, SSS, SSH, UW, VW) 0.658 0.672
Case LR OST = LR (SST, SSS, SSH, UW, VW) 0.685 0.703
Case RF OST = RF (SST, SSS, SSH, UW, VW) 0.731 0.745
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5.2. Accuracy Comparison of Different Models

The proposed ANN model (Case 5) was compared with several popular machine
learning models including the XGBoost [6] (Case XG), the MLR [18] (Case LR), and the
RF [24] (Case RF). The parameter values of each estimation model are shown in Table 5.

Table 5. Parameter values of different estimation models.

Estimation Models Parameter Values

XGBoost eta = 0.02, min_child_weight = 2.0, max_depth = 5, subsample = 0.8
MLR fit_intercept = true, normalize = false, copy_X = true, n_jobs = none

RF n_estimators = 60, max_depth = 9, max_features = 5,
min_samples_split = 120, min_samples_leaf = 20, random_state = 10

ANN Number of neural network layers = 2, number of neurons per
layer = 30, learning rate = 0.01, loss function = MSE

Figure 3 presents a comparison between the Argo-observed and estimated OST of
different models at 50 m, 100 m, and 200 m in November 2016, respectively. Compared
with the ANN model, the other three models have larger RMSE regardless of the depth,
which is due to the fact that these models are good at capturing smooth, linear dynamic
processes in the ocean’s interior. However, there are many nonlinear dynamic processes
in the western Pacific Ocean due to the smaller Koch parameter and the faster response
of the tropical ocean to atmospheric anomalies in this region [44], which leads to the low
estimation accuracy of these models.
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Table 4 also shows the average RMSE of the estimated OST at 26 depths for Case 5,
Case RF, Case XG, and Case LR. Compared with the other cases, the average RMSE of Case
5 was reduced by 0.13, 0.16, and 0.20 ◦C, respectively. From Figure 3, it can also be found
that the ANN model outperforms the other models with increasing depth. In particular,
there was a large difference between the RF and XG-Boost models in the low-temperature
sea areas of 175◦ W~165◦ W and 7◦ N~15◦ N, while the MLR model was almost unable to
estimate the OST in the low-temperature sea area. In addition, all four estimation models
have the problem that they cannot accurately estimate the core region of the warm pool,
i.e., the maximum temperature of the warm pool estimated by the models is lower than
that observed by Argo. This suggests that there may be nonlinear physical ocean motion in
the warm pool that cannot be captured by the estimation model. However, by comparison,
the proposed ANN model has better estimation accuracy and reliability.

In addition, we also compare the R2 distributions for all different models, as shown in
Figure 4. The RF and XG-Boost models have low R2 values near the low-temperature sea
areas, implying that these models also cannot accurately estimate the OST in these areas.
The R2 values of the MLR model is also lower in the sea area from 10◦ S to 20◦ S, implying
that the MLR model cannot capture the nonlinear physical ocean motion in this region.
Overall, the ANN model has better performance than the other models in the ocean region.
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5.3. Comparison of Time Series Results

In Sections 5.1 and 5.2, data for one specific month was used to evaluate the perfor-
mance of the model. Next, in order to compare the estimation effectiveness of the four
estimation models with temporal and spatial variations, we implemented these models at
different depth levels in the four seasons and 12 months of 2016, respectively. The average
RMSE of the OST at 26 different depths (0–2000 m) within the western Pacific Ocean in the
four seasons are shown in Figure 5. As shown in Figure 5, the average RMSE of the OST
estimated by the ANN model was about 0.73, 0.66, 0.64, and 0.56 ◦C for spring, summer,
autumn, and winter, respectively, implying that these values were lower than those of the
other three models regardless of the season. The results showed that at seasonal time scales,
the proposed ANN model can better estimate the OST in the western Pacific Ocean, where
the physical ocean phenomena are complex.



Mathematics 2021, 9, 852 9 of 14

Mathematics 2021, 9, x FOR PEER REVIEW 9 of 14 
 

 

The RMSE of the OST estimated by the ANN, MLR, XG-Boost, and RF at 50 m and 
200 m depths for all months of 2016 in the western Pacific Ocean are given in Figure 6. 
Compared with the XG-Boost, MLR, and RF models, the average RMSE values at 50 m 
were reduced by 0.05, 0.06, and 0.09 °C, respectively. The advantage of the ANN model 
was gradually obvious with increasing depth, and the average RMSE values at 200 m 
were reduced by 0.04, 0.13, and 0.12 °C, respectively. The results showed that the accu-
racy of the ANN model was relatively high for all months of 2016, suggesting that the 
proposed ANN model has a good seasonal applicability to the OST estimations. 

 
Figure 5. The average RMSE of the OST estimated by four different models for four seasons at 26 
depth levels in 2016. 

 
Figure 6. The RMSE of each case at 50 m (solid line) and 200 m (dashed line) depth. 

5.4. Evaluation on Effect of Specific Sea Areas 
To explore the estimation performance of the ANN model for some specific sea areas 

in the western Pacific Ocean, such as the warm pool and the low-temperature sea area, 
Figure 7 shows the distribution of the Argo-observed and estimated OST profiles at 100 
m and 1000 m for these areas and the whole sea region in November 2016. At 100 m and 
1000 m, the RMSE values were 0.46 °C and 0.58 °C for the warm pool and 0.41 °C and 0.51 
°C for the low-temperature sea area, respectively, implying that the ANN estimation 
model has better results in the low-temperature sea areas in comparison with the warm 
pool. In the warm pool, the relatively accurate trend of the OST cannot be obtained by 
using the ANN model at 100 m, and the estimated OST values are significantly smaller 
than the Argo-observed OST. In addition, it can be seen from the results that the estima-
tion accuracy of the model decreases with the depth, which should be related to the re-
duced correlation between the temperature in the ocean depths and the sea surface pa-
rameters. 

Figure 5. The average RMSE of the OST estimated by four different models for four seasons at 26
depth levels in 2016.

The RMSE of the OST estimated by the ANN, MLR, XG-Boost, and RF at 50 m and
200 m depths for all months of 2016 in the western Pacific Ocean are given in Figure 6.
Compared with the XG-Boost, MLR, and RF models, the average RMSE values at 50 m
were reduced by 0.05, 0.06, and 0.09 ◦C, respectively. The advantage of the ANN model
was gradually obvious with increasing depth, and the average RMSE values at 200 m were
reduced by 0.04, 0.13, and 0.12 ◦C, respectively. The results showed that the accuracy of the
ANN model was relatively high for all months of 2016, suggesting that the proposed ANN
model has a good seasonal applicability to the OST estimations.
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5.4. Evaluation on Effect of Specific Sea Areas

To explore the estimation performance of the ANN model for some specific sea areas
in the western Pacific Ocean, such as the warm pool and the low-temperature sea area,
Figure 7 shows the distribution of the Argo-observed and estimated OST profiles at 100 m
and 1000 m for these areas and the whole sea region in November 2016. At 100 m and
1000 m, the RMSE values were 0.46 ◦C and 0.58 ◦C for the warm pool and 0.41 ◦C and
0.51 ◦C for the low-temperature sea area, respectively, implying that the ANN estimation
model has better results in the low-temperature sea areas in comparison with the warm
pool. In the warm pool, the relatively accurate trend of the OST cannot be obtained by
using the ANN model at 100 m, and the estimated OST values are significantly smaller
than the Argo-observed OST. In addition, it can be seen from the results that the estimation
accuracy of the model decreases with the depth, which should be related to the reduced
correlation between the temperature in the ocean depths and the sea surface parameters.
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5.5. Correlation Analysis between the OST and Sea Surface Parameters

The previous analysis shows that the estimation effectiveness of the ANN model is
closely related to the input sea surface parameters. However, the existing machine learning
models in this field rarely analyze the effects of the sea surface parameters on the estimation
models. In order to quantitatively analyze the contribution of each sea surface parameter
to the ANN model, we investigated the correlation degree of sea surface parameters such
as the SSS, SSH, SST, UW, and VW with the OST at different depths based on Pearson
correlation coefficients, as shown in Figure 8. It can be seen that the Pearson correlation
coefficient of each sea surface parameter decreases gradually with the depth; this change is
more obvious for SSH, UW, and VW. The OST has a high correlation with the SST and SSH
at 100 m depth, which indicates that the SST and SSH play a key role in the OST estimation
process in shallow levels. As the ocean depth increases, the SSS gradually replaces the SSH
and is the main parameter of the model together with the SST in the deeper levels. These
results are consistent with the conclusion that the change of salinity affects the vertical
transport of ocean heat in the barrier layer, which affects the OST [45–48]. The correlation
analysis between the OST and the sea surface parameters at different depths will help
to understand the influence of the sea surface parameters on the OST and enhance the
estimation effectiveness of the ANN model.
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6. Discussion

Compared to the traditional XG-Boost [6], MLR [18], and RF models [24], the ANN
model had better performance with higher accuracy and reliability. The average RMSE at
different layers (the upper 2000 m) were improved by 0.13, 0.16, and 0.20 ◦C, respectively.
This most likely started because the previous machine learning methods in this field are all
feature selection methods, which only consider the influence of each variable on the OST,
while the ANN model evaluates the OST by fusing the information of multiple variables.
In addition, overfitting could be avoided by using the regularization method and the Relu
function during the training process of the model. As an advanced estimation model, the
ANN model shows superior estimation performance in the western Pacific Ocean, which
can accurately detect both large-scale OST features and mesoscale variability.

In this research, we mainly validated the spatiotemporal applicability of the ANN
model for each month and different seasons in 2016. On the temporal and spatial scales,
there is a large fluctuation of monthly RMSE of the model in the western Pacific shallow
sea. However, the OST of the deep sea is less affected by time, and the estimation effect
tends to be stable in each month. On the spatial scale, the vertical distribution of the RMSE
of the evaluated OST is consistent with the previous research results [40]. The RMSE
values of the model are generally smaller than those of other machine learning models
such as the XG-Boost, MLR, and RF. However, the proposed model cannot completely
capture the nonlinear dynamic signals in the western Pacific Ocean because it is inherently
a linear combination model. In future work, we will redesign the structure of the model
and improve its ability to capture nonlinear characteristics.

Further, the correlation between the OST and sea surface parameters was investigated
(Figure 8) in this paper. The results show that the SST and SSH are highly correlated with
the OST in the shallow levels (e.g., 100 m). The correlation between the SSW components
(UW and VW) and the OST is the lowest among the input variables in the deepest level
(2000 m), implying that the SST, SSH, and SSW play a key role in the OST estimation
process in the western Pacific Ocean shallow levels, and the SSS gradually replaces the SSH
and is the main parameter in the ANN model together with the SST in the deeper levels.
Since the Pearson correlation coefficient can only calculate the linear correlation between
variables, we can further choose different methods to evaluate the nonlinear correlations
between sea surface parameters and the OST in future studies.

7. Conclusions

This research aimed to estimate the ocean subsurface thermal structure from mul-
tisource sea surface parameters in the western Pacific Ocean by establishing a machine
learning model based on an advanced artificial intelligence technique in order to provide a
strong technical support for the study of subsurface thermal variability in some major sea
areas with complex dynamic processes. In this paper, a novel ANN model was proposed
to estimate the OSTS in this area based on the fusion of multi-sourced sea surface data
(SST, SSH, SSS, UW, and VW). The model performance was also quantitatively analyzed
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by mean of the RMSE and R2. The results showed that the ANN model can successfully
retrieve the thermal structure in the area with the RMSE value of 0.55 ◦C for the OST and
the accuracy of the model is higher than that of other recently proposed machine learning
models [6,18,24], implying that the ANN model is better suited to estimate the OST of
this area. In addition, we studied the spatiotemporal applicability of the ANN estimation
model for different seasons and each month in 2016 and analyzed the estimation effects for
the typical sea areas at different depth levels. Finally, we also obtained correlation analysis
between the sea surface parameters and the estimated OST.

Overall, the proposed model has proven effective and reliable for estimating the OST
of the western Pacific Ocean, regardless of the season. The model can be generalized
to reconstruct the subsurface thermohaline structure of the global ocean interior, which
is significant for the study of subsurface thermohaline anomalies and variability from
multisource sea surface parameters during recent global warming. However, the model
cannot completely capture the nonlinear signals in the western Pacific Ocean due to certain
limitations of the traditional ANN model itself. We can further improve the structure and
evaluation accuracy of the model in future work.
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