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Salinization is a threat to global agricultural and soil resource allocation. Current investigations of global
soil salinity are limited to coarse spatial resolution of the available datasets (>250m) and semiqualitative
classification rules (five ranks). Based on these two limitations, we proposed a framework to quantitatively
estimate global soil salt content in five climate regions at 10 m by integrating Sentinel-1/2 remotely
sensed images, climate, parent material, terrain data, and machine learning. In hyper-arid and arid region,
models established using Sentinel-2 and other geospatial data showed the highest accuracy with R? of
0.85 and 0.62, respectively. In semi-arid, dry sub-humid, and humid regions, models performed best
using Sentinel-1, Sentinel-2, and other geospatial data with R? of 0.87, 0.80, and 0.87, respectively. The
accuracy of the global models is considerable with field validation in Iran and Xinjiang, and compared
with digitized salinity maps in California, Brazil, Turkey, South Africa, and Shandong. The proportion of
extremely saline soils in Europe is 10.21%, followed by South America (5.91%), Oceania (5.80%), North
America (4.05%), Asia (1.19%), and Africa (1.11%). Climatic conditions, groundwater, and salinity index
are key covariates in global soil salinity estimation. Use of radar data improves estimation accuracy in wet
regions. The map of global soil salinity at 10 m provides a detailed, high-precision basis for soil property
investigation and resource management.
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Introduction

The increasing global soil salinization that affects soil health and
constrains agricultural production has become a major global
land degradation problem. Over 1 billion hectares of soil suffer
from salinization [1]. Saline soils are predominantly found in
China, India, Pakistan, Iran, Australia, and the United States
[2]. The consequences of soil salinity extend to environmental
and social issues, particularly in arid and semi-arid regions [3].
Globally, about 20% of irrigated soils are salinized, with this
figure rising to over 30% in Egypt, Iran, and Argentina [3].
Nevertheless, the availability of soil samples with salinization
measurements remains limited, and comprehensive data prod-
ucts on soil salinity content are scarce. High-quality assessments
of global soil salinization are lacking. Hence, a rapid and accu-
rate detection method of soil salinity is needed to support sus-
tainable agricultural practices and ecological protection.
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Currently, a limited number of datasets qualitatively describe
saline soils. The World Reference Base for Soil Resources (WRB)
and Harmonized World Soil Database (HWSD) classify solon-
chaks at a spatial resolution of 250 m and 1 km, respectively.
But salt also tends to accumulate in other types of soils such as
Calcisols, Solonetz, and Arenosols. Although WRB and HWSD
are important references for soil type classification, they are
limited in expressing the continuity of soil salinity content [1].
The World Soil Information Service (WoSIS) offers a valuable
resource with over 100,000 georeferenced soil salinity data
points, but the sparse samples are limited to describe global soil
salinization [4]. In areas with insufficient data, the European
Union (EU) developed an area-frame randomized soil sampling
(ARRSS) method, which functions to randomly generate sam-
ples with geographical information [5-7]. Although the soil
dataset published by WoSIS is not evenly distributed, it has been
widely used to effectively estimate soil attributes. Recent studies
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are focusing on estimating soil salinity from regional to global
scales by remotely sensed images.

The accumulation of salt in soil is affected by soil texture,
moisture, and meteorological conditions [8]. Many studies
have integrated specific covariates and machine learning (ML)
regression algorithms to quantitatively estimate soil salinity at
regional scales [4]. Image reflectance and salinity index derived
from remote sensing data can be used to estimate the soil salin-
ity, as soil with a higher salt content has a larger reflectance in
the visible-near-infrared region of bands [9]. The composition
of soil particle fractions and topographical and geological con-
ditions affect the accumulation of water in soil [2]. As a high
salt content in soils negatively affects the growth of crops, vari-
ous vegetation indices have been used to characterize soil salin-
ity in previous studies [10]. In arid and semi-arid regions, the
high evapotranspiration and low precipitation cause rapid accu-
mulation of salt in sandy soils [11]. In drier soils, salinity esti-
mation frequently relies on soil texture information and salinity
indexes calculated from remote sensing data. Conversely, in
humid regions such as salt marshes in coastal areas, vegetation
indexes, soil moisture content, and climatic conditions are deci-
sive estimators of salinity [8]. Tree-based algorithms (for exam-
ple, classification and regression trees), random forest (RF),
cubist, and neural networks (for example, artificial and convo-
lutional neural networks and temporal convolutional networks
are most popular models used in the quantitative description
of soil salinity) [9,12]. Ivushkin et al. [1] mapped global soil
salinity changes at 250 m, by applying RF classification with soil
property maps, field observations, and thermal infrared images
between 1986 and 2016, with R* of 0.67 to 0.70. This ranked
map of global soil salinity level is an important reference for
soil property surveys, but it lacks a quantitative and high-
resolution description of soil salinity content and cannot pro-
vide field-level actionable information for soil management.
Hoa et al. [13] estimated soil salinity in Vietnam at 10 m, using
Sentinel-1 images and ML approaches, and obtained an R* of
0.66. Nabiollahi et al. [11] calculated soil salinity in Iran at 10 m
using Landsat 8 and Sentinel-2 data, with relatively good accu-
racy (R* ~0.60 to 0.80, when compared against in situ data).
Quantitative inversion techniques have shown benefits in creating
detailed soil salinity maps, and high-resolution remote sensing
images with global coverage now provide valuable data on a
global scale.

There is a lack of quantitative estimation of soil salinity at a
high resolution and large scale. Based on this research gap, we
proposed an innovative methodology to produce global soil
salinity map at a spatial resolution of 10 m. This approach relies
on four main steps: (a) collect and calculate global covariates
derived from multi-source remote sensing and other geospatial
data, (b) construct soil salinity training and testing datasets
over sub-regions according to global climatic conditions, (c)
quantitatively map global soil salinity using multi-source
covariates and RF regression at each sub-region, and (d) evaluate
the precision and uncertainty of the models using the bootstrap
method. Our results provide fine resolution data for soil sali-
nization management.

Materials

Global climate class data
The Global Aridity Index and Potential Evapo-Transpiration
(AI-ET) Climate Database was used to assess global climate
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conditions at 1 km (https://cgiarcsi.community). The annual
average of aridity index (Al precipitation/evapotranspiration)
over the 1970-2000 period was used to generalize climate classi-
fication according to United Nations Environment Programme
(UNEP) [14]: hyper-arid (<0.03), arid (0.03 to 0.2), semi-arid
(0.2 t0 0.5), dry sub-humid (0.5 to 0.65), and humid regions
(>0.65) (Fig. 1). It has been observed that salt is more likely to
accumulate in climate zones with an AI lower than 0.5 [15].
Salinization can also affect soil health in naturally humid areas,
such as coastal regions and river deltas, where soil may be
inundated with seawater. Consequently, we classified global
climate zones based on Al values to evaluate and estimate soil
salinity content, considering climate regions with distinct
dryness levels.

Ground soil salinity datasets

Global modeling datasets

WOoSIS compiled about 96,000 geo-referenced soil profile sam-
ples around the world [4]. WoSIS record 18,148 electrical con-
ductivity (EC,) data at the top layer of soil profiles measured
from a water-saturated soil paste extract [16]. Soil salinity
samples were ranked into non-saline (<2 dS m™, 11,396 points),
slightly saline (2 to 4 dS m ™, 2,047 points), moderately saline
(4to 8 dS m™’, 1,858 points), highly saline (8 to 16 dS m™’,
1,524 points), and extremely saline (>16 dS m~', 1,323 points)
[17]. The ground-truth dataset exhibits an uneven distribution
due to the challenges of sampling locations, and in some cases,
local data holders may be unwilling to make the data publicly
available. To balance the number of points in different saliniza-
tion levels with the five climate zones, we assume that there is
no salinization in acidic soil in the arid region (defined by
WRB) [18]; thus 3,000 samples were randomly generated in
these regions and defined as “non-salinity” datasets to comple-
ment the original WoSIS datasets (Fig. 1). The sample selection
procedure employs a randomized and unbiased points approach
at the pixel scale. Notably, soil sampling sites are densely dis-
tributed in North America but sparsely distributed in Asia. At
the global scale, most sampling points are concentrated in arid
and semi-arid regions. Despite these limitations, the WoSIS
database remains the most comprehensive and up-to-date
source of global soil salinity investigation, thus serving as the
foundation for this research [1].

Case studies and datasets

Previous research has predominantly focused on regional soil
salinity estimation. Soil salinization typically affects soils in
arid and semi-arid areas, leading previous studies to primarily
concentrate on soil salinity in drier regions such as Iran, Iraq,
Turkey, and Xinjiang in central Asia, as well as coastal areas like
Shandong Province in China [19-23]. To address the regions
where soil salinization is frequently observed or relatively
severe, we have seven typical areas as case studies to evaluate
the performance of our modeling approach. These cases include
Xinjiang (China, Asia), the Yellow River Delta region (Shandong
Province, China, Asia), Iran (Asia), Turkey (Asia), South Africa
(Africa), Afonso Bezerra and Alto do Rodrigues (Brazil, South
America), and California (United States, North America) (Fig.
2). The case of Iran primarily represents soil salinization in arid
regions, offering valuable insights into salinity issues in such
environments. Conversely, Shandong and Turkey, due to their
proximity to the sea, serve as important cases for soil saliniza-
tion studies in more humid regions, where unique challenges
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are encountered. Xinjiang, South Africa, and California repre-
sent different climatic regions, making them ideal candidates
as representative cases for comprehensive inversion of soil
salinity in diverse climatic zones across Asia, Africa, and North
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America. The case study in Brazil (Afonso Bezerra and Alto do
Rodrigues) is especially relevant for understanding soil salini-
zation in semi-arid regions in South America, providing crucial
data and insights for this specific climatic context.
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To verify the global model at regional scale and prove a
robust estimation at spatial resolution of 10 m, we collected
71 topsoil samples (0 to 0.3 m) in Iran and 140 samples (0t0 0.3 m)
in Xinjiang in 2019 as independent validation dataset. Field
experiments and collection of regional soil samples of Iran were
available in the central and western Isfahan Province. In
Xinjiang, topsoil samples were collected through field surveys
in arid and hyper-arid regions. Soil EC, was measured in satu-
rated paste. For cases in California [19], Afonso Bezerra and
Alto do Rodrigues in Brazil [20], Turkey [21], South Africa
[22], and Shandong province [23], the digital soil salinity maps
published in previous studies were used as validation datasets.
According to the published digital soil salinity maps, 50 veri-
fication points were randomly generated in each category of
salinized areas (Fig. 3).

Soil salinity modeling covariates

Remote sensing data

Driven by the earth’s water cycle, salt accumulates in soil driven
by climate, soil conditions, vegetation, and topography. To iden-
tify soil salinity content, topography, and vegetation, soil prop-
erties based on remote sensing ground observation data and
geographical auxiliary data are used for estimation. Optical
Sentinel-2 and microwave Sentinel-1 images were employed to
calculate various indices for observing soil salinity. Forty-four

A Regional validation in California

120°36'0"W 119°30'0"W

remote sensing covariates collected from previous studies are
shown in Table 1. Sentinel-2 L2A Bottom of Atmosphere (BOA)
reflectance data were computed by running sen2cor for the
atmospheric correction, and were acquired using Google Earth
Engine (GEE). To remove the clouds on the image, S2 images
from 2019 August 1 to 2019 September 30 were selected to
remove clouds with S2 cloud probability data. To enhance the
robustness to outliers and extreme values and preserve the tem-
poral patterns, the pixel-wise median value of the images was
calculated at 10 m [24]. Sentinel-1 data obtained in dual-band
cross-polarization and interferometric wide-swath mode were
used. The median value of S1 images from 2019 August 1 to
2019 September 30 was calculated to obtain global-covered
microwave remote sensing data at 10 m. A total of 44 covariates
calculated using S2 and S1 data were used to estimate soil salinity
(Table 1).

Other geospatial data

Additionally, numerous potential exhaustive Scorpan covariates
relevant to soil formation are available at a global scale. The
most common ones include climate, parent material, and
terrain attributes [4,25]. Precipitation affects the soil evapo-
transpiration and changes the migration and accumulation of
salt. Annual mean precipitation (mm) was obtained from the
WorldClim 2.1 dataset at 1 km. The composition of soil particles
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affects the water and fertility retention, and indirectly deter-
mines the presence of salt [11]. SoilGrids v2 provides one of
the most recent and coherent global datasets of soil composi-
tion [25]. The soil composition patterns, including the propor-
tion of silt, sand, and clay, were obtained from the SoilGrids
dataset at a 250-m spatial resolution. Groundwater table depth
(WTD) data reveal the control of the climate environment along
with the distribution of global wetlands at a 1-km spatial resolu-
tion [26]. A multi-error-removed improved terrain (MERIT)
digital elevation model (DEM), which provides elevation and
slope data at about 90 m, was used as terrain-based auxiliary
data [27]. All remote sensing data, environmental auxiliary data,
and terrain auxiliary data (Table 2) were resampled to 10 m

using bilinear resampling method to construct a covariate
dataset for global soil salinity estimation.

Our study aimed at investigating the salinity in soils, so
glaciers, permafrost, deserts, and seawater submerged areas are
not considered. The climate type of global desert, tundra, and
frost was classified by the Koppen-Geiger system at 0.1° X 0.1°
grid [27]. Desert and tundra climates are considered extreme
climate types, which are unsuitable for plant growth or land
use, so they were masked in this study. The global extent of tidal
flats from 2014 to 2016 was masked using the Murray Global
Intertidal Change Dataset at 30 m using the GEE platform [28].
The flooded areas were masked using the Global Flood Database
from Terra and Aqua MODIS sensors [29].

Table 1. Forty-four covariates with feature types, description, and formula

Feature types Description Formula Reference

Original backscatter Normalized backscatter coefficient 075

feature

Radar index Ratio of backscatter coefficient B e % [56]
Total scattering power SPAN = 02 +y V;/SIZ)O'S [58]
Normal difference index NDI = 7/8/ - y% [56]
Radar vegetation index RVI=y0 /(v% +79) [59]
Square difference index SDI=(y%2 = y52) / (%2 + v [56]

Salinity indices Salinity index SI=(GxR)*® [60]
Salinity index 1 Sll=(G+R)®® [61]
Salinity index 2 SI2=(NIR?+G?+R?)%® [61]
Salinity index 3 SI3=(G*+R%)*® [61]
Salinity index 4 SI4=SWIR, / NIR [62]
Salinity index | S1=B/R [61]
Salinity index Il S2=(B-R)/ (B+R) [61]
Salinity index IlI S3=GxR/B [61]
Salinity index V S5=BxR/G [61]
Salinity index VI S6=RxNIR/ G [61]
Salinity index VI S7=(SWIR; - SWIR,) / (SWIR;+ SWIR,) [63]
Salinity index VII S8=(G+R)/2 [62]
Salinity index IX S9=(G+R+NIR) /2 [62]
Salinity index SI-T=R/NIRx100 [60]
Soil salinity and sodicity indicesl SSSI-1=R-NIR [63]
Soil salinity and sodicity indices2 SSSI-2=(RxNIR - NIRxNIR) /R [63]
Normalized difference salinity index NDSI=(NIR - SWIR,) / (NIR+SWIR;) [64]
Canopy response salinity index CRSI=[(NIRxR-GxB)/ [65]

(NIRxR+GxB)]*

Salinization remote sensing index SRSI=[(NDVI - 1)2+SI?1° [66]
Salinity ratio index SAIO=(G—NIR) / (B+NIR) [3]
Enhanced residues soil salinity index ERSSI=G2/ (B x SWIR;) [57]

Soil indices Clay index CLEX=SWIR,;/ SWIR, [47]
Gypsum index GYEX=(SWIR,— NIR) / (SWIR,+NIR) [47]
Carbonate index CAEX=G/B [47]
Brightness index Bl=(G%+B?%°% [60]

(Continued)
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Table 1. (Continued)

Feature types Description

Formula Reference

Vegetation indices Ratio vegetation index

Enhanced normalized differential vegeta-

tion index
Infrared percentage vegetation index

Generalized difference vegetation index

Non-linear vegetation index

Green atmospherically resistant vegetation

index

Normalized differential vegetation index

Differential vegetation index
Enhanced vegetation index

Soil-adjusted vegetation index

Optimized soil-adjusted vegetation index

Global vegetation moisture index

RVI=NIR/R [67]
ENDVI=(NIR+SWIR;-R) / (NIR+SWIR,+R) [44]

IPVI=NIR / (NIR+R) [68]
GDVI=(NIR?=R?) / (NIR>+R?) [69]
NLI=(NIR?=R) / (NIR>+R) [69]
GARI={NIR - [G+yx(B—R)]} / {NIR + [70]
[G+yx(B=R)]}
NDVI=(NIR—R) / (NIR+R) [44]
DVI=NIR-R [9]
EVI=(1+L)x(NIR-R) / (NIR+CIxR - [71]
C2xB+L)
SAVI=[(NIR-R) / (NIR+R+L)]x (1+L) [70]
OSAVI=(NIR - R) / (NIR+R+0.16) [72]
GVMI=[(NIR+0.1)— (SWIR+ 0.02)] / [73]

[(NIR+0.1)+ (SWIR,+ 0.02)]

Table 2. Geospatial covariates with spatial resolution, unit, and reference

Feature type Covariate Spatial resolution Unit Reference
Climate data Annual mean precipitation (prec) 1km mm WorldClim 2.1
Evapo-transpiration (ET) 1km mmday~'  The Global Aridity Index and Potential
Evapo-Transpiration Climate Database
Aridity index and potential evapo-tran- 1km / The Global Aridity Index and Potential
spiration index (AI-ET) Evapo-Transpiration Climate Database
Parent material  Silt 250m % SoilGrids
Sand 250m % SoilGrids
Clay 250m % SoilGrids
Groundwater Groundwater table depth (WTD) 1km m [26]
Terrain data Elevation 90m m MERIT DEM
Slope 90m ° MERIT DEM

Methods

RF algorithm

By integrating S1, S2, and other geographic data, we used the
global ground soil salinity data to train the bootstrap-RF model.
All data were divided into five sub-datasets according to the
Al, and five estimation models were independently constructed
in hyper-arid, arid, semi-arid, dry sub-humid, and humid
regions. Then, we estimated soil salinity in five climate zones
and verified the accuracy and uncertainty to obtain a global
soil salinization map at 10 m. In addition, we conducted case
analysis and validation on six regional-scale area. The meth-
odology flowchart is shown in Fig. 4.
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The RF is a classification and regression tree-based (CART)
algorithm. It reprocesses the predictions from each generated
tree to ensemble a stronger learner [4,30]. Two parameters (the
number of trees, ntree, and the number of variables in each
split, mtry) decided the largest possible size of the regression
without being pruned [30]. RF randomly allocates features to
trees in sub-datasets by bootstrap aggregating [31]. RF auto-
matically processes various independent variables (including
multicollinearity test) to produce a robust prediction [4]. Each
tree in the forest prunes its branches according to the impor-
tance of the covariates to obtain predicted values. All trees are
then averaged to provide the final result [11]. As the different
indices are not sensitive to the same soil surface properties, we
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evaluated the RF regressions of three datasets of modeling vari-
ables for the five climate regions. The three modeling datasets
were as follows: (A) 7 indices calculated from S1 images and 8
covariate indicators derived from other geospatial data; (B) 37
indices calculated from S2 images and 8 covariate indicators
derived from other geospatial data; (C) 37 indices calculated
from S2 images, 7 indices calculated from S1 images, and 8
covariate indicators derived from other geospatial data. When
modeling in each climate region, mtry was looped from 1 to
15, 45, and 52 for models (A), (B), and (C), respectively. ntree
was optimized from 500 to 1,000.

For each RE, the variable importance (VI) shows the con-
tribution of a predictive covariate [30]. For each tree, the vari-
able is randomly permuted to test the importance of X' before
training, which is calculated as Eq. 1:

VI(X') =

OOB; - errO0B,
p— tZ (err p—err ¢ (1)
where errO 5B§ is the perturbed set with the permutation of X'.

Accuracy and uncertainty control
The nonparametric bootstrapping technique was applied 20

A 95% probability within the confidence interval (CI) limits
was used to indicate that the true value of soil EC value has
95% possibility within the interval between upper and lower
CI limits [12]. The uncertainty (Eq. 3) was used to assess the
deviation of 20 bootstrap results about the possible changing
ranges and reduce the estimation errors of soil salinity

Cls=Y +ax SD (2)
n
ClLyper — CI,
Uncertainty = w (3)

where Y is the average value of the 20 estimations. The constant
of a was 1.725, and SD was the standard deviation of estima-
tions. CI,,,,, and Cl,,,,, were the upper (95%) and lower (5%)
bounds of CIs.

R’ (Eq. 4) and root mean square error (RMSE) (Eq. 5) were
used to evaluate the fitting accuracy of the models. Lin's concord-
ance correlation coeflicient (LC) (Eq. 6) was used to evaluate the
accuracy between measured and estimated soil salinity values

Y _j’\i)z (4)

~

times to mitigate the bias associated with the specific training R2=1-
set selection and assess the uncertainty linked to the estimation. > (vi=7) 2
[ Soil sample datasets ] [ Sentinel 1 ] [ Sentinel 2 J [ Other geospatial data ]
‘ I Soil backscatter feature(2) Salm'l ty m.d 1L . Prec1p1ta't1'on L
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Terrain elevation

&
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Fig.4.Methodology flowchart developed for global soil salinity estimation.
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n _5 2
RMSE = J Zi:l ((yl yl) . (5)

2XrX SYmodel X SYtesting

2 442

Y + (?model - ?testing ) 2

model Ytesting

where # is the sample number. y; and ¥, are the observed and
predicted soil EC value, and y is the mean observed value. r is
Pearson coeflicient of the observation and prediction. sy,,,,;; and
Syesting ar€ standard deviation of each datasets. The classification
evaluation indicators are user’s accuracy, producer’s accuracy,
overall accuracy, and Kappa coefficient in study cases [32].

Results

Soil salinity dataset construction

A total of 21,148 points were classified as five datasets by five
climate classes to construct ground soil salinity datasets, includ-
ing 90 points in hyper-arid region, 8,077 points in the arid
region, 8,419 points in the semi-arid region, 1,702 points in the
dry sub-humid region, and 2,860 points in the humid region.
Training and testing datasets were randomly divided according
to the ratio of 3:1 on the soil salinity content sequence in each
climate region (Table 3). The statistical characteristics of sub-
datasets were similarly distributed in different climate regions,
which ensures the efficiency of model training. The overall mean
and median values of soil salinity datasets increase with increasing
levels of drought. However, although saline soils mainly harm
arid regions, extremely salinized soil samples (>16 dSm™") also
existed in humid and dry sub-humid regions.

Global modeling evaluation and uncertainty

assessment

A total of 52 indices from multi-source data were used to model
soil EC values, including 7 indices calculated from S1 images,
37 indices calculated from S2 images, and 8 covariate indicators
derived from other geospatial data. The mean values of the
20 estimations were obtained as the final results using bootstrap

methods. Table 4 lists the accuracy results in the five climate
regions using the three modeling datasets. In hyper-arid and
arid regions, modeling with indices derived from S2 and other
geosgatial data performed best among the three models with
an R° of 0.85 and 0.62, and LC of 0.83 (strong agreement) and
0.70 (moderate agreement), respectively. As the humid level
increases, the use of S1 images improved the estimation accu-
racy in semi-arid, dry sub-humid, and humid regions with an
R*0f0.87,0.80, and 0.87, and LC 0f 0.87, 0.80, and 0.87 (strong
agreement), respectively. The scatterplots of the RF models in
the five climate regions using the three modeling datasets are
shown in Fig. 5. Although the estimation accuracy is high, there
is a deviation from the 1:1 line. Especially for non-saline and
extremely saline samples, an overestimation for low values and
an underestimation for high values can be observed. Global
soil salinity estimation models performed well for soils classi-
fied with low salinity, but the models did not do a good job for
predictions of non-saline and extremely saline soils.

The uncertainty results (calculated by Eq. 3) are shown in
Fig. 6. The mean uncertainty values for each validation data
were 0.16, 0.23, 0.12,0.13, and 0.20 for the five climate regions,
respectively. Estimating soil EC in the semi-arid region repre-
sented the most stable modeling, with the mean uncertainty
value of 0.12. Figure 6 also shows the uncertainty statistics esti-
mated for soil samples with different salinization in the modeling
of the five climate regions. For salinity estimation in hyper-arid
region, the model showed the lowest average uncertainty in the
extremely salinized soil dataset. For the arid, semi-arid, and dry
sub-humid regions, the models showed low average uncertainty
values in slightly salinized, moderate salinized, and highly sali-
nized samples. For humid regions, however, the highly salinized
soil dataset exhibited the lowest estimation uncertainty. The
estimation uncertainties for the dry sub-humid and humid
regions were generally higher than those for the other three
climate regions. Also, the overall uncertainty values were relatively
higher in estimating non-saline soils.

Explanatory covariates

Model (B) was used to estimate soil salinization in hyper-arid
and arid regions, and model (C) was applied to semi-arid, dry
sub-humid, and humid regions. For each climate region, the

Table 3. Descriptive statistics of the sub-datasets in the five climate regions. All in dS m™ except N.

Climate class Dataset N Max Min Average STD SKEW
Hyper-arid Training 67 59.60 0.10 1753 18.34 0.88
Testing 23 60.00 0.10 18.52 19.31 0.89
Arid Training 6,058 60.00 0.01 3.31 849 413
Testing 2,019 60.00 0.01 3.32 8.50 414
Semi-arid Training 6,314 59.30 0.01 3.65 6.44 4.33
Testing 2,105 59.20 0.01 3.69 6.42 411
Dry sub-humid Training 1,276 58.10 0.01 2.03 4.09 6.00
Testing 426 30.60 0.01 1.93 3.56 4.57
Humid Training 2,145 60.00 0.01 2.55 8.63 5583
Testing 715 60.00 0.01 2.51 8.50 560
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Table 4. Accuracy assessment of the RF regression models in the five climate regions using the three modeling strategies: model (A):
S1+other geospatial data; model (B): S2 + other geospatial data; model (C): S1+S2 + other geospatial data (RMSE in dS m™).

Model (A) Model (B) Model (C) Parameters
R? RMSE  LC R? RMSE  LC R? RMSE  LC mtry ntree
Hyper-arid 0.63 1268 067 0.85 918 0.83 0.81 1074 074 34 500
Arid 0.21 774 0.33 0.62 561 0.70 0.55 590 067 23 500
Semi-arid 0.70 375 075 0.80 287 086 0.87 276 0.87 28 800
Dry sub- humid 049 256  0.64 0.70 181 0.81 0.80 199 0.80 39 800
Humid 0.65 589 073 0.84 488 084 0.87 365 0.87 32 500

Note: Bold data indicate the highest accuracy of the model.

most important variable is shown in Fig. 7, and the top 20 rela-
tively important ranking of covariates is shown in Fig. 8A to E.
AI-ET, evapo-transpiration (ET), WTD, and slope played the
most important role in quantitatively estimating soil salinity in
five climate regions. Based on the range of climate divisions,
slope dominates the largest areas (semi-arid and humid regions).
Especially for hyper-arid and arid regions, climatic conditions
were decisive to the formation and estimation of salinity, as a
significantly larger proportion of importance showed (34% for
AI-ET in hyper-arid region and 15% for ET in arid regions).
AI-ET, WTD, S7, slope, and CLEX were included as indicative
independent variables in soil salinity estimations for all five
climate zones. In more arid regions (hyper-arid, arid, semi-arid,
and dry sub-humid regions), WTD was the top five important
independent variables for salinity estimation. Figure 8F shows
the statistical proportion of importance in five categories
(topography, climate conditions, vegetation indices, salinity
indices, soil properties) calculated from 20 covariates derived
from estimating five climate regions. In hyper-arid and arid
regions, the cumulative contribution of climate conditions was
high, especially for AI-ET and ET, because only S2 data were
used for modeling, so climate auxiliary data played an impor-
tant role. However, for semi-arid, dry sub-humid, and humid
regions, soil properties were more indicative of estimating,
because of the introduction of the S1 data to the characterization
of soil backscattering coefficients. In summary, environ-
mental climate conditions, soil moisture content, and ground-
water were important covariates for estimating global soil
salinity.

Global salinity maps at 10m

We trained 20 bootstrap-RF models in the five climate regions
with covariates and parameters shown in Table 3 and averaged
to one prediction. The global soil salinity map at 10 m is pre-
sented in Fig. 9. After masking desert, snow; ice, intertidal, and
flooded areas, the proportion of soils at the five salinization
levels was calculated using GEE. The results of the seven con-
tinents are shown in Fig. 10.

The more arid and semi-arid regions are located in Oceania,
North America, and Asia (except Sahara and Sahel in North
Africa, not considered in this study), and higher proportions
(>20%) of highly and extremely saline soils were found over
these areas. Oceania has the lowest proportion of non-saline
soils. The higher salinization in Africa is mainly located in the

Wang et al. 2024 | https://doi.org/10.34133/remotesensing.0130

central and southern regions, such as Congo and Kenya. The
saline soils of Asia are concentrated in Central Asia (China,
Mongolia) and the Middle East (Iran, Iraq, Saudi Arabia). The
saline soils of South America are distributed in the center part
(Brazil) and the southern part (Argentina). In North America,
higher soil salinity areas are observed in the United States.

Regional-scale validation

The estimated soil salinity content and the uncertainty values
of the seven cases calculated from 20 times RF regressions, as
well as the proportion of each salinization level, are shown in
Fig. 11. For cases in California, Afonso Bezerra and Alto do
Rodrigues, Turkey, South Africa, Shandong, Iran, and Xinjiang,
the validation results based on the published soil salinity digital
maps and field investigations are shown in Table 5.

Xinjiang is located in northwest China, with the Taklimakan
Desert occupying most of the area. Figure 11A shows that the
soil salinity content in Xinjiang is 0.015 to 33.44 dS m™", with
uncertainty values of 0.0066 to 2.18 and an average of 0.97
(Fig. 11B). The soil salinity content in Turkey is 0.27 to 22.45dSm ™"
(Fig. 11C). In the random validation based on published digital
maps of soil salinization on a regional scale in Turkey (Table 5C),
underestimation of high values and overestimation of low values
were also observed. The validation accuracy was lower in slightly
salinized areas, while the highest results were validated in the
non-saline and extremely saline areas. Figure 11E shows that the
soil salinity content in South Africa is 0.15 to 26.61 dS m ™" and
the uncertainty values are 0.022 to 1.25, with an average of 0.17.
The zonal models for estimation performed a considerable ability
in the qualitative classification of salinized and non-salinized
soils (Table 5D). Figure 11G shows that the soil salinity content
in Shandong is 0.089 to 22.78 dS m™". The models showed the
lowest accuracy values in the classification validation of moder-
ately salinized and solonchak soils. Especially in solonchak soils,
most of the samples were estimated with lower values (mostly
classified as severely saline soils) (Table 5E). Figure 111 shows
the soil salinity content in Iran of 0.032 to 33.92 dS m™', with an
average uncertainty of 0.12. Similar to the results of the 1:1 line
in Fig. 12, underestimation and overestimation are significant
at regional scale, especially in the non-saline soil region. Non-
saline soils in Iran samples are overestimated, while extremely
saline samples are underestimated. Figure 11K shows that the
soil salinity content in California is 0.025 to 46.31 dS m ™" The
average uncertainty value is 0.16. The California case area
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Wang et al. 2024 | https://doi.org/10.34133/remotesensing.0130

10

720z ‘T aunr uo Bioaousios’ [ds//:sdny woly pepeojumoq


https://doi.org/10.34133/remotesensing.0130

Journal of Remote Sensing

A Uncertainty assessment of estimation in hyper-arid region

® 0

. .
me——

205 ) ®
b b [
€04} I 140 E
B | n
g /| 30 =
i Fo 130 w
8 0.3 ’\\ ; \ i:-%)
R v =
; .//\ . 420 >
02+ i / £
g Iy M
< \ il 7 —_
goif \ J L/ A A
) * 10
0-0 1 1 1
0 ;! 10 15 20

Number of soil samples

B Uncertainty assessment of estimation in arid region

2 gk o) ©0 @@«
. —
3 150~
£ ;
U5 40 2
X w0
S 04l e
‘E 20 Q
g =
3 0.2 | 10 8
=)
= ‘ : 0
00 | 1 | | | | 1 i W,
0 200 400 600 800 1000 1200 1400 1600 1800

Number of soil samples

C Uncertainty assessment of estimation in semi-arid region D Uncertainty assessment of estimation in dry sub-humid region

2 @ @ @ @B
E 50 i
I &
2 04f 208
X wn
803 30 2
E B
2\0.2 L 20 (Lﬁ)
k= =
5 10 2
“g’ 0.1 2
= / 130

0,0 L ! i 1 L

0 500 1000 1500 2000

Number of soil samples

E Uncertainty assessment of estimation in humid region

w0 U l l I(D I I I (@) :3)- 60

§ 08} <

E 150 g

f? o6t i _ 140 "?;/

39‘5 | ’ ] | 130 %

‘?0-4_M } ’ w | —2052)

P | L -

g ozt ’ JWM M w 110 4

s ML ﬂj il 'n/«J,JﬁWuL»WM~ fJWMW )
MU, i Y IR 19

00T 00 200 300 400 500 600 700

Number of soil samples

Uncertainty value
Range of soil EC estimation

@® Non-saline
® Slilghtly

T

& 1047 ® | ® 06IB)
g 125
g 06f =
STl 8
S 04f K , 152
By 0Bk \ ‘ ‘ il \ 110 ©
g Wi | =
s o2 [N } I ‘ ’ =
5 i U.nv‘\\r it MW . R
:Q) 0.1} “ U | J wm l‘,\?hl )l ‘ln?*!lﬂi\{\«“i&,zlgj ‘f‘ ,u\:;;}y“‘l\ﬁ”!/\\\w rw UM
. \ J wmllw A e i 10
0.0 0 100 200 300 400

Number of soil samples

F Mean values of uncertainty of salinization in 5 regions

1.0 —=— Hyper-arid
‘\ —— Arid
08 Semi arid
—— Dry sub-humid
\ —+— Humid

<o
~

Mean value of uncertainty
(=) (=)
o o

=
=}

Non-saline Slig

htly Moderate  Highly

Extremely

Soil Salinization

® Moderately @Y Extremely
@ Highly

Fig. 6. The uncertainty values and estimated soil EC values for each validation sample with the 20 RF regressions in (A) hyper-arid, (B) arid, (C) semi-arid, (D) dry sub-humid,

and (E) humid region and (F) mean values of uncertainty of salinization.

showed low rates of correct classification in the slightly and
extremely saline datasets. An obvious low-value overestimation
and high-value underestimation problem can be observed in the
confusion matrix (Table 5A). The soil salinity content in Afonso
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Bezerra and Alto do Rodrigues is 0.22 to 20.25 dS m ™, with a
mean uncertainty of 0.11 (Fig. 11M). Field surveys, ground soil
samples, and true salt content measurements obtained in Iran
and Xinjiang were used to validate models at a field scale. The

1
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Fig. 7. The most important variables for estimating soil salinization.

validation R* values (0.60 and 0.53, respectively) and LC values
(0.67 and 0.67, respectively) indicate that trained models are
credible at 10 m. According to the random validation approach
based on published soil salinity maps, the overall accuracy values
ranged from 0.36 to 0.61. The method was verified to be credible
at the landscape scale in South Africa and Afonso Bezerra and
Alto do Rodrigues in Brazil.

Discussion

Interpretable covariate analysis

Salt in the soil migrates and accumulates with water. The degree
of drought and humidity in the climate determines the distribu-
tion of water and affects the type and rate of salinization [33].
In arid and semi-arid regions, salinity control is generally a
consequence of leaching driven by strong evaporation. However,
soil salinization in humid and coastal areas is dominated by
groundwater and seawater intrusion [34]. Estimating global soil
salinization according to climate types revealed the mechanism
of decisive covariates in primary and secondary soil salinization
processes, which helped to improve the modeling [35]. The rate
of evapotranspiration is a very relevant predictor of soil salinity
modeling as it controls the processes of salt accumulation and
leaching, which determines the zoning modeling of soil saliniza-
tion [36]. Figure 8A to E shows that, in arid regions, climatic
conditions and evapotranspiration contribute more to soil salin-
ity estimation than other factors, with relative importance
greater than 10% for each of them. The extremely dry climate
makes the soil evapotranspiration rate much higher than the
precipitation rate, resulting in a strong upward migration of soil
moisture in soil layers. Moving along with water, salt accumu-
lates to the surface and results in less leaching in soils. Soil salin-
ity in arid climate was primarily controlled by drought and heat
[37]. In contrast, topography, groundwater, and soil texture
increasingly contribute to salinity as the climatic conditions
become wetter. Historically, climate and topography are two
controlling covariates to global salinization [38]. According to
the soil salinity analysis in sub-humid regions by Nosetto et al.
[39], topography and groundwater depth are critical to soil
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salinity distribution and content in humid regions. The enhanced
groundwater may promote the intrusion of soluble salt ground-
water from deeper levels of the aquifer, which enhanced salini-
zation [40]. Soluble salts are easier to accumulate in areas with
alow slope from the upslope areas with the move of water [11].
Figure 8 indicates the contribution of soil backscatter coefhi-
cients (VV, VH) ranked in the top 20 as key covariates in semi-
arid, dry sub-humid, and humid regions. It can also be seen
from Table 4 that in these regions, model (C) with S1 data per-
formed best, exhibiting the highest accuracy. It shows that
detecting soil moisture was conclusive for the improvement of
soil salinity estimation in wetter areas as radar data were sensi-
tive to soil moisture [41]. These results provide a new framework
for feature selection in soil salinity modeling. In the tree-based
algorithm, each decision tree trains a salt content estimation
model based on the relative feature importance of covariates
and assigns weights to indicators based on salinization charac-
teristics under climate conditions [42]. According to covariates
that are valid for soil salinity estimates (AI-ET, WTD, S7, slope,
and CLEX) in the five climate regions, climate conditions,
groundwater depth, topography, and soil surface reflectance
characteristics are key parameters to salinity estimation at the
global scale.

Global distribution of soil salinization
The soil salinity map indicates that Central Asia, Middle East,
South America, North Africa, and the coastal areas in Australia
are facing severe soil salinization, which is similar to the con-
clusion from the World Soil Day Conference (https://www.fao.
org/world-soil-day/en/). Oceania has a higher proportion of
saline soil because the desert of Australia occupies more than
40% of Australia’s land area. In terms of the salt-affected lands
at a national scale, China, Australia, Kazakhstan, Canada, and
Iran are the more seriously affected. It is similar to the ranking
by Hassani et al. [43]. At the global scale, soils in dry regions
(hyper-arid, arid, semi-arid) are more salinized than in wet
climates (dry sub-humid, humid).

Different from the types of salinization in most arid areas,
the types of salinization in Shandong Province, China are
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Fig. 9.Map of quantitative global soil salinity estimation at 10 m using Google Earth Engine.
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Oceania

mainly coastal saline soils. Consistent to the results from Chen
et al. [23], but more refined, the saline soils were mostly identi-
fied along the banks of the Yellow River. In addition, high and
extremely high saline soils were observed in offshore areas
(northeast of the case study) [23]. The climatic types of non-
desert areas are mainly arid and semi-arid in Xinjiang, China.
Figure 11A shows the same conclusion as Wang etal. [44].
Saline soil was mostly found around Ebinur Lake, but with a
higher salt content. The soil salinity map in Turkey (Fig. 11C)
indicated that soils near Lake Tuz have higher salt content than
other areas, which is the same as the result from Gorji et al. [21].
Kili¢ and Kilig [45] concluded that the groundwater table was

Wang et al. 2024 | https://doi.org/10.34133/remotesensing.0130

the most relative indicator of soil salinization and alkalization
in Turkey. Our result also shows that in semi-arid region (which
is also the climate region in which most of Turkey is located),
groundwater depth is the third influential covariate (0.08) in
modeling. Lopes etal. [7] found that in the coastal area of
Turkey, which was divided into dry sub-humid regions, the
vegetation index derived from remote sensing was an important
parameter in identifying salt marsh. The results in this study
also proved that vegetation index contributes a lot to the estima-
tion of soil salinity in dry sub-humid areas, as Fig. 8D shows.
Mashimbye et al. [46] estimated soil salinity in South Africa
based on soil samples, which concluded that high salinization
occurred in central and southwestern South Africa. Vermeulen
and Van Niekerk [22] further estimated soil salinization in cen-
tral and southwestern South Africa and found the same distri-
bution as the one presented in our result (Fig. 11E). Figure 111
shows that soil salinization is particularly severe in central Iran.
Soils near Urmia Lake, in Western Iran, are at risk of moderate
and high salinization [37]. Central Iran is a concave-shaped
bare land with silty clay flat in arid climate, and under the com-
bined influence of strong evapotranspiration and lower slopes,
salt tends to accumulate in the central region [36,47]. Nabiollahi
et al. [11] and Fathizad et al. [48] also reported a high saliniza-
tion in the lower elevations of the region, mainly distributed in
central Iran. As Fig. 11K indicates, the soils suffered from sali-
nization in the southwest and southeast part. Lee and Hendricks
[19] surveyed saline soils in southwestern California with the
same distribution compared to our result.

Validity and implementation of multi-source data

The combinations of optical and radar remote sensing data help
soil property cognition. Sensitive detection of moisture in soils
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by radar data provides highly contributing covariates to soil
salinization estimates under arid and humid climate types [13].
The amplitude of backscatter derived from synthetic aperture
radar (SAR) was decided by the dielectric properties of soil
composition (for example, moisture and salinity), roughness,
and the polarization sensitivity to sediments (e.g., texture infor-
mation and salt crust) [49]. From theoretical modeling and
experiments, Lasne et al. [50] concluded that the wetter soil
indicated a stronger effect of salinity on imaginary part of the
dielectric constant, while this effect decreases to the real part
and the frequency. As Table 4 indicates, radar data show their
effectiveness in soil salinity detection in humid regions. In
humid climates (e.g., coastal saline soils), the soil moisture
content is higher, which amplifies the effective detection of
salinity through backscattering coefficient. Therefore, the fusion
of multispectral and radar data helps to model the salinity accu-
rately. In arid areas, radar data are less sensitive to salt crust
and soil texture than to soil moisture detection, and only using
optical remote sensing data can efficiently estimate soil salt
content [50]. Field surveys, ground soil samples, and true salt
content measurements obtained in Iran and Xinjiang were used
to validate models at a field scale. The validation R* values (0.60
and 0.53, respectively) and LC values (0.67 and 0.67, respec-
tively) indicate that trained models are credible at 10 m.
According to the random validation approach based on pub-
lished soil salinity maps, the overall accuracy values ranged
from 0.36 to 0.61. The method was verified to be credible at the
landscape scale in South Africa and Afonso Bezerra and Alto
do Rodrigues in Brazil. In the remaining cases, the poor accu-
racy may be caused by the uncertainty introduced by digitizing
maps and random selection. The spatially autocorrelated error
is caused by unweighted mean of the prediction cross-validation
errors [51]. The spatial autocorrelation of ground sampling
points and random verification points reduces the verification
accuracy. The models show low-value overestimation and
high-value underestimation in Figs. 5 and 12. Soil salinization
tends to be concentrated in arid or coastal areas, while soils
in areas with sufficient rainfall and sustainable soil manage-
ment are healthy. In the global salinization map, soil salinity
may be overestimated in regions with abundant data points
(such as Mexico), while it tends to be underestimated in

Wang et al. 2024 | https://doi.org/10.34133/remotesensing.0130

regions with scarce data (such as Central Asia). As the global
scale considered, estimated values for soil salinity can be
considered to be balanced on a global scale [1].

Uncertainty and further improvement

The uncertainty of the estimation is a result of the uncertainty
of soil data, covariates, sensors, and the models. First, the mea-
sured soil samples used in the training process are unevenly
distributed in space, with a higher density in North America
and an extreme scarcity in Asia and South America. Since soil
salinization mostly occurs in arid areas, there are few non-
saline soil samples in humid areas, resulting in an imbalance
in the training datasets and introducing uncertainty to the
estimation [43]. Although our study added samples that were
classified as “non-saline soil” according to WRB, they were
mainly distributed in arid regions and not sufficient for training
at a global scale. Uncertainty values at low EC values of Fig. 6
and uncertainty maps (Fig. 11) in the five cases show higher
values at lower soil salinity content. Soil salinity values may be
overestimated in areas where soil samples are concentrated,
such as North America, but in regions with sparse training data
(e.g., Central Asia), the proposed models are able to calculate
soil salinity content. This is considered to be a complementary
and balancing effect of global estimations [1]. The unequal dis-
tribution of global training samples did influence the results,
but not significantly. Second, inconsistent scales of covariates
from remote sensing images increase uncertainty. Most ML
models are robust to multicollinearity between covariates, and
RF can automatically handle nonlinear relationships and inter-
actions between predictor variables to obtain a high prediction
accuracy [4,52]. But the various indices calculated from S1 and
S2 data were at 10 m, while the other covariates from other
geospatial data were at 1,000 m. This leads to incomplete train-
ing on the difference in soil salinity content, making the esti-
mated results closer to each other [53]. Bilinear interpolation
also produces jagged error values for pixels at the edges of
remote sensing images. In addition, flooded and coastal agri-
culture caused soils in coastal areas to be submerged by salt
water. Although they were masked in our research, uncertainty
is introduced to the estimation of soil salt in its surrounding
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Table 5. Accuracy assessment of the RF regression models validated in (A) California, (B) Afonso Bezerra and Alto do Rodrigues, (C) Turkey,

(D) South Africa, (E) Shandong, and (F) Iran and Xinjiang

(A) California Non-saline  Slightly saline ~ Moderately saline Highly saline Extremely saline  User's accuracy
Non-saline 17 13 16 4 0 0.34
Slightly saline 12 13 10 15 0 0.26
Moderately saline 1 2 24 23 0 0.48
Highly saline 0 1 14 34 1 0.67
Extremely saline 0 2 8 37 3 0.060
Producer’s accuracy 0.57 042 0.33 0.30 0.75

Overall accuracy 0.36

Kappa 0.21

(B) Afonso Bezerra and

Alto do Rodrigues 1-5dSm™*  5-10dSm™ >10dS m™ User’s accuracy
1-5dSm™ 44 6 0 0.88

5-10dS m™ 16 28 6 0.56
>10dSm™ 12 18 20 0.40
Producer’s accuracy 0.61 0.54 0.77

Overall accuracy 0.61

Kappa 042

(C) Turkey Non-saline  Slightly saline ~ Moderately saline Highly saline Extremely saline  User's accuracy
Non-saline 15 21 13 1 0 0.30
Slightly saline 0 13 33 4 0 0.26
Moderately saline 0 4 20 26 0 0.40
Highly saline 0 0 5 44 1 0.88
Extremely saline 0 0 2 34 13 0.26
Producer’s accuracy 1.00 0.34 0.27 0.40 0.93

Overall accuracy 0.42

Kappa 0.28

(D) South Africa Non-saline Saline User's accuracy
Non-saline 27 73 0.27

Saline 8 92 0.92
Producer’s accuracy 0.77 0.56

Overall accuracy 0.60

Kappa 0.17

(E) Shandong Non-saline Mildly Saline Moderately Saline ~ Severely Saline Solonchak User's accuracy
Non-saline 23 18 7 2 0 0.46
Mildly saline 1 25 23 1 0 0.50
Moderately saline 0 12 21 15 2 0.42
Severely saline 0 2 7 35 6 0.70
Solonchak 0 0 8 35 7 0.14
Producer’s accuracy 0.96 044 0.32 040 0.47

Overall accuracy 0.44

Kappa 0.31

(F) Iran and Xinjiang R%(dSm™) RMSE (dS m™) LC

Iran 0.60 510 0.67

Xinjiang 0.53 1.54 0.67
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areas [54]. Global soil salinization estimated based on surface
information from continuous observations of remote sensing
images may intensify spatial heterogeneity and incorrectly esti-
mate healthy soil pixels as salinized [24]. Our results aim to
provide a global soil salinization map, and the uncertainty of
multi-source remote sensing images can be balanced in the
large-scale observation distribution [1]. At the field or land-
scape scale, in arid areas and coastal areas with typical severe
salinization, the estimation accuracy based on remote sensing
images will improve [34]. Exploring the contribution of covari-
ates at finer scales and long time series will be helpful in future
studies on the driving mechanisms of soil salinization. Third,
the scatterplots in Figs. 5 and 12 show low-value overestimation
and high-value underestimation, which commonly happened
in ML methods [55]. RFs are limited by the distribution of
training samples on the covariate shift problem and affect the
performance in testing datasets. Each tree in the forest puts a
heavy weight on them, thus leading to low-value overestima-
tion and high-value underestimation [56]. Future research
should focus on estimating soil salinity by applying a divide-
and-conquer strategy in different types of soil salinization.
Besides, soil salinization has strong spatial heterogeneity and
temporal heterogeneity [57], and the time series prediction of
the proposed framework for global estimation of soil salinity
needs to prove its robustness with validation datasets in differ-
ent periods. Future work should also emphasize on collecting
field-level, geographically and feature-space well-distributed
samples, and constructing time-series datasets at a global extent,
especially adding non-saline soil samples.

Conclusions

Our study proposed a new framework for global soil salinity
estimation and fine-resolution mapping by coupling multi-
source data and bootstrapping-RF on the GEE. For modeling
global soil salinity, both optical remote sensing data, radar data,
and environmental covariates were used, with the feature selec-
tion based on different soil-environmental climate conditions.
In hyper-arid and arid regions, modehng soil salinity using S2
and auxiliary data showed an R” of 0.85 and 0.62, respectively.
In semi-arid, dry sub-humid, and humid regions, modeling
using S1, SZ and auxiliary data showed the highest accuracy
with an R’ of 0.87, 0.80, and 0.87, respectlvely Our models
obtained considerable accuracy with an R* of 0.60 and 0.67
at independent validation in Iran and Xinjiang. The random
validation results from published soil salinity maps in California,
Afonso Bezerra and Alto do Rodrigues in Brazil, Turkey, South
Africa, and Shandong showed the overall classification accu-
racy values of 0.36 to 0.61. The uncertainty values of the models
decreased with the increasing salinization in the five climate
regions. The global soil salinity map indicated that Central Asia,
Middle East, South America, North Africa, and the Pacific
areas are facing severe soil salinization. At the global scale, soils
in dry regions (hyper-arid, arid, semi-arid regions) are easier to
salinized than those in wet climates (dry sub-humid, humid
regions). Climatic conditions (e.g., AI-ET and ET) played a pri-
mary role when estimating soil salinity in hyper-arid and arid
regions, while in hyper-arid, arid, semi-arid, and dry sub-humid
regions, WTD showed a stronger contribution. In conclusion,
climatic conditions, groundwater, and salinity index play key
roles in global soil salinity estimation, and in more humid regions,
the use of radar data improves the model performance.
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