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An efficient model for the prediction of SMAP sea surface
salinity using machine learning approaches in the Persian
Gulf
Saeed Rajabi-Kiasari and Mahdi Hasanlou

School of Surveying and Geospatial Engineering, College of Engineering, University of Tehran, Tehran, Iran

ABSTRACT
Sea Surface Salinity (SSS) is a pre-eminent parameter in oceanology
causing extreme climate and weather events such as floods and
droughts. Therefore, knowledge discovery of SSS is increasingly
becoming a fundamental problem in recent years. However, not
only the inadequacy of in-situ SSS data in large ocean basins are
hampering conduction of detailed analyses of patterning SSS varia-
tions but also conventional data-gathering techniques for SSS esti-
mation are often too expensive and time-consuming to meet the
amount of data required in SSS estimation studies. Conversely, the
brand-new Soil Moisture Active-Passive (SMAP) mission could pro-
vide validated SSS data along with its main objective soil moisture
retrieval. As a result, collecting a candidate data set of surface’s
parameters as inputs to SSS with the aid of Pearson correlation and
Boruta feature selection techniques, this paper aims to study the
predictive skills of machine learning approaches to estimate SMAP
radiometer SSS in the Persian Gulf region from April 2015 to
April 2017. Thus, four machine learning methods including
Support Vector Regression (SVR), artificial neural network (ANN),
random forest (RF) and gradient boosting machine (GBM) were
adopted to model the SSS. Two approaches of GBM and RF pro-
vided scarcely equivalent predictions for both the calibration and
validation data sets that were distinguishably substantiated by
experimental results and simulations, nonetheless, slightly superior
results were attained with the GBMmodel by correlation coefficient
(r) = 0.734, root mean squared error (RMSE) = 0.906 and mean
absolute error (MAE) = 0.627. The findings demonstrate promising
SSS estimation from SMAP, which could provide a baseline to
perceive the large-scale changes in SSS.
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1. Introduction

Sea Surface Salinity (SSS) is a crucial parameter to realize ocean dynamics, which plays an
important role in water cycle and climate systems (Reul et al. 2007), coastal water quality
(Wang and Deng 2018), marine pollution and coastal hazards (Marghany, Hashim, and
Cracknell 2010), water and heat fluxes between the ocean and the atmosphere (Font et al.
2010). SSS is an indicator of areas susceptible to fish aggregation and dispersal (Daqamseh
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et al. 2013) and the distinguishable impacts evidently go beyond the spatial distribution
of many marine organisms as well as the density of the seawater in both coastal systems
and open oceans (Baird and Ulanowicz 1989). Furthermore, SSS can drastically accelerate
the water cycle. Consequently, have an accurate comprehension of the mechanisms for
SSS variations are essential for ecological analysis and practical models to monitor
physical and biological processes in coastal environments (Urquhart et al. 2012).

The typical approaches for SSS prediction use other sensors data such as Moderate
Resolution Imaging Spectroradiometer (MODIS) and MEdium Resolution Imaging
Spectrometer (MERIS) in which, it is mainly assumed there is a connection between SSS
field surveys and different bands of satellite radiance and reflectance data (level 1B)
accompanying different algorithms, such as: Multi Linear regression (MLR) (Khorram
1982; Wong et al. 2007; Marghany, Hashim, and Cracknell 2010; Qing et al. 2013), least
square regression (Wang and Xu 2008; Marghany 2009), Box-Jenkins algorithm (Marghany
and Hashim 2011) and Neural Networks (Urquhart et al. 2012; Erick et al. 2013).

Moreover, some attempts have been made to estimate SSS from Landsat Thematic
Mapper (Xie, Zhang, and Berry 2013) and Landsat 8 Operational Land Imager (OLI) (Zhao,
Temimi, and Ghedira 2017) data. Recently, Chen and Hu (2017) methodically scrutinized
the performance of various algorithms in SSS modelling in the northern Gulf of Mexico by
the remote sensing reflectance data from MODIS and Sea-Viewing Wide Field-of-View
Sensor (SeaWiFS) using different bands numerated respectively as 412, 433, 488, 555, 667,
latitude, longitude as well as sea surface temperature (SST) as inputs; ultimately, the high
efficiency of the Multi-Layer Perceptron (MLP) model was concluded in developing an
estimated model for SSS.

Nonetheless, to remark a number of possible restrictions for field surveys such as
operating time, high expenditures, marine hazards, and lack of access to deep water
areas by research boats (Marshall, Dewitt, and William 2008; Qing et al. 2013; Xie, Zhang,
and Berry 2013). Likewise, due to the inadequate distribution of in-situ data in the vast
oceans (Prakash and Gairola 2013), it seems complicated to conduct observational data
covering large ocean basins.

Furthermore, with the advent of advances occurred in the SSS remote sensing by
launching two missions of Soil Moisture and Ocean Salinity (SMOS) (Kerr et al. 2010) in
November 2009 as well as Aquarius (Le Vine, Lagerloef, and Torrusio 2010) in June 2011,
paved the way for the acquisition of data with higher spatial and temporal resolution
(Font et al. 2010; Gueye et al. 2014). Satellite remote sensing provided the opportunity to
the researchers for estimating SSS across the hydrosphere areas at the satellite overpass,
which results in enhancement of SSS monitoring competence compared to in-situ obser-
vations networks (Urquhart et al. 2012). Some studies have shown the efficiency of SMOS
mission in modelling SSS (Sabia et al. 2012, 2013; Rains et al. 2014) but SMOS data are
unavailable for some parts of the ocean. Moreover, the Aquarius mission is still poorly
used to estimate SSS due to its low spatial resolution and uncertainty about the accuracy
of observations.

The brand-new soil moisture active passive (SMAP) mission launched to space in 2015
can provide global SSS data along with its main objective soil moisture retrieval.
Compared to the Aquarius mission, that had a 100 km spatial resolution, SMAP provides
SSS data not only with a higher spatial resolution of approximately 40 km but also filling
the gap for SSS observations from SMOS and Aquarius. In addition, more recent studies
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(Tang et al. 2017; Ferster and Subrahmanyam 2018; Neerja Sharma 2018) testify the
validation of SMAP SSS and its potential for SSS estimations.

Empirical models which are based on the relationship between various attributes and
target variable have been widely used in modelling applications in recent years. For SSS
applications, Liu et al. (2013) investigated the analysis of SSS modelling in Hong Kong Sea
and allocated SST, Potential Hydrogen (PH), chlorophyll-a concentration (chl-a), and Total
Inorganic Nitrogen (TIN) as input parameters and manipulated Artificial Neural Network
(ANN) and Random Forest (RF) algorithms; while their findings accordingly verified the
high efficiency of the two above-mentioned algorithms that subsequently led to creating
a stable SSS estimation. Moussa et al. (2015) efficiently compared two Multi-Layer
Perceptron (MLP) Neural Network and Multiple Non-linear Regression (MNR) mathema-
tical techniques to estimate SSS from SST and latitude parameters.

Nevertheless, inopportunely, the majority of the models proposed for SSS variations
apply merely a limited number of variables as inputs. Derived from a former literature
review, the variability of SSS is liable to be affected by various factors either via physically-
based models affecting SSS variations by investigating the interior processes occurred in
the behaviour of SSS or through data-driven approaches relevant to methods verifying
the relationship between hydrologic variables from historical measurements by applying
different algorithms. Recurrently regarded as input in SSS studies, namely the SST, chl-a,
brightness temperature, latitude and longitude parameters were the purported para-
meters (Font et al. 2003; Yu 2011; Moussa et al. 2015; Liu et al. 2015; Chen et al. 2017). On
the one hand, it is noteworthy that there are quite a few other parameters that could
feasibly play the same impact on SSS variability. For instance, Murty et al. (2004) and
Séverine, Lee, and Gierach (2016) declared the significant role of evaporation and pre-
cipitation resulted in freshwater flux, as an efficient feature to be taken into account in SSS
estimations. To express it differently, a direct positive relationship between the rates of
the salinity and evaporation is notably observed. Thanks to the high temperature and low
humidity, evaporation would bring about excessive amounts of salts leading to higher
salinity. Notwithstanding, precipitation is reciprocally correlated to SSS as well. Due to the
rainfall trimming down the salinity rate, the volume of water is amplified. Moreover, winds
may well be efficacious on salinity amounts, since the winds can push away the high
saline water to fewer saline waters yielding into lower SSS (Yin et al. 2014; Séverine, Lee,
and Gierach 2016). By means of mixing the seawater, the surface currents would impinge
on the SSS distribution (Bharatdwaj, 2006). Additionally, it has been corroborated that
there would be a sort of meaningful temporal variation in SSS (Bharatdwaj, 2006). To
exemplify it, namely, the water bodies in the northern hemisphere record maximum and
minimum SSS during June (higher evaporation rate) and December (lower evaporation
rate) respectively.

On the other hand, a number of machine learning methods, such as artificial neural
networks (Moussa et al. 2015; Chen and Hu 2017), support vector regressions (Sabia et al.
2012, 2013; Rains et al. 2014), and random forests (Liu et al. 2013) have been successfully
applied to estimate SSS. Having the competence to address complex data sets with
a large number of predictor variables, machine learning techniques are of immense
penchant among scholars (Knoll, Breuer, and Bach 2019). In spite of applying machine
learning techniques in a wide range of estimation problems in different branches, few
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studies have been carried out on putting this method into practice regarding the case
of SSS.

Therefore, this study aims to estimate SMAP SSS using a combination of monthly
environmental parameters inserted to SSS as candidate inputs. Four machine learning
techniques such as support vector regression, neural networks, random forest and gra-
dient boosting machine were selected to perform the analysis and their performance are
relatively compared to each other. It also provides information on the most influential
variables on SSS for the adopted models in the study region.

2. Materials

2.1. Study area

This article substantiates the Persian Gulf (PG) as the study area and building blocks of this
research; a shallow basin, semi-enclosed sea, 1000 km long, 200–300 km wide, with a mean
depth of 35 m and a total volume of 6000 km3. It is bounded to the northwest by the delta
of Iraqi and Iranian rivers, to the south by a wide desert along Iraq, Kuwait, Bahrain, Qatar,
Saudi Arabia and the United Arab Emirates coasts and to the north by the tall Zagros
mountains along the Iranian coast ranging from 24–30° N and 47–56° E (Figure 1).

The PG is mainly affected by the extra-tropical weather systems from the northwest
and subject to strong winds influence on the water circulation and mixing processes
(Polikarpov, Saburova, and Al-Yamani 2016). Being separated from the Oman Sea by the
Strait of Hormuz, it restricts water exchange between these two water bodies. Waters in
the PG are well mixed in the north and stratified in the south (Reynolds et al. 2002). As
a result of strong evaporation plus very limited freshwater river runoff and negligible
precipitation in the surrounding arid climate, the PG waters are among the most saline
water masses in the world’s oceans (Nezlin et al. 2010; Polikarpov, Saburova, and Al-
Yamani 2016). The turning point sounds to be the fact that, both salinity and temperature
experience dramatic spatial and temporal variations (Rezaei-Latifi 2016). Salinities gen-
erally range from about 38–40 (Reynolds 1993) while temperatures reach a salient max-
imum of 32 °C (Moradi and Kabiri 2015). During the peak periods, 60% of the world’s oil
transport originates this region (Rezaei-Latifi 2016) which makes it an area of great
economic significance.

2.2. Data

2.2.1. Smap sss
Launched in January 2015, SMAP provided collocated radar (active) and radiometer
(passive) L-band observations, with an approximate repeat time of three days, consisting
of ascending (6:00 p.m.) and descending (6:00 a.m.) half-orbits. Due to an instrument
anomaly, the radar ceased operation after 11 weeks but the radiometer continued to
function nominally; hence, SMAP radiometer observations were used in this study. The
SMAP radiometer has a resolution of approximately 36 km × 36 km corresponding to the
domain over which the radiometer antenna records half of the power it receives (Lyu et al.
2018). While SMAP’s primary mission objective is to measure soil moisture, its L-band
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radiometer-radar design that is similar to Aquarius perceptibly provides a potential for sea
surface salinity measurements (Lee et al. 2016; Fore et al. 2016).

To a considerable extent, SMAP SSS data are provided globally and daily applying an
eight-day running mean on a 0.25° spatial grid (Version 2 as produced by the Remote
Sensing Systems (RSS), www.remss.com/missions/smap (Meissner and Wentz 2016)), with
the effective spatial resolution of approximately 40 km. In the current study, Level
3-monthly average SMAP SSS (BETA: version2.0, validated release) data were obtained
from RSS from April 2015 to April 2017. A complete description of the SMAP SSS data can
be found in (Meissner and Wentz 2016).

2.2.2. Environmental predictors
Sea surface parameters data sets namely SST, precipitation (P), evaporation (E), chl-a,
geostrophic currents (ucur, vcur), brightness temperatures (Tb,4, Tb,h and Tb,v) and wind speed
(uws, vws) were extracted during April 2015 to April 2017 from different sources. All the
variables have been rescaled to have the same spatial and temporal resolution. Table 1,
analytically gives some details on each product in order to plainly perceive the privileges

Figure 1. Study area (Persian Gulf).
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and drawbacks of each product and their complementarities to probe the PG dynamics. All
related datasets can be found online at http://rslab.ut.ac.ir.

3. Methodology

3.1. Support vector regression (SVR)

Taking the scientific standpoints into account, Support Vector Machine (SVM) as
a technique in machine learning, was coined by Vladimir Vapnik in 1995 (Vapnik 1995).
SVM is a kernel-based approach, providing a statistical model as one of the most recog-
nized methods for distinguishing sophisticated patterns of data. The assumption in SVM is
that the data group is linearly separable to facilitate the hyperplanes with the maximum
margin in order to separate them. SVM is a general term divided into two subclasses of
classification (SVC) and regression (SVR). In most cases of SVR, ε-SVR is mainly applied. In ε-
SVR (Vapnik 1995), the aim is to find a function such as f(x) that has the maximum deviation
of ε from the true targets for all training data and be situated as flat as possible (Smola and
Scholkopf 2004). Suppose that D ¼ xi; yið Þf g stands for a set of training samples in which
xi 2 Rm representing input data vectors and yi 2 R are corresponding output values for i ¼
1; 2; . . . ; n that n would signify the number of samples in the training data and m is
a dimension set for the input parameters. ε-SVR solves the following problem:

minimize
1
2

wk k2C
Xn
i¼1

�i þ ��i
� �

Subject to

wTφ xið Þ þ b� yi � εþ ��i

yi � wTφ xið Þ � b � εþ �i

�i; �
�
i � 0; i ¼ 1; . . . ; n (1)

Considering the dual form of Eq. (1) and introducing Lagrange coefficients and para-
meters of C > 0 and ε> 0 as initial values, the optimization problem is presented as Eq. (2)
(Drucker et al. 1997)

w αi; α
�
i

� � ¼ max � 1
2

Xm
i;j¼1

αi � α�i
� �

αj � α�j
� �

k xi; xj
� �� ε

Xm
i¼1

αi þ α�i
� �þXm

i¼1

yi αi � α�i
� � !

Subject to

Xl
i¼1

αi � α�i ¼ 0; αi; α�i 2 0; C½ � (2)

In conclusion, the approximation function would appear in the form of Eq. (3) (Scholkopf
and Smola 2002).
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f xð Þ ¼
Xm
i¼1

α�i � αi
� �

k xi; xð Þ þ b (3)

C is the upper bound,b is the offset for the regression line and the term of
k xi; xj
� � ¼ φ xið Þ φ xj

� �
is known as kernel function. The model outputs Lagrange

coefficients of α�i � αi
� �

and support vectors. One of the issues mainly encountered
in presenting an SVM model is how to define the kernel and its associated para-
meters. For the reasons discussed in Keerthi and Lin (2003) and Hsu, Chang, and Lin
(2010), the most popular choice for a kernel type in SVRs is typically radial basis
function (RBF), therefore it was selected as the kernel of the SVR model. Hence, The
SVR model has two parameters, C and ε, in the formula and one parameter of γ in
the RBF kernel. With the ‘e1071’ package in the R 3.5.1 software, the SVR model was
implemented (R Core Team 2017).

3.2. Artificial neural networks (ANN)

Inspired by the functioning of the neural system, ANNs, as one of the most well-known
artificial intelligence models, are an accumulation of neurons with the particular structure
formed based on the relationship between neurons in different layers. The major super-
iority of the ANN technique over conventional methods is that they study a problem
without any prior knowledge (Haykin 1999; Wang et al. 2009). An ANN typically comprises
three layers: the input layer, where the data are introduced to the network; the hidden
layer or layers, there are some nodes that they are adjusted by activation functions and
numeric weights from a large number of input-output pairs; and the output layer, hither
the results of given input are produced (Wang et al. 2009).

In the current study, A Multi-Layer Perceptron (MLP) neural network with one hidden
layer has been used (Haykin 1999). One of the initial hunches to frame the research
agenda is that the number of neurons optimization in the hidden layer and weight are the
most crucial step in the development of an ANN model. To choose the number of hidden
neurons, various criteria were proposed by researchers. Most of them fixed the number of
hidden neurons based on multiple runs in a trial-and-error strategy that is evaluated by
some criterion. Here, in order to determine the number of hidden neurons (size) and the
weight decay parameters, a trial-and-error strategy was applied using the root mean
squared error (RMSE) as the criterion. Subsequently, to meet optimized performance
criteria for the training data sets, the best combination of weights and the number of
hidden neurons were employed. The ANN model was accordingly performed with the
‘neuralnet’ package in the R software.

3.3. Random forest (RF)

Being grounded on a set of assumptions, RFs introduced by Breiman (2001) are an
ensemble of decision trees based on bootstrap aggregation with a randomly selected
subset of the available predictors widely applied for regression problems. The predictor
variable and split of the data based on the predictor variable generating the best estima-
tion of the dependent variable based on RMSE are calculated. Probing beyond the available
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literature, The final predicted values are based on the average of the individual tree
predictions (Linder, Horne, and Ward, 2017). In the present study, the RF training and the
test steps implemented through the out of bag (OOB) method in ‘randomForest’ package
of R software. To take values about some tuning parameters, RF obliges users to be
involved: mtry as the number of supplementary data in each random subset, nodesize
which relates to the tree depth and ntree per as the number of trees in the forest; likewise,
Further details about the RF model can be found in Breiman (2001).

3.4. Gradient boosting machine (GBM)

Proposed by Friedman (2001, 2002), Gradient boosting machine (GBM) is another trendy
ensemble method for machine learning. In order to solve regression and classification
problems, GBM was proficiently applied to meet such a purpose. It builds a model in the
form of an ensemble of weak models, typically decision trees. GBM algorithm is
a combination of a series of weak models that are periodically constructed to form
a robust model. The implementation of GBM algorithm is as below:

(1) Suppose the training dataset as x1; y1ð Þ, . . ., xn; ynð Þ in which xi 2 X is a vector of
input variables and yi 2 Y are the labels

(2) Initialization of the model with a constant value:

F0 xð Þ ¼ argminγ
Xn
i¼1

L yi; γð Þ (4)

(3) For i ¼ 1; . . . ; n and m ¼ 1; . . . ;M (M is the number of iterations for GBM),
compute the residuals as:

ri;m ¼ δL yi; F xið Þð Þ
δF xið Þ

� �
F xð Þ¼Fm�1 xð Þ

(4) For xi; ri;m
� �� 	n

i¼1, find hm model such that it minimizes the loss function

hm ¼ argminh2HL ri;m; h xið Þ� �
(5)

(5) Then, GBM computes the γm from

γm ¼ argminγ
Xn
i¼1

L yi; Fm�1 xið Þ þ γhm xið Þð Þ (6)

(6) The final model (Fm) is computed as

Fm xð Þ ¼ Fm�1 xð Þ þ γmhm xð Þ (7)

It is indispensable to tune four parameters in GBM to have an optimized model, including:
ntree (number of trees which is the number of gradient boosting iteration), interaction
depth (the complexity of the tree), shrinkage (or learning rate) and n.minobsinnode
(as the minimum number of observations in trees’ terminal nodes). The GBM model was
implemented with the ‘gbm’ package (Ridgeway 2007) in the R software.
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3.5. Performance criteria

To make room for a more deployed results, the performance and reliability of models
were evaluated by three different irreducible criteria: correlation coefficient (r), RMSE and
mean absolute error (MAE). The formulas are comparatively displayed in Table 2. Each
criterion is obtained with an efficiency indicator via observed and predicted values. Xobs
and Xpred are observed and predicted values, Xobs;max is the maximum of available obser-

vation data while Xobs;min is the minimum, and �Xobs and �Xpred stand for the average
observed and estimated values for each ‘i’ observation, respectively. An efficient model
will explicitly have r close to 1.0 and RMSE and MAE of almost 0.0.

4. Results and discussion

4.1. Model development

The first step is to define the model structure. A set of 14 candidate variables consist of
SST, E, P, chl-a, ucur and vcur, Tb,4, Tb,v and Tb,h, uws, vws, lat, lon and JD was selected for
possibly influencing SSS as the output parameter. The next step is to maintain consis-
tency of spatial resolution for datasets. The k-nearest neighbour (k-NN) algorithm was
used to perform the process of rescaling due to the simplicity of implementation.
Having eliminated NAN values, at last, 2328 samples were considered as total data for
two full years of April 2015 to April 2017, which were randomly divided into two subsets
of 70% (n = 1630), 30% (n = 698) for training and test data sets, respectively. The training
set was used to train the network. The test data set was used to verify the actual
predictive power of the network. To a certain extent, the k-fold cross validation (CV)
strategy regarded to be a typical and popular in practice as one of validation methods in
the field of supervised machine learning was applied to train the models. In the current
contribution, the k was set to 10 and the model training was repeated three times to
estimate model performance. Afterwards, the mean values were used to evaluate the
performances. The next step is data scaling. It is very important to carry out this step
before applying the model. One of the privileges of this step is to prevent the domina-
tion of attributes with a higher numerical range on the smaller ones and avoiding
numerical problems during computation. Sarle (1997) has meticulously discussed the
importance of this issue and other considerations. Here, the input and output samples
are normalized between −1.0 and 1.0. The Eq. 8 is used for normalization.

Xnorm ¼ �1ð Þ þ 2
Xi � Xmin

Xmax � Xmin


 �
(8)

Table 2. Different criteria for the final evaluation of the model.
Criterion Formula

Correlation coefficient
r ¼

Pn

i¼1
Xobs;i��Xobsð Þ Xpred;i��Xpredð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
Xobs;i��Xobsð Þ2Pn

i¼1
Xpred;i��Xpredð Þ2

q
Root mean squared error

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
Xobs;i�Xpred;ið Þ2

n

r
Mean absolute error

MAE ¼
Pn

i¼1
Xobs;i�Xpred;ið Þ
n
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where X is the experimental data, min and max represent the minimum and maximum,
respectively.

4.2. Feature selection

With the aim of creating an optimal model, having an uncorrelated and most informative
combination of input data is very crucial. To meet this objective, various methods have
been seamlessly presented in literature including Multiple Regression Analysis, Principal
Component Analysis, Pearson Correlation analysis, Boruta feature selection and so forth.
In this study, To evaluate the correlation involving features, ‘Pearson Correlation Analysis’
(Pearson 1901) package was employed in R 3.5.1 software. According to Figure 2, the
r value between the input and output variables range from 0 to 0.38, with the highest
value for the SST parameter, while variable Tb,4 enjoys the lowest correlation with SSS. In
order to corroborate that the absolute correlation between parameters is less than 0.90,
a cut-off = 0.90 parameter was allocated to eliminate the predictors. As the collinearity
analysis among predictors result in a strong correlation of −0.91 between the two
variables; lat and lon, consequently the lon parameter will be eliminated from the
model due to the lower effect of its spatial pattern on SSS variations (Moussa et al.
2015; Rajabi, Hasanlou, and Safari 2017). Additionally, a Boruta feature selection technique

Figure 2. Pearson’s correlation coefficients (r) between the utilized features.
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(Kursa and Rudnicki 2010) was utilized to signify the pertinent features. Iteratively remov-
ing the features proven to be statistically less relevant than random probes and artificial
noise variables introduced in the model by the algorithm based on RF (Sanchez-Pinto
et al. 2018), the Boruta algorithm is a random forest-based method. Therefore, it merits
mention that it has the privilege of dealing with the nonlinear relationships between the
features (Keskin, Grunwald, and Harris, W. 2019), while a comprehensive discussion about
the methodology could be found in Xiong et al. (2014). To execute Boruta variable
selection method in R software, the Boruta package was used. By implementing the
Boruta algorithm, as shown in Figure 3, no features were deemed unimportant, therefore
they were all kept in the model. As a result, the number of predictors would diminish from
14 to 13.

4.3. Results of hyper-parameters tuning

Given the fact that a GBM algorithm is strongly rooted in several parameters such
as the maximum depth (interaction depth or J) of a tree, maximum number of
trees (T or iterations), sample rate (shrinkage or r), and the regularization para-
meter (n.minobsinnode or η), in order to prevent over fitting and determining
user-defined parameters used in GBM, we carried out a hyper-parameter optimiza-
tion by varying these parameters creating a grid of T ×J ×r ×η = 2340 combina-
tions, in particular, T ∈{100, 200, 300, . . ., 900, 1000, 1500, 2000, 5000}, J ∈{1, 2, 3,
4, 5, 6, 7, 8, 9}, r ∈{0.001, 0.01, 0.1, 0.3, 0.5}, and η ∈{5, 10, 15, 20}. Then, the
researchers executed a 10-fold CV for each of the combinations. Ultimately, the
optimal GBM approach based on 10-fold CV results with the minimal CV RMSE was
selected, in particular having the parameters T = 2000, J = 9, r = 0.01, and η = 5

Figure 3. Box plots of the z-scores registered by the boruta feature selection algorithm to identify the
most significant predictors. Blue corresponds to the shadow inputs while the green represents the
z-score distributions of confirmed inputs with notably large importance.
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(see Figure 4). The final GBM for SSS had a minimum training RMSE of 0.87 for
training dataset using the CV procedure as well.

Figure 5 exhibits tuning parameters of the SVM, ANN and RF models by 10-fold CV
processes. Along with two parameters (Cost and σ) for optimal tuning, the RBF kernel
function is applied in the SVM investigation and implemented from the e1071 package.
The Cost parameter of the SVMmodel is optimized as Cost = 8, and the gamma parameter
of the kernel function is σ = 0.025 (see Figure 5(a)).

The optimal values of weight penalty parameter (decay) and size of the network (size)
used for the ANN model was 0.1 and 13, respectively. The number of neurons ranging
from 1 to 20 in the hidden layer to build different models was examined. As for the weight
decay parameter, the values alter as a sequence of 0, 0. 1 and 1.0. The other parameters
were allotted as the default values. The model minimizing the error between the training
data and the network’s output is considered as the optimized model. As illustrated in

Figure 4. Plots of resampling profiles to examine the relationship between estimates of performance
and tuning parameters for the GBM model with RMSE.
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Figure 5(b), in order to verify the optimal parameters, the plot of variations in RMSE values
for the train data was mapped through raising the number of neurons at diverse decays.
In proportion to Figure 5(b), when the decay equals to 0.1, the plot has lower fluctuations
and sounds smoother. Likewise, the number of 13 neurons in the hidden layer is chiefly
regarded as the finest structure, since it would lead to the least amount of RMSE. In
consequence, the optimal architecture of 13 ×13 ×1 was obtained for the ANN model.

It is initially critical to improve the value of the ntree, mtry and nodesize parameters to
fulfill the optimal model in the RF method. As the results displayed in Figure 5(c), in this
contribution, the nodesize was set to the 14 and the value of the ntree was reckoned to
constant as 500; whilst for the mtry, according to Tongal and Booij (2018), the values from

Figure 5. Plots of resampling profiles to examine the relationship between estimates of performance
and tuning parameters for the (a) SVR, (b) ANN, and (c) RF models with RMSE.
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1 to twice the number of inputs of the model (after Feature Selection) were designated
equal to 26. The results of Figure 5(c) discernibly exhibit that the best RF performance
inmtry mode is equal to 8, since, after 3 times repetition of the RF implementation through
CV, the mean RMSE reaches the lowest value of 0.88. Associated with their results for
predicting training set based on mean RMSE, the hyper parameter settings for GBM, ANN,
SVM, and RF are illustrated in Table 3.

4.4. Comparison of predicting capabilities of machine learning models

The results of employing SVR, ANN, GBM and RF models using a 10-fold CV during the
training process are depicted in Figure 6 to differentiate a comparison. The consequential
predictive performance is measured by MAE, RMSE and coefficient of determination (R2)
of the particular statistical models (Table 2). The boxplot in Figure 6 proposes that the

Table 3. Tuning parameters for each model associated with their accuracy.
Model Tuning parameters Value Optimal value Mean (RMSE)

SVR Cost {2, 4, 8, . . ., 128} 8 0.92
σ {0.001, 0.005, 0.01, 0.015, 0.02, 0.025, 0.25, 1} 0.025

ANN Weight decay {0, 0.1, 01} 0.1 0.95
Size (hidden neurons) {1, 2, . . ., 20} 13

RF ntree 500 500 0.88
mtry {1, 2, . . ., 26} 8

Nodesize 14 14
GBM ntree {100, 200, 300, . . ., 900, 1000, 1500, 2000, 5000} 2000 0.87

Interaction depth {1, 2, . . ., 9} 9
Shrinkage {0.001, 0.01, 0.1, 0.3, 0.5} 0.01

n.minobsinnode {5, 10, 15, 20} 5

Figure 6. Boxplot distributions of the training set with metric of MAE, RMSE, and R2 for four methods –
resulting from 10-fold CV procedure by the algorithms.
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RMSE values for training data diverge from 0.871 to 0.950. The MAE values for the training
samples range from 0.602 to 0.672 for the ANN and GBM models, respectively.
Furthermore, the training accuracy based on the r for final ANN, SVM, RF and GBMmodels
is 0.704, 0.733, 0.752 and 0.756, respectively. By the attained results, it can be noticeably
monitored that the GBM algorithm yields better performance for training set in contrast
to ANN, SVM, and RF models.

To validate the predictive models based on the predicted and measured (real) values,
test samples were validated by the optimized models (Figure 7). As depicted in Figure 7,
the GBM has the lowest RMSE (0.906) and MAE (0.627) and the highest mean r (0.734).
Therefore, GBM is the best model for predicting SMAP SSS in PG. Evidently; the RF model
presented a close accuracy to GBM due to r, RMSE and MAE equal to 0.727, 0.914 and
0.631, whereas SVR and ANN show lower predictive performances with an r value of 0.719
and 0.679, respectively. Evidently outperforming SVR and ANN, the so-called inclination of
similar performance of RF and GBM, is apparent for all criteria estimated in this contribu-
tion. The results also illustrate that the models forecast the new data to the same extent as
training data. Likewise, while compared to the standard deviations of observational data

Figure 7. Scatter plot of the observed SSS versus predicted SSS in (a) ANN, (b) RF, (c) SVR, and (d) GBM
algorithms during test processes.
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(Table 1), the RMSEs of all models were lower, which proposed that application of auxiliary
data had better performance to predict SSS than what was expected using the observed
values alone.

4.5. Variable importance

In this research study, ‘varImp’ function of the ‘caret’ package (Kuhn 2008) in R 3.5.1
software was used to evaluate the relative importance of predictors in two optimized
GBM and RF models. To compute the variable importance for the RF model, the MSE is
computed on the out-of-bag data for each tree, and then the same computed after
permuting a predictor. For the GBM model, the varImp function employs the same
procedure as a single tree but sums the importance over each boosting iteration (Kuhn
2008). As shown in Figure 8, in order to come up with a more coherent comparison, all
the values scaled to 0 to 100 values and variables are sorted by average importance
across the features. Regarding Figure 8, the implicit point is that for both of the models,
the first four important features are lat, SST, uws and vws. Moreover, for elucidating
spatial variations of SMAP SSS in GBM and RF models, lat is the most significant
variable. Although it tended to be as a feasible outcome due to the correlation of
SSS estimates to the location element, the relationship between these two variables
was well defined and cited in literature (Urquhart et al. 2012; Moussa et al. 2015). SST as
the second influential variable in the GBM model and the fourth ranked in RF model,
with the most influence on the SSS distribution is one of the most central factors in the
SSS estimates, as in compromise with previous studies (Liu et al. 2013). Afterwards, the
wind speed variable is also noteworthy, concurred with the preceding results that
considered the wind speed as a major factor in predicting SSS in the study area
(Chao, Kao, and Al-Hajri 1992). Tb and chl-a are another crucial variables in Persian
Gulf SSS modelling, nevertheless, the portion of E, P, ucur, vcur and JD variables are
lower than other inputs.

Figure 8. Variable importance contribution of input features in (a) RF and (b) GBM models.
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5. Conclusions

The paper surveys research conducted in the PG with the aim of comparing various
algorithms to estimate the relationship between SMAP SSS and environmental influential
predictors for a two-year period. Only data for which all measurements were available
were used (n = 2328). The results of this study verify the possibility of predicting SMAP SSS
using machine learning approaches as a prevailing methodology. Moreover, the results
indicate that the selected inputs had a robust correlation with SSS. Likewise, for evaluat-
ing the proposedmodel assessment, a new set of independent samples as the test set was
implemented and the results speculated satisfactory performance of adopted models in
SSS estimation. The results demonstrate that the highest prediction accuracy is that of
GBM, followed by RF, and the difference between the two is that of petite amount.
However, it was an expectable result as the two models are very similar and both are
based on an ensemble of decision trees. SVR and ANN encompass identical prediction
accuracy. The prediction accuracy of ANN is the worst among all of the algorithms. In
addition, the most central factor for SSS estimation in PG among them was latitude,
followed by SST and wind speed. To name a few findings of the research are as: (1) As far
as we are concerned, this study is only a preliminary attempt towards enhancing our
understanding of modelling SSS by SMAP radiometer however it proves an obvious
privilege over the classical methods and has many interesting applications due to the
span and higher resolution of SMAP SSS data, (2) To reinforce the model predictive
capability, the methodology used to estimate SSS in this study could be extensively
applied for other regions as well specifically the locations with scarce field observed
data, (3) Due to inadequate data of high spatial resolution, some of the features influen-
cing SSS estimation process were not considered such as TIN and PH. By taking into
account these variables and perform modelling by adding them, it is likely feasible to
attain more reliable results, and (4) The main goal of this paper was to survey the
predictive aptitudes of these models for the analysed dataset to estimate SSS from
SMAP radiometer, hence, four popular machine learning techniques were applied.
Other novel approaches could be applied to improve the results. Nevertheless, the current
study endorses the benefits of merging remotely-sensed data by implementing machine
learning techniques to have a cost-effective prediction of SSS. We are currently in the
process of more broadly contemplating on the contribution of inputs and accomplishing
feature selection techniques to have a better comprehension; hence forthcoming studies
would undoubtedly involve the generalization of the applied model in different study
areas by promoting our knowledge about all the potential factors affecting SSS variations.
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