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Abstract: Salinity, as one of the essential physical properties of seawater, is a common tracer differen-
tiating water masses in the ocean, which often require relatively high-resolution datasets. Limited by
the coverage of direct observations, however, high-resolution spatial and temporal salinity data are
not always available, which hinders the fine application of salinity data in discerning ocean processes
and improved modeling of ocean physics and biogeochemistry. To supplement the salinity database,
we reconstructed sea surface salinity (SSS) with reasonably high spatial resolution (0.05° x 0.05°) over
2003-2020 in the South China Sea (SCS) with a machine learning algorithm based on a combination
of MODIS-Aqua remote sensing data and a large cruise observation-based dataset. The reconstructed
SSS has a mean absolute error (MAE) of 0.2 when compared with our underway observations with a
corresponding root mean square error (RMSE) of 0.3. The MAE between station-based observations
and our reconstruction was 0.5, and the RMSE was 0.7. These validations strongly suggest that
our reconstruction is highly adequate, representing at most a quarter of the identified discrepancies
compared to the remote sensing SSS or two other prevalent model-derived datasets. Based on our
reconstruction, the SSS in the SCS is relatively low in coastal waters, but high in the ocean basin, with a
seasonal pattern with a minimum in the summer and a maximum in the winter. This spatio-temporal
distribution is well consistent with the observations and is affected by the Pearl River plume, sea
surface circulation, and precipitation. Using our reconstructed SSS, we were able to successfully
characterize the spreading of the Pearl River and Mekong River plumes and the intrusion of the
Kuroshio Current from the Pacific Ocean into the SCS.

Keywords: sea surface salinity; reconstruction; machine learning; South China Sea

1. Introduction

Salinity, one of the basic physical properties of seawater, can be used to trace different
water masses and infer chemical behaviors in the ocean, particularly in marginal seas [1,2].
Previous studies have found that the variability in salinity markedly influences regional
circulation and climate [3,4]. Sea surface salinity (SSS) has been recognized as one of the
essential climate variables by the Global Climate Observing System (GCOS) [5]. Traditional
station-based or underway observations of SSS are usually ship time-consuming and thus
costly and achieve only limited spatial and temporal coverage [6]. Satellite sensors have
the advantages of real-time and high spatial coverage and have been applied more and
more widely in the inversion of SSS over large spatial scales [7,8].

Two inversion methods, direct and indirect, are used in estimating SSS with remote
sensing data [9,10]. The direct method mainly uses a salinity-sensitive band of satellites
(e.g., near infrared and microwave L/S bands) to set up an inversion model between SSS
and the spectral data using differential spectroscopy technology such as the sea surface
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radiation and multivariate statistical regression models [11-15]. In coastal areas, however,
the SSS estimated using the direct method may be seriously biased by sea surface roughness
and the land radio frequency [11-15]. As for the indirect method, in the early 21st century,
a linear inversion model was initially set up based on the relationship between SSS and an
ocean color remote sensing product, such as sea surface temperature (SST) or chlorophyll
a [5,7,16]. However, in its early stages, this linear inversion method often considered only
a single influencing factor and could not avoid the poor robustness induced by linear re-
gressions [17-19]. With the development of machine learning, nonlinear regression models
have been adopted. For example, Geiger et al. [17] developed a neural network model
to estimate SSS in the Mid-Atlantic using normalized water-leaving radiance, SST, and
MODIS-Aqua location information. Chen and Hu [20] constructed a multi-layer perceptual
neural network (MPNN) inversion model to determine SSS based on remote sensing re-
flectance and SST from MODIS and SeaWiFS. Mu et al. [21] added SST as an independent
machine learning variable in the SSS reconstruction, which effectively improved the SSS in
the South China Sea (SCS) based on the SMOS (Soil Moisture and Ocean Salinity) satellite.
These studies have shown that the absorption coefficient of colored detrital matter (aCDM),
remote sensing reflectance, and SST are important parameters in the reconstruction of
salinity, especially in coastal regions [22]. The SCS is the largest marginal sea of the North
Pacific Ocean [4,23,24]. Due to complex atmospheric forces (e.g., seasonal monsoons with
strong wind speeds), meso-scale processes (e.g., upwelling), and the spreading of river
plumes, as well as the intrusion of the Kuroshio current, the circulation pattern in the SCS
is quite complex [24-27]. To better understand the ocean dynamics and further reveal
the influence of dynamic oceanic processes on biogeochemical cycles, it is necessary to
obtain the SSS spatio-temporal structure [2,28]. At present, the remote sensing-derived
salinity data in the SCS are based on the AQUARIUS/SAC-D mission, the Soil Moisture
Active Passive (SMAP) mission and SMOS mission. The AQUARIUS/SAC-D mission
consists of three passive microwave radiometers to detect the surface emission that was
used to obtain salinity [29]. The SMAP mission includes an L-band radiometer and a
high-resolution L-band radar [30]. The SMOS mission consists of the platform and payload,
MIRAS (Microwave Imaging Radiometer using Aperture Synthesis), which is mounted on
a standard spacecraft platform called Proteus [31]. These three missions all use the “skin”
measurements, which means that all of them can only collect information about the sea
surface [29-31]. To make these satellite-derived SSS data quantitatively consistent at appro-
priate temporal and spatial scales, the University of Hawaii at Manoa, in collaboration with
Remote Sensing Systems, used an optimal interpolation method to produce a multi-satellite
fusion salinity dataset (OISSS) with the three missions mentioned above [32,33]. However,
this dataset was only available starting from 2011 [32,33]. Besides these remote sensing
datasets, the Institute of Atmospheric Physics Ocean Salinity dataset (IAPOS) provides a
model-based salinity dataset, which improved global ocean salinity estimates from 2000 to
2019, based on bias-corrected expendable bathythermograph (XBT) measurements from
the World Ocean Database [34]. In addition, in the framework of the Copernicus Marine
Environment Monitoring Service (CMEMS), an SSS dataset was produced using a multidi-
mensional covariance model (MUL) within the MyOcean project [5,17]. Compared with
the observational SSS data in the SCS, the three datasets, OISSS, IAPOS, and MUL, have
root mean square errors (RMSE) of about 2 [17,32-34], which, together with their limited
spatial resolution (the highest resolution is 0.25° x 0.25°), precludes differentiating some
coastal plume waters and meso-scale processes. Furthermore, the accuracy of these three
salinity datasets in the SCS remains to be verified.

To better serve oceanographic and subsequent climatic modeling purposes, in this
study we reconstructed SSS in the SCS with a high spatial resolution, 0.05° x 0.05°, based
on a machine learning algorithm, Light Gradient Boosting Machine (LightGBM), using
2003-2020 observational salinity data and satellite data. The spatial coverage of our recon-
struction was 5-25°N, 109-122°E. We then compared the accuracy of our reconstructed
dataset with that of the other three datasets (OISSS, IAPOS, and MUL). In the SCS, river
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plumes are mainly from the Pearl and the Mekong Rivers. The Mekong River Estuary is
located at ~8°N, 106°E, i.e., outside our reconstruction domain. Thus, although the Mekong
River is considered in showing the spatial distribution of our reconstructed SSS field, our
main river plume focus in this study is the influence of the Pearl River plume.

2. Data
2.1. Observational Salinity Data

The underway SSS data collected from 40 cruises in the SCS from 2003 to 2020 onboard
the R/Vs Dongfanghong 2, Yanping 2, Shiyan 3, Jiageng (TKK), Haijian 83, Haidiao 6, Haike
68, and Kexue 3 were compiled in this study (Table 1). Although the data before February
2018, except those collected in July 2005, June 2006, July 2015, and June 2017, are from Li
et al. [6], this is the first time that their spatial distribution is shown. The data collected in
July 2005, June 2006, July 2015, June 2017, and after February 2018 are reported here for
the first time. The underway data were seasonally averaged, taking the mean from March
through May as the spring data, June through August as the summer data, September
through November as the fall data, and December through February (the following year)
as the winter data. Spring data are available for the years 2004-2005, 2008-2009, 2011-2012,
2014, and 2020. Summer data correspond to 2004-2009, 2012, 20152017, and 2019-2020,
fall data correspond to 2003-2004, 2006-2008, 2010, and 2020, while the winter data are
for 2003, 2005-2006, 2008-2009, and 2017. The seasonal averaged SSS data were gridded
into 0.05° x 0.05° grids. The spatial coverage and observation frequency of the underway
SSS for each season differed over the years (Figure 1). The spring data had the largest
space coverage, ~5-24.5°N, the summer data had the greatest survey frequency, while the
winter data reflected the least frequent surveys and the least spatial coverage. The seasonal
average survey coverage was less than 25% of our SCS domain, especially in the basin
where the coverage was less than 10% in winter. Additionally, in the basin the survey
frequency was only once or twice in each season, while it was up to eight times in coastal
areas in the summer.

Figure 1. Frequency of sea surface salinity (SSS) in the South China Sea during four seasons from
October 2003 to September 2020 ((a). Spring; (b). Summer; (c). Fall; (d). Winter).
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Table 1. Seasonal underway sea surface salinity (5SS) data in the South China Sea compiled in this

study.
Season Cruise Time Data Source
March April May
2004.03 2005.04 2004.05
Spring 2008.04 2011.05
2009.04 2014.05
2012.04 2020.05 *
2020.04 *
June July August
2006.06 * 2004.07 2007.08
2016.06 2005.07 * 2008.08
2017.06 * 2007.07 2019.08 * )
Summer 2019.06 * 2008.07 Li et al. (2020) [6]
2020.06 * 2009.07 * This study
2012.07
2015.07 *
2019.07 *
September October November
2004.09 2003.10 2006.11
Fall 2007.09 2006.10 2010.11
2008.09
2020.09 *
December January February
Winter 2006.12 2009.01 2004.02
2010.01 2006.02
2018.01

To verify the reliability of the reconstructed data, we divided the observational un-
derway dataset into two subsets. One includes the data collected until February 2018,
which were used in machine learning (named OB_A), and the other represents the data
collected after February 2018, which were used as an independent dataset for validation
(named OB_B). We also used station-based observational SSS data and SOCAT (Surface
Ocean CO; Atlas) underway SSS data as additional validation datasets. The station-based
observational data were collected using a conductivity, temperature, and depth (CTD)
recorder during the same cruises shown in Table 1, and the mean salinity of the upper
5 m was taken as the SSS. The SOCAT underway SSS data available over 2001-2021 in the
SCS were downloaded from the SOCAT website (https://www.socat.info, accessed on 30
August 2021).

2.2. Remote Sensing Data

We used monthly L3 remote sensing reflectance data with a spatial resolution of 4 km
(at 412, 443, 469, 488, 531, 547, and 555 nm), aCDM data at 443 nm and SST data obtained
from the MODIS/ Aqua sensor (http://oceancolor.gsfc.nasa.gov, accessed on 30 August
2021) and covered nearly every month from January 2003 to November 2020 to develop an
5SS reconstruction model based on the LightGBM algorithm.

2.3. Comparison of Datasets

To assess the performance of our reconstruction, we calculated the biases of three global
gridded SSS databases, OISSS, IAPOS, and MUL, relative to the SCS observational data and
compared them with the bias of our reconstructed data. The OISSS dataset is produced by
the International Pacific Research Center, University of Hawaii at Manoa, in collaboration
with Remote Sensing Systems (RSS, Santa Rosa, CA, USA), with a horizontal resolution
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of 0.25° and is available at https:/ /podaac.jpl.nasa.gov/ (available from 25 August 2011
to the present day, accessed on 30 August 2021). The IAPOS dataset combined ensemble
optimal interpolation for the World Ocean Database data with CMIP5 model results [34].
This database has a spatial resolution of 1° x 1° and monthly resolution from 1940 to 2018
(available at https:/ /climatedataguide.ucar.edu/, accessed on 30 August 2021). The MUL
dataset, originally developed within the MyOcean project (http://www.myocean.eu.org,
accessed on 30 August 2021) with satellite SST data to constrain surface salinity patterns,
has been produced at a spatial resolution of 0.25° x 0.25° from 1993 to the present day
in the framework of the CMEMS (available at https:/ /resources.marine.copernicus.eu/,
accessed on 30 August 2021).

3. Methods

The SSS reconstruction procedure used is shown in Figure 2. Briefly, it consists of
two steps: (I) data processing, and (II) model training and testing. For data processing,
we first gridded the underway observational SSS data OB_A and remote sensing data
into 0.05° x 0.05° grids for any given month using a spatial average method. Then, these
gridded underway SSS data and remote sensing data were grouped into seasonal datasets
to set up four seasonal SSS reconstruction models. Finally, to achieve a better reconstruction
of the SSS in the coastal area where more observations were available, we divided the
entire SCS into two regions with the 200 m isobath as the dividing line. The data in each
subregion were randomly divided into a training (85%) and a testing subset (15%), which
were then combined to comprise the final training and testing sets for the entire SCS.
For model training and testing, preliminary experiments were performed to calculate the
optimal model parameters using K-fold and cross validation methods with the training
set. Then, these optimal parameters of the LightGBM algorithm were applied to model
training. Finally, the independent testing set was used to assess the performance of the SSS
reconstruction models, and accuracy indicators of the reconstructed SSS were calculated.
The differences between our reconstructed data and observational data were calculated
using concurrent data on a monthly scale. Detailed methods are described below.

Figure 2. Procedure for the reconstruction of sea surface salinity (SSS) using machine learning; RS
represent remote sensing data and OB observational data; CV indicates cross validation, RMSE
represents the root mean square error, MAPE represents the mean absolute percentage error, and R?
represents the coefficient of determination.
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3.1. The LightGBM Algorithm

The LightGBM algorithm is a histogram-based decision tree (DT) algorithm, in which
DT has a flowchart-like tree structure. In addition, this algorithm is widely used in ocean
science, e.g., [35]. Each of its internal nodes represents a test on an attribute, its branch
shows the outcome of the test, and the class label can be found in each leaf node [36]. It
can effectively handle high-dimensional data. The histogram-based LightGBM is efficient
in terms of both memory consumption and training speed and can be used in regression,
classification, and other machine learning fields with speed and high-performance [36]. The
code and details of LightGBM are available at https:/ /github.com/microsoft/Light GBM
(accessed on 30 August 2021).

3.2. Parameter Optimization

In the machine learning training process, K-fold and cross validation, also known
as loop validation, were applied to calculate the optimal model parameters. Briefly, the
original training data were subdivided into K groups (K-fold), and one group was taken
as a training dataset and the remaining groups were used as validation datasets [37]. The
cross-validation errors of these K models were subsequently calculated, and the optimal
parameters were determined with the minimum error. The code of K-fold and cross-
validation can be downloaded at https:/ /github.com/suryanktiwari/Linear-Regression-
and-K-fold-Cross-Validation (accessed on 30 August 2021).

3.3. Evaluation Metrics

Common error metrics to evaluate the accuracy of reconstructed data include the root
mean square error (RMSE), mean absolute percentage error (MAPE), and coefficient of
determination (R?). RMSE stands for the standard deviation of the residuals (prediction
error) between the fitted line and data points calculated as:

RMSE = /1Y (4, -, M

where y stands for the observational data, y, represents the reconstructed data, and # is the
number of data points. MAPE is a statistical measure that uses a percentage to assess the
bias between the data produced with a machine learning algorithm and the observational
data. The lower the value of MAPE, the better the fit of the model. MAPE is calculated as:

1

i — Yril
APE = — M Il o 100% 2
M n}) x 100% @)

=1y
4. Results of the Reconstruction

The four seasonal training sets of reconstructed SSS data fit the observational data
well (Figure 3), with an average RMSE of 0.26 and an average MAPE of 0.60%. The average
R? of the training sets is 0.92. For the testing sets, although there are some outliers, most
of the reconstructed SSS is consistent with the observational data, with an average RMSE
of 0.43 and an average MAPE of 0.84%. The R? of the testing sets is the largest for the
summer data, and the smallest for the fall data, with an average of 0.81. For both training
and testing sets, the spring data have the lowest RMSE, while the summer data have the
highest (Table 2). The greatest spatial variance in the SSS and relatively complex regional
processes, such as river plumes and upwelling, resulted in the greatest error in the summer.
The percent of accuracy, which is 100%-MAPE, of the four seasonal models is almost 99%
for the testing set and greater than 99% for the training set. These evaluation metrics of the
training and testing sets indicate that our reconstructed SSS fields have high accuracy.
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Figure 3. Relationship between the reconstructed sea surface salinity (SSS) and the underway
observations OB_A for training and testing data ((a). Spring; (b). Summer; (c). Fall; (d). Winter).

Table 2. Evaluation metrics, root mean square error (RMSE), coefficient of determination (R?), and
mean absolute percentage error (MAPE) of the sea surface salinity reconstruction.

Season  RMSE_Train RMSE Test R2 Train  R2 Test APETrain MAPE Test

(%) (%)

Spring 0.20 0.21 0.89 0.82 0.49 0.51
Summer 0.45 0.69 0.94 0.87 0.93 1.13
Fall 0.23 0.26 0.90 0.75 0.59 0.66
Winter 0.18 0.58 0.97 0.81 0.42 1.06

Our reconstructed SSS in the SCS shows strong full-region consistency with the un-
derway observational data (Figures 4 and 5). The SSS in the SCS basin is consistent with
previous studies [38,39], namely ca. 33 in summer, while in the coastal areas, the SSS shows
relatively high spatial variability. Based on the observations (Figure 4), the spatial variation
in the entire SCS in spring is relatively small (ranging from 0.14 to 0.77), except in the coastal
area off the Pearl River Estuary (PRE), where the maximum spatial variance of the SSS is
1.72. The low salinity in the southern SCS basin in our reconstructed SSS field is mainly
controlled by the river plume of Borneo Island [40,41]. In the summer, the reconstructed
SSS successfully shows the spreading of the Pearl River plume on the northern shelf of
the SCS and that of the Mekong River plume in the mid-basin (~112°E, 10°N as illustrated
by Chen et al. [42], as well as relatively high SSS along the coast north of the PRE and
the west coast of Vietham where upwelling usually occurs in the summer [43-45]. The
annual change in the intensity of the Pearl River plume in the summer is clearly evidenced
in the reconstructed SSS field. For example, the spreading of the Pearl River plume was
limited with an SSS < 32 only in the estuarine area in 2011 and 2012, but in 2013, 2014,
and 2016 the region of SSS < 32 extended eastward on the northern shelf, indicating a
stronger Pearl River plume. This result is quite consistent with the observational data of
Pearl River water discharge (see http:/ /xxfb.mwr.cn/, accessed on 30 August 2021). The
highest salinity in the summers of 2015 and 2016 was due to strong Vietnam upwelling [45].
The SSS distributions in the fall and winter are comparable to that in the spring, with
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small basin-wide spatial variation, although in general the average SSS in the fall is lower
than that in the spring. In the winter, there is a banded low SSS area on the northern
SCS shelf, which is contributed to by the China Coastal Current driven by the prevailing
northwest monsoon [44,46]. In general, the average SSS in the SCS attains a minimum
in the summer and a maximum in the winter as illustrated by both observational and
reconstructed data in Figure 5s. The seasonal SS variation in the SCS seems to be closely
related to precipitation [41,47] since the latter is greatest in the summer and lowest in the
winter (https://psl.noaa.gov/data/gridded/data.cmap.html, accessed on 30 August 2021)
in the SCS and relevant watersheds, resulting in the greatest river discharge and direct pre-
cipitation into the SCS in the summer and the lowest in the winter. In addition, the mixed
layer is relatively deep in winter (https://psl.noaa.gov/data/gridded/tables/multi.html,
accessed on 30 August 2021) in the SCS, so that subsurface water masses with relatively
high salinity mix upward into surface water, causing a further increase in the SSS. Thus, the
spatial and temporal consistency of our reconstructed SSS throughout the SCS (Figure 5)
with underway observations (Figure 4) confirms that the reconstruction is robust.

Figure 4. Distribution of temporally averaged underway sea surface salinity (SSS) in the South China
Sea during four seasons. The green box in panel b indicates the area influenced by the Pearl River
plume, and the red box indicates the area influenced by coastal upwelling. The data sources are listed
in Table 1 ((a). Spring; (b). Summer; (c). Fall; (d). Winter).
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Figure 5. Reconstructed seasonal sea surface salinity (SSS) fields in the South China Sea during
2003-2020 (a-r) and seasonal anomalies of SSS during 2003-2020 (s).

Climatological monthly and seasonal average SSS values were calculated based on
the reconstructed monthly SSS over 2003-2020 (Figure 6). The spatial distribution of
the climatological SSS is essentially consistent with that of the underway observations
(Figure 4), especially in the areas influenced by the China Coastal Current in the winter and
the Pearl River plume in the summer. The spatio-temporal distribution of the climatological
fields is also consistent with the sea surface circulation (Figure 6). In the northern SCS, the
reconstructed SSS fields are mainly influenced by the westward flow from the Luzon Strait
and the Pearl River plume which begins to increase in September and peaks in February. As
the winter monsoon begins to transition to the summer monsoon in the SCS, the westward
flow from the Luzon Strait weakens, and the coast of the northern SCS is affected by an
eastward flow that carries the Pearl River plume and lowers the SSS in this region. Thus,
the influence of the Pearl River plume is greatest in July. Moreover, in summer, the Mekong
River plume intensifies, and a northbound flow from the western SCS carries the Mekong
River plume and bifurcates around 12°N, with one branch moving northward and the other
flowing eastward [48]. The spatio-temporal changes of the low salinity area (SSS < 33) in
the western SCS are consistent with the extent of the eastward flow (Figure 6e-h), which
represents the intensity of the Mekong River plume [48]. This consistency indicates that our
reconstructed SSS in the western SCS relatively accurately represents the dynamic impact
of the Mekong River plume in the SCS.
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Figure 6. Seasonal and monthly reconstructed sea surface salinity (SSS) fields averaged over 2003—
2020 in the South China Sea. Light grey arrows indicate sea surface circulation; red arrows represent
the surface direction and extent of the westward flow from the Luzon Strait; black arrows represent
the surface direction and extent of the eastward flow from the western and mid-SCS; and blue arrows
represent the surface direction and extent of the coastal current in the northern SCS. The blue box is
the low salinity area (SSS < 33) influenced by the Mekong River plume. The surface circulation data
are from https:/ /resources.marine.copernicus.eu/ (accessed on 30 August 2021).

5. Discussion
5.1. Validation and Uncertainty

Three types of observational data, the station-based data collected using CTD, SOCAT
data, and the underway OB_B data, were used to validate our reconstruction results. In
addition, we calculated the MAE and RMSE between the three previously mentioned
model-derived datasets (OISSS, IAPOS, and MUL) and the three above mentioned types
of observational datasets, as well as OB_A for comparison with our reconstructed data
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(Table 3). The mean absolute error (MAE) is the absolute average difference between the
observations and the reconstructed data and was calculated as follows:

1
MAE = n Z"l Yi = Yeomi 3)

1

where Yo stands for the datasets used for comparison (our reconstructions, OISSS, IAPOS,
and MUL).

Table 3. The mean absolute error (MAE) and root mean square error (RMSE) compared between the
model-derived data and concurrent observational data.

This

Recon- OISSS IAPOS MUL

struction
Underway MAE 0.20 0.21 0.24 0.34
Spring OB_A data RMSE 0.36 0.24 0.32 0.41
Station-based Data ~ MAE 0.20 NAN 1.85 0.37
in 2011.05 RMSE 0.27 NAN 1.89 0.42
Underway MAE 0.34 0.72 0.91 0.94
OB_A data RMSE 0.66 0.75 0.95 1.06
Station-based Data ~ MAE 0.62 NAN 2.77 0.94
Summer in 2009.07 RMSE 0.80 NAN 2.89 1.26
Station-based Data ~ MAE 0.59 115 3.39 1.25
in 2012.07 RMSE 0.78 1.54 3.57 1.76
Station-based Data ~ MAE 0.84 1.35 3.61 1.67
in 2015.07 RMSE 0.91 1.68 3.78 1.91
Underway MAE 0.20 NAN 0.46 0.38
Eall OB_A data RMSE 0.23 NAN 0.52 0.44
Station-based Data ~ MAE 0.34 NAN 2.52 0.65
in 2010.11 RMSE 0.51 NAN 2.58 0.85
Underway MAE 0.15 0.21 0.4 0.43
OB_A data RMSE 0.25 0.33 0.53 0.48
Winter  Station-based Data ~ MAE 0.57 NAN 2.92 121
in 2009.01 RMSE 0.75 NAN 3.86 2.36
Station-based Data ~ MAE 0.31 0.86 NAN 0.85
in 2012.01 RMSE 0.39 1.31 NAN 118
Underway OB_B data MAE 0.40 0.52 NAN 0.58
RMSE 0.64 113 NAN 1.46
SOCAT data MAE 0.30 0.82 0.76 0.86
RMSE 0.35 0.96 0.77 1.34

5.1.1. Comparison with the Underway Observational Data OB_A

In the spring, the difference between our reconstructed data and the underway OB_A
data almost always falls within £0.3 (Figure 7a,b) with an MAE of 0.20. The MAE between
the OISSS and the underway OB_A data is 0.21, which was calculated for 2012 and 2014
when the OISSS data were available. In contrast, the MAE between our reconstructed
data and the OB_A data for the same period is 0.16. The IAPOS data obviously provide
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overestimates in coastal waters (Figure 7d) with an MAE of 0.24, whereas the MUL data
clearly provide underestimates in the SCS basin (Figure 7e) with an MAE of 0.34.

Figure 7. Difference between the model-derived sea surface salinity (SSS) data and concurrent
observational underway OB_A data in four seasons. The black dashed line represents the 100 m
isobath. The first column (a,f k,p) shows the results of the reconstructed data for the training dataset,
the second column (b,g,1,q) shows the results of the reconstructed data for the testing dataset, the
third column (c,h,m,r) shows the results of OISSS, the fourth column (d,i,n,s) shows the results of
IAPOS, and the fifth column (e j,0,t) shows the results of MUL (see the main text for abbreviations).
The observational data source is listed in Table 1. The OISSS data are only available after 2011; no
observational fall data are available after 2011. Thus, the results of OISSS in the fall (m) are left blank.

In the summer, the difference between our reconstructed data and the OB_A data
almost always falls within 1-0.4 (Figure 7f,g), and a relatively large differential appears
in coastal areas within the 100 m isobath. Excluding this area, the MAE between our
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reconstructed data and the underway data is 0.12. Due to the complex conditions of coastal
seawater color influenced by river plumes, upwelling, and other meso-scale processes,
especially in the summer, the remote sensing data may have a relatively large bias, which
can propagate to our reconstructed fields. The MAE between the OISSS and the OB_A
data, which was calculated for 2012, 2015, 2016, and 2017, is 0.72. In contrast, the MAE
between our reconstructed data and the OB_A data during the same period is 0.37, which
is still much lower than that for the OISSS data. The IAPOS and MUL data clearly provide
overestimates in coastal waters but yield underestimates in the SCS basin (Figure 7i,j). The
MAE is 0.91 for the IAPOS data and 0.94 for the MUL data.

In the fall, the difference between our reconstructed data and the OB_A data generally
falls within £0.15 (Figure 7k,1), and the MAE is 0.20. The IAPOS data clearly overestimated
the SSS in the SCS, especially in coastal areas, characterized by an MAE of 0.46. The MUL
data overestimated the SSS off the PRE but underestimated the SSS elsewhere with an MAE
of 0.38.

In the winter, the difference between our reconstructed data and the OB_A data
generally falls within +0.15 (Figure 7p,q) with an MAE of 0.15. The MAE between the
OISSS and the OB_A data in 2018 is 0.21. In contrast, the MAE between our reconstructed
data and the OB_A data for the same year is 0.14, which is much less than that for the
OISSS. The IAPOS data obviously overestimated all of the SSS in the entire SCS, especially
in coastal areas, with an MAE of 0.44. The MUL data provide overestimates of the SSS off
the PRE and the west of the Luzon Strait (Figure 7t) but underestimates elsewhere, with an
MAE of 0.43.

5.1.2. Comparison with the Station-Based Observational Data

When validated with the station-based data (Table 3 & Figure 8), which were inde-
pendent of model training and testing, the MAE for our reconstructed data is 0.20 in the
spring of 2011, the IAPOS data have the largest MAE of 1.85 among these databases, and
the MAE of MUL data is 0.41. In the summer of 2009, the MAE of IAPOS data shows the
largest bias among these databases (Table 3), and the MAE of our reconstructed data is
0.62. In the summer of 2012, the bias of our reconstructed data is relatively large at stations
near the east coast of Hainan Island (MAE: 0.84, RMSE: 0.97, Figure 8) where the SSS is
often affected by summer upwelling [49,50]. Therefore, our reconstructed data have some
limitations in their ability to simulate the SSS in this region. However, compared with
the three other model-derived databases, reconstructed data still show the highest overall
performance (MAE: 0.59, RMSE: 0.78). In the summer of 2015, the bias of these databases
decreases with the distance from the PRE. In the fall of 2012, the IAPOS data show the
largest bias in both MAE and RMSE among these databases, with both being around 2.5.
The MAE of our reconstructed data is 0.34 with a relatively large bias in the coastal area.
In the winter of 2009, the IAPOS data show the largest bias among these databases, i.e.,
~3 for both MAE and RMSE, while that of the reconstructed data in the winters of 2009
and 2018 is relatively small for both MAE and RMSE, indicating that our reconstructed
data are relatively accurate in winter. Because of the limitation of the spatial coverage of
station-based observational data, the southern basin of SCS needs further testing.
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Figure 8. Difference between the model-derived sea surface salinity (SSS) data (OR: our reconstructed
data, OISSS, IAPOS, and MUL) and concurrent station-based observational data (a,c,e,gik,m):
observation stations in four seasons; (b,d,f,h,j,1,n): corresponding MAE). The OISSS data are available
only after 2011.

5.1.3. Comparison with the Underway Data from SOCAT and OB_B

In addition to the station-based data, we selected two other underway datasets for
independent validation. One is the SOCAT underway dataset. Although the SOCAT
data available in the study domain were in the coastal area, our reconstructions still show
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relatively high accuracy with an MAE of 0.30 and RMSE of 0.35 (Figure 9, Table 3). The
three other model-derived databases overestimated the SSS with a larger MAE and RMSE
(MAE: 0.82 and RMSE: 0.96 for OISSS, 0.76 and 0.77 for IAPOS, and 0.86 and 1.34 for MUL)
than our reconstructed data. The second underway dataset is OB_B, corresponding to the
observational data collected after 2018. The RMSEs of the other model-derived databases
(OISSS and MUL) are similar (~1.25), while our reconstructed data show relatively high
accuracy with an RMSE of 0.64 (Figure 10, Table 3).

Figure 9. Difference between the model-derived sea surface salinity (SSS) data and concurrent SOCAT
underway SSS data. (a) Reconstructed data (OR), (b) OISSS, (c) IAPOS, and (d) MUL. The SOCAT
data were collected in September 2008, April 2009, and January 2018; the OISSS data were available
in January 2018.

Figure 10. Difference between the model-derived sea surface salinity (SSS) data and concurrent
underway OB_B data. (a) Reconstructed data generated in the present study, (b) OISSS, and (c¢) MUL.
The IAPOS data are only available from 1940 to 2018 and were not used in this comparison.

These results indicate that SSS was successfully reconstructed in the SCS, and that the
reconstructed data were more accurate than the other SSS data products currently available
both in the basin and coastal areas. Greater biases, however, were present between our
reconstructed data and the station-based observational data than those between the former
and the underway data in coastal regions, which is due to the fact that the station-based SSS
data were not measured SSS values, but rather the depth-average salinity of the surface 5 m.
Besides that, the coastal area is too dynamic. The station-based data and the underway data
are not completely matched (sampled at different times), as the reconstructions are based on
the underway data, so they are more comparable to the underway data. Thus, additional
biases may result from the station-based SSS data in the coastal regions, especially in
upwelling-influenced areas, while this may not be the case in the SCS basin.

5.1.4. Advantages and Disadvantages of Our Method Compared with Existing Methods

OISSS is able to retrieve the salinity in near real time, however the salinity data are
only available starting from 2011. IAPOS is a data product consistent with some physical
processes and biogeochemical cycles, but its inversion capability in the SCS is relatively



Remote Sens. 2022, 14, 6147

16 of 21

poor. MUL has slightly lower accuracy than the OISSS data but is available starting from
1998. A general disadvantage of the three global products is their relatively low spatial
resolution (0.25° x 0.25°) and relatively high bias in the SCS (Table 3). Our method yields
high accuracy and reasonable spatial patterns. The disadvantage of our method is that no
physical /biogeochemical mechanisms are considered, an intrinsic drawback of the machine
learning algorithm.

5.2. Application of the Reconstructed SSS Field in the SCS

The spatial variation of the SSS in the northern SCS is mainly controlled by two
processes: the spread of the Pearl River plume and intrusion of the Kuroshio Current [44].
Due to limited temporal and spatial coverage of observational SSS data, it is difficult to
resolve continuous temporal changes in the intensity of these two processes in the SCS.
Here, we took advantage of the high-resolution reconstructed SSS field and defined two
indices to assess the strength of the two processes in the SCS. Since the river discharge
data of the Pearl River are available from 2005-2018 (http:/ /xxtb.mwr.cn/, accessed on 30
August 2021), the discussion in this section is focused on the period before 2019.

5.2.1. The Pearl River Plume Index

The reconstructed SSS field generated in this study demonstrates that the summer
spatial distribution of the Pearl River plume over 2003-2018 on the northern shelf and
slope of the SCS exhibits the minimum SSS off the estuary and a pattern of increasing SSS
with increasing distance offshore (Figure 11). In addition, the plume water spreads mainly
eastward in summer, which is consistent with the known sea surface circulation.

Figure 11. Spatial distributions of low sea surface salinity, SSS (SSS < 32) and surface circulation in
the summer during 2003-2018 in the northern South China Sea. The SSS is our reconstructed data;
surface circulation data are from https:/ /resources.marine.copernicus.eu/ (accessed on 30 August
2021).

A Pearl River plume index (PRI) was thus set up using the reconstructed SSS to
indicate the intensity of the Pearl River plume in the SCS. To avoid the potential noise of
other water masses with relatively low SSS, e.g., the China Coastal Current in the winter in
the PRI, we used the Pearson correlation coefficient [51] between the Pearl River discharge
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and SSS with a significance level of 5% to determine the area influenced by the Pearl River
plume as follows:

Pearson Correlation Coefficient = X [(y,; — 7r) x (P — Pr)] / (oy, x op,) 4)

where P, is the Pearl River discharge, oy, is the standard deviation of y,, and op, is the
standard deviation of P,. We calculated this coefficient grid-by-grid and determined the
Pearl River plume-influenced area. We then calculated the PRI, as:

PRI = (35— SSS_PR) X Ne<z (5)

where SSS_PR represents the average salinity in the Pearl River plume-influenced area
and N;<3p indicates the number of grids with salinity <32 in this area.

The PRI reflects not only the area influenced by the river plume, but also the plume
intensity. We calculated the monthly change in the river discharge of the three tributaries
of the Pearl River (Station Wuzhou (111.27°E, 23.48°N), Station Shijiao (113.52°E, 23.86°N),
and Station Boluo (114.28°E, 23.17°N) representing the West River, North River and East
River for the north tributary of the Pearl River, respectively. The maximum monthly PRI
over a year represents the yearly strongest plume in the northern SCS, which co-occurs with
the yearly greatest river discharges of the three main Pearl River tributaries (Figure 12). This
co-occurrence indicates that the PRI provides a good index of the plume intensity, which is
directly related to the river discharge. It further verifies the accuracy of our reconstructed
SSS data. Furthermore, combining the PRI with the relative river discharges of the three
tributaries, allows us to readily determine which tributary is the main controller of the
Pearl River plume in a given month.

Figure 12. Relative river discharges of the three tributaries of the Pearl River and the standardized
monthly Pearl River plume index (PRI) and sea surface high salinity index (HSI) in the northern
South China Sea over 2003-2018. (a) Relative river discharges, in which Station Boluo represents the
East River, Station Shijiao stands for the North River, and Station Wuzhou represents the West River,
and (b) temporal changes in the standardized monthly PRI and HSI in the northern SCS. The HSI is
not shown where there is no Kuroshio intrusion, i.e., SSS < 34.25.

5.2.2. The Sea Surface High Salinity Index

The Kuroshio Current, characterized by high salinity, usually shows the greatest intru-
sion in the SCS in winter [44,52,53], leading to a relatively high surface salinity (SSS > 34.25)
in the northern SCS. The intrusion of the Kuroshio water is thus a notable forcing factor
in the northern SCS. In this study, to better illustrate the impact of Kuroshio intrusion
water on the SSS, as well as the association between the high SSS water mass and sea
surface circulation, we described the spatial distribution of relatively high SSS (>34.25)
in the winter based on our reconstructed SSS data in the northern SCS. The latter could
successfully characterize the SSS changes caused by the Kuroshio intrusion (Figure 13).
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Figure 13. Spatial distribution of relatively high sea surface salinity (5SS > 34.25) and sea surface
circulation in the winter in the northern South China Sea from 2003 to 2018. The SSS represents
our reconstructed data; surface circulation data are from https:/ /resources.marine.copernicus.eu/
(accessed on 30 August 2021).

Wu et al. [54] used the sea surface height anomaly (SSHA, 15-20°N, 114-120°E)
to define the timing of the Kuroshio intrusion. When the SSHA is anomalously high
(SSHA > 0), the Kuroshio intrusion will hardly occur. As with the PRI, we thus defined an
index to characterize the effect of the Kuroshio intrusion and water mass with high salinity
on the SSS in the northern SCS, namely the sea surface high salinity index (HSI):

HIS = SSHA X Ng>3425 (6)

where N;>3405 is the number of grids with SSS > 34.25 in the northern SCS (18-25°N,
109-122°E). The strength of the Kuroshio intrusion is related to its flow velocity, and the
SSHA indicates the speed and direction of sea surface circulation in the SCS (Wu et al. [54]).
Thus, this formula considers both the strength of the Kuroshio intrusion and the changes in
SSS. The more negative the HSI, the stronger the effect of the Kuroshio intrusion on the SSS.

The SSHA was designated as NAN when the Kuroshio intrusion did not occur. Thus,
the HSI was calculated only in months when the Kuroshio intrusion occurred. Our results
indicate that this index clearly shows the Kuroshio intrusion starting in the fall, shows it
intensifying in early winter, and weakening in late winter. When no Kuroshio intrusion
occurs, the northern SCS is often affected by the Pearl River plume. The two indices, PRI
and HSI, demonstrate that the northern SCS is mainly under the alternating forcing of the
Kuroshio intrusion and the Pearl River plume, a finding which is consistent with the results
of previous studies (Yang et al. [44]). Therefore, these two indices provide an effective,
quantitative tool to evaluate the intensity of the two processes in the northern SCS in any
given month, and thus serve to further increase the usefulness of our reconstructed SSS
data.

6. Conclusions

Based on the LightGBM machine learning method, we reconstructed the SSS fields by
calculating the statistical relationship between the underway observational SSS data and
remote sensing data. The reconstructed data successfully displayed the SSS spatio-temporal
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patterns in the SCS with a high spatial resolution (0.05° x 0.05°) over the last two decades
(2003-2020).

We used multiple observational datasets, underway observations, station-based ob-
servations, and SOCAT data, in the validation of our reconstructed fields and current
open-source, model-derived SSS datasets (OISSS, IAPOS, and MUL) in the SCS. The results
of these independent validation datasets show that our reconstruction data are at least 50%
(from Table 3) more accurate than the three other model-derived databases (OISSS, IAPOS,
and MUL) in the SCS. The average bias of the OISSS, IAPOS, or MUL is small at a global
scale, but for the SCS, especially in the coastal area, the bias increases considerably. The
MAE/RMSE of our reconstructed data in the SCS is relatively small (0.42/0.58), whereas
the maximum bias of our reconstructed data occurs off the PRE on the northern shelf of
the SCS in the summer, and the accuracy of our reconstruction increases with the distance
offshore. These validations verify the robustness of our reconstruction.

In general, our reconstructed SSS is consistent with the spatial and temporal patterns of
the observations and successfully reflects the spread of the Pearl River plume and Kuroshio
intrusion in the northern SCS. Based on our reconstructed SSS, two new indices, the RPI and
the HSI, were developed that successfully quantified the relative intensity of the two most
notable forcings in the northern SCS, the Pearl River plume and the Kuroshio intrusion.
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