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A B S T R A C T   

Accurately and effectively estimating of the barrier layer thickness (BLT) is essential for the research of ocean 
thermodynamics, ocean dynamics, and air-sea interaction. Artificial intelligence model provides an effective 
means for accurately estimating BLT from sea surface and gridded Argo data. The present study focuses on the 
application of a hybrid particle swarm optimization-based artificial neural networks model (PSO-ANN) for 
estimating the BLT in the Indian Ocean. The input variables of the hybrid model include sea surface temperature 
(SST), sea surface salinity (SSS), sea surface height (SSH) and precipitation (P), and the output variable is the BLT 
value. Multivariate satellite and gridded Argo data collected from the Indian Ocean between January 2012 and 
December 2019 (i.e., a database consists 239,568 training datasets and 34,224 testing datasets) are provided to 
prepare the training and testing datasets for the model. The parameters of ANN model, such as network 
parameter, network weights, and dropout rates are optimized using the PSO algorithm to achieve the best 
estimation model. R-squared (R2) and root mean square error (RMSE) are used to evaluate the performance of the 
model. Two groups of comparative experiments (Case 1 and Case 2) on the performance of the PSO-ANN model 
demonstrate that the model in Case 2 can better capture the complex features of the BLT in the ocean region. The 
performance of the PSO-ANN model in Case 2 is further compared with the data-driven estimation models such 
as the traditional ANN model and the known multilinear regression model (MRM), as well as the CESM2-WACCM 
dynamic model from CMIP6. The comparison results show that the dynamic model has the worst performance 
among the four models. Moreover, the annual average RMSE value for the PSO-ANN model is 1.83 m, which is 
12% and 84% lower than that of the traditional ANN and MRM, respectively. The R2 value for the model of 0.85 
is improved by 4% and 40% compared to that of two models. Furthermore, three regions with significant sea
sonal fluctuations of the BLT in the Indian Ocean are selected to further evaluate the estimation accuracy of the 
hybrid model in 2019; the Southeast Arabian Sea (SEAS), the Bay of Bengal (BoB), and the Eastern Equatorial 
Indian Ocean (EEIO). As a result, the hybrid model is capable of reflecting seasonal variation trends in these 
regions, but there is room for improvement in the estimation accuracy. In addition, the correlation analysis 
between BLT and sea surface parameters indicates that there exist significant correlations between the BLT and 
SSS, P. The results of this study show that the proposed hybrid model can be used to estimate and analyze BLT in 
certain regions with complex ocean dynamics processes. Moreover, the model can be extended to estimate other 
key ocean parameters and provide effective technical support for studying the internal ocean parameters.   

1. Introduction 

The barrier layer is defined as the layer between the mixed layer and 
the isothermal layer, which is named for its ability to prevent heat and 

momentum exchange between the sea surface and below the isothermal 
layer (Vialard and Delecluse, 1998a,b). Accurately estimating of the 
barrier layer thickness (BLT) is helpful in understand the mechanisms of 
the upper ocean in thermal effects and dynamical action. On the basis of 
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thermodynamics, the barrier layer maintains a vertically uniform tem
perature distribution, while the stable salinity layer inhibits the vertical 
transfer of heat flux from the sea surface to the ocean interior. As a 
result, the heat exchange between the mixed layer and the isothermal 
layer becomes inefficient (Godfrey and Lindstrom, 1989; Lukas and 
Lindstrom, 1987; Vialard and Delecluse, 1998a,b). Thus, accurate esti
mation of BLT contributes to understand the heat exchange mechanism 
in and around the ocean. From the perspective of dynamics, the mo
mentum of wind disturbance is constrained within the mixed layer, 
which limits its vertical transmission. Furthermore, the velocity of 
wind-driven currents increases due to the energy accumulation 
(Roemmich et al., 1994). In addition, the barrier layer plays an impor
tant role in monitoring extreme weather and climate events, which can 
affect local air-sea interactions and further influences climate change in 
some locations and even larger regions, such as El Niño-Southern 
Oscillation (ENSO), Indian Ocean Dipole (IOD) and Tropical 
Intra-Seasonal Oscillations (Drushka et al., 2014). Moreover, the vertical 
distribution of chlorophyll concentration in the upper ocean showed 
significant differences with and without barrier layer (Kawamiya and 
Oschlies, 2001). It can be concluded that accurate and effective esti
mation of BLT is of great significance for predicting climate change, the 
utilization and development of marine resources. 

Due to the significant impact of BLT in the field of oceanography, 
accurate estimation of BLT has always been a critical research topic for 
oceanographers over the past few decades. In the earlier days, limited 
observational data greatly restricted the measurement of BLT. Early 
research mainly explored the temporal variability of BLT on relatively 
short time scales by using conductivity-temperature-depth (CTD) and 
buoy observation data (Cronin and Meghan, 2002; Murty et al., 1996; 
Sprintall and Tomczak, 1992). However, these observational data had 
drawbacks, i.e., the spatiotemporal distribution is uneven and discon
tinuous. With the increase of profile data collection in temperature and 
salinity, gridded Argo data has been widely used in various ocean data 
analyses (de Boyer Montégut et al., 2007; Mignot et al., 2007). The 
seasonal variation and formation mechanism of BLT have become a hot 
topic for oceanographers to study (Bosc et al., 2009; Drushka et al., 
2014; Liu et al., 2009; Qu et al., 2014; Wang and Liu, 2016; Zheng et al., 
2014). In fact, the horizontal resolution of these gridded datasets is not 
sufficient to observe the small to medium scale changes of BLT, therefore 
the accuracy issues caused by this drawback still need to be resolved. 

Due to the difficulty of conducting ocean surveys, the temporal and 
spatial resolution of observational data is not high enough, which limits 
our understanding of ocean mechanisms and internal structure of the 
ocean. To solve such resolution problems, many researchers have tried 
to apply various methods to estimate subsurface temperature and 
salinity from multi-source sea surface data, such as parametric models 
(Chu et al., 2000), dynamical models (Courtois et al., 2017) and statis
tical models (Guinehut et al., 2012). In recent years, artificial intelli
gence methods have also been successfully used to estimate key 
parameters in the ocean interior, such as light gradient boosting ma
chine (LightGBM) (Su et al., 2021), long short-term memory (LSTM) 
model (Zhang et al., 2023), and deep neural network (DNN) model 
(Wang et al., 2023). In particular, as surveying and remote sensing 
technologies develop continuously, satellite remote sensing data are 
becoming more and more abundant, which have become an important 
component of multi-source sea surface data information (Dong et al., 
2011). These data can reveal the structure of many oceanic phenomena, 
such as tropical instability waves and seasonal variations in salt fluxes in 
the Indian Ocean (Nyadjro, 2013; Zheng and Zhang, 2012). Considering 
the advantages of high precision, broad coverage, and strong spatio
temporal continuity of satellite remote sensing data, the feasibility of 
using these data to estimate BLT is studied. 

Previous researches have shown that the limitations of observational 
data and models have resulted in some remaining issues in the estima
tion of internal ocean parameters. For example, traditional statistical 
methods use only one or a few parameters and are lack of accuracy (Su 

et al., 2015), while dynamic simulations require significant computa
tional resources (Su et al., 2019). Moreover, despite their success in the 
ocean field, each artificial intelligence method has its strengths and 
shortcomings (Qi et al., 2023). Therefore, there is still considerable 
room for improvement in the estimation model itself and its accuracy. In 
recent years, it has been shown that hybrid neural network models have 
the advantages of high accuracy and reliability in terms of predictive 
performance compared to most single neural network models (Vahed
doost et al., 2020). In particular, some swarm intelligence algorithms 
have been used to optimize neural network parameters, which effec
tively improves the predictive performance of hybrid models (Elbeltagi 
et al., 2005; Koopialipoor et al., 2019; Moayedi et al., 2019). The par
ticle swarm optimization (PSO), a typical swarm intelligence algorithm, 
has been well known and adopted by its simplicity, high solution qual
ity, and excellent convergence properties (Sahraei and Codur, 2022). 
The research has indicated that the PSO uses less memory and has higher 
learning speed than genetic algorithm (GA), imperialist competition 
algorithm (ICA) in hybrid models (Moayedi et al., 2019). The compar
ative results have also shown that the PSO generally perform better than 
some algorithms such as GA, memetic algorithms (MA), ant-colony 
systems (ACO) and shuffled frog leaping (SFL) in terms of success rate 
and solution quality (Elbeltagi et al., 2005). These achievements are of 
great significance for the development of new BLT estimation models in 
this study. 

Motivated by the aforementioned discussions, the primary objective 
of this study is to investigate ways to address the BLT estimation in a 
typical ocean region with complex ocean dynamics by developing a new 
artificial intelligence method based on sea surface parameter data. 
Another significant objective of this study is to attempt a comprehensive 
analysis of the estimation accuracy and investigate the relationship 
between BLT and various sea surface parameters. To achieve these goals, 
a hybrid model combining PSO algorithm and artificial neural networks 
(PSO-ANN) is proposed using multi-source sea surface satellite remote 
sensing data in the Indian Ocean as a case study. The significant 
contribution is that the findings of this study have implications for 
detecting and tracking the barrier layer in the Indian Ocean and provide 
insights for further scientific understanding of oceanographic processes. 
Moreover, the model used in this study can be extended to numerically 
estimate other subsurface variables in the global ocean. 

This study is arranged as follows. Section 1 presents the overview 
and significance of this study. The literature review related to this study 
is presented in Section 2, such as data sources for BLT, the development 
of traditional BLT estimation and the application of artificial intelligence 
estimation methods in oceanography. Section 3 describes the methods 
used in this study, mainly including the data sources of the study area, 
the extraction and processing of the data, and the setup of the used 
model. The results and analysis of this research are presented in Section 
4. Finally, Section 5 presents the conclusion and outlook of future 
research, and displays the shortcomings and limitations of this study. 

2. Literature review 

Over the past few decades, physical oceanographers have conducted 
numerous observational studies on the spatiotemporal distribution and 
physical influences of BLT in the world’s oceans. Sprintall and Tomczak 
(1992) were pioneers in investigating the global distribution of BLT by 
utilizing temperature and salinity climatological data. They suggested 
that the salinity stratification at the upper level, which gives rise to BLT, 
is produced by monsoon-related rainfall and river runoff in the Indian 
Ocean. These efforts were significant in advancing our understanding of 
the distribution of BLT in the ocean. Subsequently, Tomczak and God
frey (1994), as well as Monterey and Levitus (1997), produced seasonal 
distribution maps of BLT worldwide by using different global ocean 
datasets. Nonetheless, these studies share some common limitations. 
Due to the lack of sufficient observational data, the oceanographic data 
used in these studies underwent processes such as vertical averaging and 
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interpolation of original temperature, salinity, and density profiles. As a 
result, the determination of BLT had great errors. 

In recent years, with the increasing abundance of Argo data, remote 
sensing data and reanalysis data, oceanographers have paid increasing 
attention to estimate the BLT by using multi-source ocean data. New 
methods based on numerical or statistical models have also been pro
posed to estimate the BLT and analyze its changes. By using eddy- 
resolving numerical simulation, Saha et al. (2021) investigated the 
mechanism of the northwest tropical Atlantic barrier layer formation, to 
highlight the relationship between BLT and freshwater distribution. 
Meanwhile, Valsala et al. (2018) explored the interannual variability of 
mixed layer in the Bay of Bengal by using an oceanic thermodynamic 
model, which estimated the seasonal cycle of the BLT in the tropical 
Indian Ocean via coupling mechanisms. In addition, Felton et al. (2015) 
used a multilinear regression model (MRM) to estimate the BLT and 
evaluated the relationship between satellite data and Argo data. They 
also analyzed the seasonal and interannual variations of BLT in the In
dian Ocean. 

In recent times, some advanced artificial intelligence methods have 
been used to estimate internal ocean parameters. Owing to the large- 
scale and spatiotemporal nature of ocean data, new artificial intelli
gence methods can effectively extract the intrinsic relationships be
tween them, which brings new feasibility to the estimation and analysis 
of ocean data (Schott et al., 2009). Su et al. (2021) applied LightGBM 
algorithm to estimate subsurface temperature anomaly (STA) using 
multiple-source satellite observation data. Additionally, some deep 
learning models were employed. For example, Ali et al. (2004) used the 
neural network method to estimate the thermal structure of the sub
surface layer by using parameters such as sea surface temperature (SST), 
sea surface height (SSH), wind stress, net radiation, and net heat flux. 
Pauthenet et al. (2022) presented a Multilayer Perceptron (MLP) method 
that predicted temperature, salinity and mixed layer depth (MLD) from 
the surface satellite data in the Gulf Stream region. Qi et al. (2023) 
estimated the ocean subsurface temperature and salinity in the tropical 
Indian Ocean down to 1000 m using a new convolutional neural 
network (CNN). Zhang et al. (2020) proposed a multilayer convolutional 
long short term memory (M-ConvLSTM) model to predict the horizontal 
and vertical temperature changes from the sea surface to about 2000 m 
underwater. By virtue of DNN model, Meng et al. (2020) estimated the 
high-resolution STA and salinity anomaly (SSA) in the Pacific Ocean by 
using high-resolution sea surface data. In order to further improve the 
estimation accuracy, some hybrid estimation models were also pro
posed. Combining the light gradient boosting machine (LightGBM) 
model and Deep Forest method, Dong et al. (2022) constructed a hybrid 
model to predict the subsurface salinity using the observational data of 
SST, sea surface salinity (SSS), SSH, and sea surface wind (SSW). 
Recently, Gu et al. (2022) combined the K-means clustering algorithm 
and the traditional ANN model to estimate the MLD using the SST, SSS, 
SSH and SSW data. 

As mentioned above, the results of their studies indicated that the 
estimation accuracy of the hybrid estimation model surpasses the 
traditional single ANN model. However, within these applications, the 
network structure of the ANN model and the optimized network pa
rameters were difficult to determine. Moreover, the learning algorithm 
was prone to local optimization and slow convergence, which restricted 
the estimation performance of ANN (Momeni et al., 2014). To solve 
these issues, a hybrid PSO-ANN model is proposed to estimate BLT in the 
Indian Ocean using SSS, SST, SSH, precipitation (P), longitude (LON) 
and latitude (LAT) as input variables. Further, the performance of this 
model is evaluated by comparing it with the traditional ANN model, 
MRM and CESM2-WACCM model. Finally, the Pearson correlation co
efficient between BLT and sea surface parameters is applied to quanti
tatively analyze the correlation between these variables. 

3. Methodology 

This section aims to show the workflow of this study, which includes 
study design, study area, data sources and processing methods, and PSO- 
ANN models. This section describes the data and models in detail. The 
data section includes the collection and processing of input and output 
variables, and the model section includes ANN, PSO, and hybrid models. 

3.1. Research design 

The present study employs a hybrid neural network model, and 
augments the performance of the network through optimization algo
rithms. The aim of this research is to provide model support for deriving 
the BLT of various ocean regions based on satellite observation data. The 
research workflow consists of five stages. The first stage collects and 
processes raw satellite data from various public databases. Four sea 
surface parameters (SSS, SST, SSH, P) and geographic information (LAT, 
LON) for each data are used in this stage. In the second stage, the 
training and testing sets are established. BLT is computed by using 
Argo’s temperature and salinity data. The third stage divides all the data 
into 12 months and builds hybrid models for the 12 months. The fourth 
stage trains the neural network model and performs PSO. Four sea 
surface satellite parameters and geographic information of each month 
are selected as input variables for the model. The optimized neural 
network structure can be obtained by the PSO. The fifth stage applies the 
model to estimate the BLT. The accuracy and reliability of this model are 
evaluated by using the root mean square error (RMSE) and the R- 
squared (R2), where R2, also known as a determination coefficient with a 
value range from 0 to 1, is obtained from the real and estimated values 
and represent a measure of the fit degree of the model. The model has 
higher fitting degree as the R2 value approaches 1. 

3.2. Study area 

In this study, the Indian Ocean (in the range 30◦E~120◦E and 
30◦S~30◦N) is selected as the study area for BLT estimation, as shown in 
Fig. 1. The Indian Ocean is the warmest and third-largest ocean in the 
world. The tropical Indian Ocean forms the majority of the largest warm 
pool on Earth, which has a large impact on shaping the climate on both 
regional and global scales (More et al., 2020). Changes in Indian Ocean 
temperature have a significant impact on summer climate change in the 
Indian-Western Pacific region and play a crucial role in global climate 
change (Schiller and Oke, 2015). Compared with the tropical Pacific and 
Atlantic Oceans, the Indian Ocean is characterized by shallow 
isothermal depth (ILD) in the west and strong interannual variability in 
upper ocean temperatures in the east, which provides a unique sea area 
for assessing the seasonal and interannual variability of BLT. Therefore, 
the Indian Ocean is selected as the study area of BLT in this study. In 
addition, three special sea areas with relatively large BLT variability are 

Fig. 1. Bathymetry (m) of the study area used in this research.  
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selected for analysis; the Southeast Arabian Sea (SEAS, 4◦N-14◦N, 
64◦E-77◦E), the Bay of Bengal (BoB, 7◦N-20◦N, 79◦E-96◦E), and the 
Eastern Equatorial Indian Ocean (EEIO, 5◦S-6◦N, 79◦E-101◦E), which 
are showed in Fig. 1 with three red box. 

3.3. Ocean data collection 

The data used in this study are sea surface satellite observations (SSS, 
SST, SSH, and P), Argo temperature and salinity data (0-2000 m) used to 
calculate BLT. The ocean data presented in this article span from 
January 2012 to December 2019, covering a total of 96 months. The 
data information is summarized in Table 1. The SSS data are 0.25◦ ×

0.25◦ gridded data acquired by Soil Moisture and Ocean Salinity (SMOS) 
(Boutin et al., 2018). The SST data are from the National Oceanic and 
Atmospheric Administration (NOAA) with a spatial resolution of 1◦ × 1◦

(Reynolds et al., 2001). The SSH data are obtained from the Archiving, 
Validation and Interpretation of Satellite Oceanographic (AVISO) data 
project, with a spatial resolution of 0.25◦ × 0.25◦ (Morimoto, 2009). The 
P data are sourced from the Global Precipitation Climatology Project 
(GPCP) grid data, which provide satellite gridded data at high resolution 
(0.25◦ × 0.25◦) (Behrangi and Song, 2020). The gridded Argo data are 
obtained from the Asia Pacific Data Research Center (APDRC) with a 
spatial resolution of 1◦ × 1◦, which contain the data for 27 ocean layers 
from the surface to 2000 m below the seafloor (Roemmich and Gilson, 
2009). Since the relationship between the sea surface data and BLT 
varies with the spatial location information, the geographic information 
of the study sea area, i.e., LON and LAT spatial location information, are 
considered in the model. In comparative experiments of Section 4.5, the 
CESM2-WACCM dynamic model-derived BLT values are calculated from 
its temperature and salinity profile data obtained from the Coupled 
Model Intercomparison Project Phase 6 (CMIP6) (Liang et al., 2022). 

3.4. Extraction and processing of the ocean data 

Python and its software library are used in this study to extract and 
process the collected sea surface data. First, considering the differences 
in resolution and time periods between the variable and labeled data, all 
collected data are unified to the same 1◦ × 1◦ spatial resolution based on 
2D interpolation method. All data are calculated as monthly averages in 
the time dimension so that all data have the same spatial and temporal 
coverage for the Indian Ocean. The mask data for coastal areas and 
islands are treated as null values. In addition, if any parameter variable 
of the spatial location point in the study area is null value, this point will 
be deleted. 

Considering the effects of salinity and temperature, ILD and MLD are 
determined from gridded Argo data by using the criteria of (Sprintall 
and Tomczak, 1992). ILD is defined as the depth at which the difference 
with SST reached the temperature difference ΔT, which in this study is 
defined as 0.5◦C. MLD is defined as the depth at which the density dif
ference is greater than Δσ, with the following standard for using density 
difference. 

Δσ = σt(T0 − ΔT, S0,P0) − σt(T0, S0,P0) (1)  

Where σt is the potential density (kg/m− 3) of the calculated layers and Δ 
σ represents the difference in potential density between two adjacent 

layers. T0, S0, P0 denote the SST, SSS, and sea surface pressure, 
respectively. The MLD is then determined by searching each profile and 
calculating the Δσ between the profiles. If the density value falls be
tween two Argo levels, then linear interpolation method is used to 
calculate the MLD. BLT is defined as the difference between the ILD and 
the MLD (BLT=ILD-MLD). The processing flow of all data is shown in 
Fig. 2. The CESM2-WACCM dynamic model-derived BLT can be calcu
lated using the similar methods mentioned above. 

After the data preprocessing phase, a total of 96 months of valid 
datasets are obtained from January 2012 to December 2019, with 2724 
valid data points for each month. The data from January 2012 to 
December 2018 are divided into 12 portions per year by month, each 
portion consists of the same month of data for each year and are used to 
train the neural network. The 2019 data are used as testing set to 
evaluate the model. Specifically, the BLT calculated from the gridded 
Argo temperature and salinity profile data are used as labels for training 
set and testing set. To eliminate the effect of different dimensions and 
orders of magnitude of the parameters on the model, the above data are 
normalized before training and testing. 

3.5. Artificial neural network 

ANN is a powerful tool for dealing with regression and classification 
problems in nonlinear case, which consist of a number of interconnected 
neurons. Each neuron receives input signals from the input layer, mul
tiplies the signal by its weight, sums the values, and then passes the 
calculated signal to the next layer. The signal propagates in the same 
way through the hidden layers before being finally passed to the output 
layer to get the output target. The ANN structure used in this study is 
shown in Fig. 3. Compared with traditional statistical methods, ANN is a 
data-driven adaptive method (Wang et al., 2019), which has excellent 
intelligent characteristics. In recent years, ANNs have successfully 
solved practical problems in many fields, such as traffic flow prediction 
(Olayode et al., 2021), subsurface temperature reconstruction (Lu et al., 
2019; Wang et al., 2021), blasting problems (Dimitraki et al., 2018; 
Nguyen et al., 2020a,b) and some other aspects (Asteris et al., 2016; 
Cavaleri et al., 2017). 

While ANN models are widely used, they also have drawbacks such 
as difficulty in determining the network structure and parameters during 
the learning process, overfitting and poor prediction (Chen et al., 2017; 
Ghorbani et al., 2017). The back-propagation algorithm of the model 
also tends to fall into local optima, which has the problem of slow 
convergence (Chau, 2006). These inherent drawbacks greatly limit the 
performance of ANN models in practical applications. To overcome 
these problems, the optimization of ANN through intelligent algorithms 
has gradually become a research hot topic in the application of ANNs, 
and has yielded significant research results in various fields (Grisa
les-Norea et al., 2020; Seifi and Soroush, 2020; Yousaf et al., 2020). For 
complex multidimensional ocean data, an improved PSO algorithm is 
used in this study to optimize each parameter of ANN, and it is applied to 
the estimation model of the BLT in the Indian Ocean. 

3.6. Particle swarm optimization 

The PSO algorithm is a stochastic, parallel modern evolutionary al
gorithm proposed by Kennedy and Eberhart (Kennedy, 2011). The al
gorithm is widely used because of its simplicity, ease of implementation 
and efficient convergence (Sahraei and Codur, 2022; Nguyen et al., 
2020a,b; Yang et al., 2019). The fundamental concept is to find the 
optimal solution through collaboration and information-sharing among 
individuals within a group. Particles continuously change its position in 
a multidirectional search area, record improved locations during their 
movements, and ultimately discover the optimal solution. The popula
tion particle-matrix with d-dimensional and n number of particles is as 
given in Eq. (2). 

Table 1 
Data summary.  

Index Input 
Variable 

Data 
Source 

Output 
Variable 

Data 
Source 

Time 
Range 

Time/ 
Spatial 
Resolution 

Data SSS SMOS BLT Argo 
calculation 

2012- 
2019 

Monthly/ 
1◦ × 1◦SST NOAA 

SSH AVISO 
P GPCP  
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Xi =

⎡

⎣
x11 ⋯ x1d
⋮ ⋱ ⋮

xn1 ⋯ xnd

⎤

⎦ (2)  

Where the i-th particle is denoted as xi = [xi1, xi2⋯xid]. A velocity 
parameter can be set for each solution, which the velocity of each par
ticle is denoted as vi = [vi1,vi2⋯vid]. The fitness value of each compound 
is determined by calculating the value of RMSE. The current local best 
position is recorded as the local best vector Pbest , denoted as Pbest = [pi1,

pi2⋯pid]. The global optimal position of all particles is Gbest , which rep
resents the global best among the current local best. Gbest is unique for all 
particles in the iteration and is denoted as Gbest = [gi1, gi2⋯gid]. 

After identifying these two optimal values, the particle velocity and 
position are updated throughout the iteration process. The position and 
velocity updates for the compound in the n-th iteration are given by the 
following two equations: 

vt+1
ij = ω × vij + c1 × rand1 ×

(
pij − xt

ij

)
+ c2 × rand2 ×

(
pgj − xt

ij

)
(3)  

xt+1
ij = xt

ij + vt+1
ij , j = 1, 2,…, d; i = 1, 2,…, n (4)  

Among them, c1 is called the individual learning factor and c2 is called 
the social learning factor, which influence the individual and global 
learning ability. ω is called the inertia factor, which influences the in
dividual and global search ability. The PSO search strategy is shown in 
Fig. 4. 

3.7. Hybrid network model 

In order to improve the estimation accuracy and reliability of the 
traditional ANN model, the PSO-ANN is used to build an estimation 
model of the BLT in the Indian Ocean. An ANN model consisting of an 

Fig. 2. Data processing flow chart.  

Fig. 3. The structural framework of ANN model.  
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input layer, an output layer, one or several hidden layers and a dropout 
layer will be used, whose main parameters include the number of 
network layers, the number of nodes in each layer and the probability of 
dropout. Each hidden layer in these models comprises one or more 
neurons, with each neuron in the layer calculating the weighted sum of 

all the outputs from the previous layer, transforming it with a nonlinear 
activation function, and then outputting the result to the next layer. In 
this study, the rectified linear unit (ReLU) function is chosen as the 
activation function of the hidden layer. Compared to some traditional 
activation functions, the ReLU function not only saves computational 

Fig. 4. PSO search strategy.  

Fig. 5. Flowchart of the methodologies used in this research.  
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effort, but also avoids gradient disappearance. In the ANN model 
training process, 12 sets of data are input to the model separately, PSO is 
applied to optimize the network structure and parameters separately, 
and 12 optimal estimation models are obtained. Experiments show that 
the hybrid model can effectively take into account nonlinearity and 
seasonality to provide more accurate estimation results. The flow of the 
hybrid algorithm is shown in Fig. 5. 

4. Results and discussions 

4.1. Availability of satellite data 

The accuracy of a machine-learning model is sensitive to the original 
input data (Jiang et al., 2021). Before utilizing the PSO-ANN model to 
estimate the BLT in the Indian Ocean, the satellite-derived SSS and SST 
data are briefly validated by comparing them with the gridded Argo 
data. In Fig. 6a, the monthly average SMOS-derived SSS shows good 
agreement with the Argo SSS data on a seasonal scale. It can be observed 
that there exists a certain level of discrepancy between remote sensing 
data and Argo data, which may be due to different depths of measure
ment and errors caused by gridded Argo. However, the differences are 
not significant and remain within 0.25 psμ for all months. As shown in 
Fig. 6b, the seasonal variation of the NOAA-derived SST averaged over 
the Indian Ocean has also good agreement with the Argo-derived SST. 
For example, both of them show that the maximum SST value 
(>28.40 ◦C) occurs in April, and the minimum SST value (<26.10 ◦C) 
occurs in August. The differences between the Argo SST and NOAA SST 
varies from -0.20 ◦C to 0.30 ◦C. In addition, the GPCP-derived P data and 
AVISO-derived SSH data have been widely applied in related studies 
(Behrangi and Song, 2020; Jeon et al., 2018; Morimoto, 2009; Yin and 
Gruber, 2010). These results demonstrate the availability of the four 
satellite data used in this study. 

4.2. Development of the hybrid network model 

In this study, a PSO-ANN model for estimating the BLT is developed 
by combining PSO algorithm and ANN model using multi-source remote 
sensing data in the Indian Ocean as a case study. A dataset of sea surface 
parameters (SST, SSH, SSS, P) covering 96 months and 2724 data points 
per month, as well as LON and LAT for each point, is collected from 
satellite and gridded Argo data. A PSO algorithm is utilized to determine 
the optimal number of layers, the number of neurons per layer, and the 
dropout rate for the ANN. A population fitness calculation method based 
on the RMSE is designed to optimize the parameters of each network 
model while keeping the training input variables constant. At each 
iteration, update the position of the particles and record the values of the 
best particles to obtain the best results. 

Ocean datasets from 96 months of open data sources are used for 
PSO-ANN model training and testing in the Python environment. The 
monthly average data from January 2012 through December 2018 are 
taken as the training and validation sets to optimize the model archi
tecture, with 80% of the data randomly selected for training and the 

remaining 20% for validation. Validation data are used to avoid over
fitting by assessing the performance of the trained model after each 
epoch. The loss function is the minimization of the RMSE between our 
estimation and the real value. The data from the 12 months of 2019 are 
used as the testing set to evaluate the model’s performance. Previous 
studies have shown that the BLT in the Indian Ocean is characterized by 
high fluctuations in seasonal variability (Felton et al., 2015). Therefore, 
two groups of comparison experiments are designed to verify the impact 
of seasonal fluctuations of BLT on the model performance, named Case 1 
and Case 2, respectively. The training sets of Case 1 comprises all 
monthly data from 2012 to 2018. All training data are fed into a 
PSO-ANN estimation model, which yielded an optimized model. During 
the testing phase, the testing data for 12 months in 2019 are input into 
the model separately to obtain the estimated results per month. In 
research of Case 2, 84-month data from January 2012 to December 2018 
are divided into 12 groups according to the same month. Each group of 
data is fed into a PSO-ANN estimation model for training respectively, 
resulting in 12 optimized models. The month data for 2019 is input into 
the model for the corresponding month to obtain the testing results for 
this month. 

Based on the experimental design mentioned above, the range of 
parameters for optimizing the ANN model is set as follows: 2-4 hidden 
layers, 32-128 neurons per layer, and a dropout rate of 0.1-0.4. The PSO 
algorithm is used for 30 optimization iterations to obtain the optimal 
parameters of the model. The results indicate that the optimized PSO- 
ANN model had three hidden layers, with each layer containing 128 
neurons and a dropout probability of 0.25 for Case 1. The model’s RMSE 
on the testing set is shown in Fig. 7. For Case 2, 12 models are trained on 
each monthly dataset and the network parameters of each model are 
optimized using PSO algorithm. Table 2 shows the optimized parameters 
for the 12 ANN models. The RMSE of each model on the testing set is 
shown in Fig. 7. 

As can be seen from Fig. 7, the RMSE values of the PSO-ANN models 
for Case 1 and 2 have similar seasonal variation tendency. However, the 
model in Case 1 cannot accurately capture the seasonal signals of BLT 
compared to the model in Case 2, as demonstrated by the larger RMSE. 
In fact, the monthly RMSE values on the testing set for Case 2 are all 
smaller than that of Case 1 (Fig. 7). For example, the minimum and 
maximum RMSE values of Case 2 are 3.08 m in April and 6.26 m in 
August, which are 0.14 m and 2.79 m smaller than that of Case 1, 
respectively. It is worth noting that both models have the maximum 
RMSEs in August, but the August RMSE of Case 2 is significantly reduced 
compared to that of Case 1. This may be because the model in Case 1 
cannot reflect the special relationship in August due to its greater fluc
tuation in BLT compared to other months. These results show that the 
PSO-ANN model for Case 2 can better fit the nonlinear relationship 
between the BLT in the Indian Ocean and the input parameters. 

As an example of the training effect of the PSO-ANN model in Case 2, 
Fig. 8a shows the variation in the loss values of training and validation 
data in January 2019. The training of the model is terminated when the 
loss value no longer decreases. As shown in Fig. 8a, the best performance 
of the PSO-ANN model for training and validation is done in epoch 7 

Fig. 6. Comparison of the gridded Argo (dashed black line) and satellite (solid red line) for (a) the monthly mean SSS and (b) SST in the Indian Ocean from January 
2012 to December 2019. Error bars have been included for satellite data based upon the standard deviation. 
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with loss value of 0.31. The density scatter plots between the model 
estimated BLT and the Argo-derived BLT in January are depicted in 
Fig. 8b. The plots illustrate that although the estimated BLT values are 
somewhat undervalued, most data points are distributed along the equal 
value lines, indicating a good correlation between the estimated and 
observed BLT in the Indian Ocean. Moreover, the RMSE and R2 values 
between the estimated and observed BLT are calculated, with values of 
4.36 m and 0.84 in January, respectively. These results indicate that the 
PSO-ANN model in January has good performance in estimating BLT in 
the Indian Ocean. 

4.3. Results analysis of the estimation model in Case 2 

In this section, the performance of the PSO-ANN model for Case 2 is 
analyzed from different perspectives, as shown in Fig. 9. Fig. 9a and b 
displays the spatial distribution of the annual average BLTs based on the 
gridded Argo and the PSO-ANN model in 2019, respectively. And Fig. 9c 
shows the spatial differences between them (the difference between the 
Argo-derived BLT and PSO-ANN estimated BLT). Fig. 9d presents the 
correlation density scatterplots between the estimated and derived 
average BLTs in 2019. As can be seen from Fig. 9a–c, their spatial pat
terns agree well and the BLT discrepancies are mainly between − 2 and 2 

m in most regions. The annual average RMSE and R2 values for the 
model are 1.83 m and 0.85, respectively. These results show that the 
PSO-ANN model can accurately estimate the BLT compared to the Argo 
data. For example, due to the influence of the monsoon in the sea area 
south of the equator, the BLT in this area from 15 ◦S to 30 ◦S is deeper 
and more zonal than that in other ocean regions, and the model captures 
this trend very well. The density scatter distribution also shows that 
most data points are basically evenly distributed along the isopleth 
(Fig. 9d), indicating a strong correlation between the estimated and 
observed BLTs. These results indicate that the PSO-ANN model in Case 2 
has good estimation accuracy and can be used to estimate the BLT in the 
Indian Ocean with complex physical ocean motion. However, there is 
still room for improvement in the estimation accuracy of the model in 
certain regions. For example, the estimated BLT in the BoB is generally 
small, which may be caused by the complex change in salinity in the 
region. The salinity of the region is affected by the heavy precipitation of 
the southwest monsoon and a large amount of runoff input from the 
Brahmaputra River and the Ganges River at the top of the Bay (Hormann 
et al., 2019). The estimation effect in the SEAS also is poor compared to 
that of most other regions (Fig. 9c) due to low salinity waters trans
ported to this region by the Kelvin wave along the coast of India and the 
currents from the BoB (Rao et al., 2010). These limitations indicate that 

Fig. 7. Monthly RMSE for case 1 and case 2.  

Table 2 
The optimized network parameters values for Case 2.  

Month 1 2 3 4 5 6 7 8 9 10 11 12 

Number of neurons per layer 63 65 60 76 60 99 88 100 60 75 100 71 
Number of hidden layers 3 4 3 2 2 2 4 2 2 4 4 3 
Dropout rate 0.3 0.21 0.23 0.3 0.3 0.3 0.24 0.27 0.22 0.26 0.3 0.3  

Fig. 8. (a) The performance of the ANN model when using the multisource observation datasets in January 2019. (b) Density scatter plots of the BLT from PSO-ANN 
estimation and gridded Argo data in January 2019. 
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the PSO-ANN model cannot completely capture the nonlinear signals in 
the regions with complex dynamic process, which may require the 
further improvement of ANN model in terms of its structure. 

4.4. Three typical ocean regions 

In order to further analyze the performance of PSO-ANN model for 
some regions with complex dynamic processes, three typical ocean re
gions with drastic changes in the BLT are selected to evaluate the per
formance of the model in Case 2. Fig. 10 shows the spatial distribution of 

the annual average RMSE and R2 values for the model in 2019 in the 
SEAS, the BoB, and the EEIO. The average RMSE and R2 values for each 
region are 5.02 m and 0.67 for the SEAS, 5.14 m and 0.65 for the BoB, 
and 6.20 m and 0.61 for the EEIO, respectively. Moreover, the values in 
many parts of the other two regions are less than 5 m for RMSE and 
greater than 0.80 for R2 except for the values in the EEIO. The EEIO is 
situated off Sumatra-Java, which is influenced by more complex 
oceanographic processes due to the occurrence of the strongest positive 
IOD in 2019 (Du et al., 2020). This may make it is difficult for the model 
to accurately capture the variation characteristics of the BLT in the 

Fig. 9. Annual average BLT in the Indian Ocean from (a) gridded Argo data and (b) PSO-ANN model for Case 2 estimation in 2019 (unit: m). (c) Differences of the 
Argo-derived BLT minus the PSO-ANN estimated BLT. (d) Density scatter plots of the annual average BLT from gridded Argo data and PSO-ANN estimations in 2019. 

Fig. 10. Annual average RMSE (unit: m) (above) and R2 (below) for the SEAS, the BoB, and the EEIO in 2019. The computation is based on the PSO-ANN model in 
Case 2 estimated and Argo-observed BLT. 
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region. On the whole, although the RMSE is slightly larger and the fitting 
effect is not so good, these findings also indicate that the PSO-ANN 
model can obtain the main information features of the BLT in these re
gions, and there is still room for improvement in the accuracy of the 
model. 

4.5. Accuracy comparison with other models 

In this study, the performance of the PSO-ANN model in Case 2 is 
compared with the data-driven models such as the traditional ANN 
model and MRM (Felton et al., 2015), as well as the CESM2-WACCM 
dynamic model from CMIP6. Fig. 11a, c, and e display the spatial dis
tributions of the annual average BLTs estimated by the three models in 
2019. The annual average RMSE and R2 values are 2.04 m and 0.82 for 
the traditional ANN model, 3.38 m and 0.60 for the MRM, and 9.86 m 
and 0.26 for the CESM2-WACCM model, respectively. It is easy to see 
that the CESM2-WACCM dynamic model has the worst performance 
among the four models, as demonstrated by the maximum RMSE and 
minimum R2 values. This may be due to the significant difference in 
temperature and salinity profiles data between the gridded Argo and 
CESM2-WACCM model. Meanwhile, the PSO-ANN model in Case 2 has 
the best estimation performance. For example, the PSO-ANN model can 
reduce the RMSE and R2 values by 12% and 4%, 84% and 40% 
compared to the traditional ANN model and MRM (Figs. 9b and 11a and 
c), respectively. In addition, the differences between the Argo-derived 
BLT and three models estimated BLTs are also depicted in Fig. 11b, 
d and f. The red region indicates that the difference is more significant 
than zero, which means that the models underestimate the BLT values. 
The blue region means the models overestimate the BLT values. Figs. 9c 

and 11b, d and f show that the BLT estimated by these model are 
somewhat overestimated in BoB, SEAS, and the region from 15◦S to 
30◦S, but the PSO-ANN model still has the smallest differences distri
bution. Moreover, the MRM performs poorly in general compared to the 
two data-driven models in estimating BLT through sea surface param
eters. For example, the MRM and ANN model estimate the BLT values 
deeper than the PSO-ANN model in the EEIO and fails to effectively 
estimate the BLT in this region, as shown in Figs. 9c and 11b, d. The 
MRM also cannot estimate the spatial distribution of BLT in the SEAS 
(Fig. 11c). This may be because the MRM is only good at capturing 
smooth and linear dynamic processes. However, there may be complex 
nonlinear relationships between the BLT and various sea surface pa
rameters due to the variable ocean-atmosphere interactions and regional 
ocean circulations in the Indian Ocean. Overall, these comparison re
sults demonstrate the PSO-ANN model’s capabilities in accurately esti
mating the BLT in the Indian Ocean with complex oceanographic 
processes. 

The estimation performance of these data-driven models with sea
sonal variations is further compared. The RMSE and R2 changes of the 
four models in different months are shown in Fig. 12. It can be seen that 
these models can all reveal the seasonal variability of BLT, which is 
consistent with previous research results (Felton et al., 2015). The RMSE 
is higher for all models during the summer months (July, August, and 
September), but the PSO-ANN model also outperforms other models. By 
comparing the results for each month, it can be found that there are 
different differences in the estimation effects for 12 months. For 
example, the minimum R2 value is 0.29 in April, indicating that the 
PSO-ANN model has poor fitting performance, which may be due to 
insufficient existing surface parameters, making it difficult to estimate 

Fig. 11. Average annual BLT for the Indian Ocean in 2019 (unit: m). (a) ANN; (b) Differences of Argo-derived BLT minus ANN estimated BLT; (c) MRM; (d) Dif
ferences of Argo-derived BLT minus MRM estimated BLT; (e) CESM2-WACCM; (f) Differences of Argo-derived BLT minus CESM2-WACCM BLT. 
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the BLT in April. Additionally, the effectiveness of PSO algorithm in 
optimizing network parameters can also be seen in Fig. 12. Although the 
monthly RMSE and R2 of the PSO-ANN model are better than that of the 
traditional ANN model, there are no significant differences in certain 
months. This indicates that whether the network parameters are opti
mized or not in these months, the ANN model can effectively capture the 
main features of the monthly average BLT. On the whole, the PSO-ANN 
model has higher accuracy, better fitting effect and can effectively 
capture the complex seasonal variation characteristics of the BLT in the 
Indian Ocean, as evidenced by the minimum RMSE and maximum R2 

values (Fig. 12). However, there is still room for improvement in the 
accuracy of the model. 

4.6. Correlation analysis between the BLT and sea surface parameters 

The previous analysis shows that the estimation effect of the pro
posed model is closely related to the input sea surface parameters. 
However, the existing models seldom further analyze the correlation 
between the BLT and these parameters. In order to study the relationship 
between the estimated BLT and each input variable of the model, the 
Pearson correlation coefficient is applied to quantitatively analyze the 
correlation between these variables. Fig. 13 shows the monthly average 
of the correlation coefficients in different months in 2019, respectively. 

As seen in Fig. 13, there is a positive correlation between BLT and 
SST, SSH, and P in most months, while the correlation coefficient be
tween BLT and SSS is negative throughout the year. The correlation 
coefficient between the BLT and SSS reaches its minimum value of -0.62 
in December. This negative correlation shows that high salinity has a 
large influence on the BLT, which is consistent with the objective facts 
that an increase in salinity leads to a shallower BLT (Li et al., 2017). The 
correlation between BLT and SSH is positive throughout the year and is 
strongest in June with a correlation coefficient of 0.28. The correlation 

between BLT and P has a strong positive in most months, with a 
maximum correlation coefficient of 0.71 in November. This confirms 
that upwelling and freshwater fluxes (evaporation, precipitation and 
river runoff) all play a role in regulating subsurface variability in the 
Indian Ocean (Saha et al., 2021). The correlation analysis between the 
BLT and the sea surface parameters indicates that different sea surface 
parameters have different effects on the BLT in different months and 
there exist significant correlations between the BLT and SSS, P. In 
addition, since the Pearson correlation coefficient can only represent the 
linear correlation between different variables, other correlation co
efficients can be selected to evaluate the nonlinear correlation between 
the BLT and sea surface parameters in future studies. 

5. Conclusions 

This study aims to provide an estimation method capable of deter
mining and analyzing the BLT in some typical ocean regions with 
complex dynamic processes. The research goal is achieved by devel
oping a hybrid PSO-ANN model and using multisource remote sensing 
and gridded Argo data in the Indian Ocean as a case study. The multi
source datasets spanning 96 months from 2012 to 2019, with 2724 data 
points per month, are collected from satellite observations and Argo data 
in the Indian Ocean. The SST, SSS, SSH, P, LON, LAT and Argo-derived 
BLT are considered the model’s input and output variables. The training 
data from January 2012 to December 2018 are input into the PSO-ANN 
model, with 80% of the data randomly selected for training and the 
remaining 20% for validation. Two groups of comparison experiments 
denoted as Case 1 and Case 2 are designed to verify the performance of 
the PSO-ANN model in estimating the BLT in the Indian Ocean. The 
comparative results demonstrate that the model in Case 2 can better 
capture the complex features of the monthly BLT in the ocean region. 
The annual average RMSE and R2 values for Case 2 are 1.83 m and 0.85 

Fig. 12. The estimation accuracy of BLT in terms of RMSE (unit: m) and R2 by four model in 2019; PSO-ANN (red line), traditional ANN (black line), MRM (blue 
line), and ANN-Case 1 (orange line). 

Fig. 13. Average monthly Pearson correlation coefficients between the estimated BLT and sea surface parameters (SST, SSS, SSH, and P) in 2019.  
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in 2019, respectively. This superior performance can be attributed to the 
good ability of the model for Case 2 to optimize network parameters and 
capture complex oceanographic processes. 

The performance of the PSO-ANN model in Case 2 is also evaluated 
from multiple perspectives, including spatial distributions in different 
regions, comparison with existing models and seasonal variations. The 
comparison between the model estimated and Argo-derived BLTs in
dicates that the PSO-ANN model performs well and effectively re
constructs most of the observed BLT features using sea surface data. 
Furthermore, the spatial distributions of the annual average RMSE and 
R2 values for the PSO-ANN model in Case 2 are analyzed in three typical 
ocean regions. The results demonstrate that the PSO-ANN model can 
capture the main information features of the BLT in these regions, but 
the estimation accuracy needs to be improved. The evaluation perfor
mance of the PSO-ANN model is further compared with the data-driven 
model such as the traditional ANN model and MRM, as well as the 
CESM2-WACCM dynamic model from CMIP6. The comparison results 
show that the dynamic model has the worst performance among the four 
models. The PSO-ANN model in Case 2 can reduce the RMSE and R2 

values by 12% and 4%, 84% and 40% compared to the traditional ANN 
model and MRM, respectively. Finally, the performance of these models 
with seasonal variations is further evaluated. The findings imply that the 
PSO-ANN model in Case 2 has a good seasonal applicability for the BLT 
estimation and outperforms other comparative models in all months, as 
demonstrated by the minimum RMSE and maximum R2 values. 
Although, on the whole, the PSO-ANN model has superior performance 
compared to other models, the difference distributions shown in Figs. 9 
and 11 also indicate that there is still significant room for improvement 
in the model’s accuracy in the ocean regions with drastic changes in the 
BLT, such as the SEAS and the northern coast of the BoB. Therefore, 
future efforts may be directed towards decreasing the estimation error of 
the BLT in these regions. In addition, the quantitative correlation anal
ysis results between the BLT and the sea surface parameters indicate that 
different sea surface parameters have different effects on the BLT in 
different months. The significant findings are that there exist significant 
correlations between the BLT and SSS, P. 

In conclusion, the proposed PSO-ANN model exhibits superior per
formance in estimating the BLT in the Indian Ocean with complex 
oceanographic processes. These study results will assist in detecting and 
tracking the seasonal variation of the barrier layer in the Indian Ocean 
and provide insights for further scientific understanding of oceano
graphic processes in the ocean region. This study can be further 
expanded to estimate other internal parameters for typical ocean regions 
and can provide effective technical support for ocean researchers who 
are studying the variability of these parameters. Nevertheless, as a black 
box model, the PSO-ANN model has limitations in some aspects such as 
estimating extreme anomaly events and interpreting the physical 
mechanisms of the results. Moreover, there is still room for improve
ment in the accuracy of the model due to the impact of the gridded Argo 
data and the inherent shortcomings of the ANN model such as partial 
loss of input information during propagation and easily falling into local 
minimal value. In future studies, more advanced machine learning 
methods combining with oceanic dynamic mechanisms can be explored 
to further improve the estimation accuracy. Furthermore, suitable sea 
surface parameters should be selected to improve the evaluation accu
racy and efficiency of the model in view of the important influence of sea 
surface parameters on the model. Additionally, since the Pearson cor
relation coefficient can only represent the linear correlation between 
different variables, other correlation coefficients should be selected to 
evaluate the nonlinear correlation between BLT and sea surface pa
rameters in future studies. 
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