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Abstract: Traditional mapping of salt affected soils (SAS) is very costly and cannot precisely depict
the space—time dynamics of soil salts over landscapes. Therefore, we tested the capacity of Landsat
8 Operational Land Imager (OLI) data to retrieve soil salinity and sodicity during the wet and
dry seasons in an arid landscape. Seventy geo-referenced soil samples (0-30 cm) were collected
during March (wet period) and September to be analyzed for pH, electrical conductivity (EC), and
exchangeable sodium percentage (ESP). Using 70% of soil and band reflectance data, stepwise linear
regression models were constructed to estimate soil pH, EC, and ESP. The models were validated
using the remaining 30% in terms of the determination coefficient (R?) and residual prediction
deviation (RPD). Results revealed the weak variability of soil pH, while EC and ESP had large
variabilities. The three indicators (pH, EC, and ESP) increased from the wet to dry period. During the
two seasons, the OLI bands had weak associations with soil pH, while the near-infrared (NIR) band
could effectively discriminate soil salinity and sodicity levels. The EC and ESP predictive models
in the wet period were developed with the NIR band, achieving adequate outcomes (an R? 0f 0.65
and 0.61 and an RPD of 1.44 and 1.43, respectively). In the dry period, the best-fitted models were
constructed with deep blue and NIR bands, yielding an R? 0f 0.59 and 0.60 and an RPD of 1.49 and
1.50, respectively. The SAS covered 50% of the study area during the wet period, of which 14 and 36%
were saline and saline-sodic soils, respectively. The extent increased up to 59% during the dry period,
including saline soils (12%) and saline-sodic soils (47%). Our findings would facilitate precise, rapid,
and cost-effective monitoring of soil salinity and sodicity over large areas.

Keywords: salt-affected soils; seasonal variations; drylands; Landsat 8 OLI; soil sodicity; near-infrared
(NIR); stepwise regression models

1. Introduction

Salinity and sodicity are the most serious soil degradation processes in arid and
semi-arid regions [1]. Globally, salt-affected soils (SAS) cover nearly 1060 million hectares
(Mha) of which 40 and 60% are affected by salinity and sodicity, respectively [2]. The salt
problems occur primarily due to weathering of rocks and minerals, seawater intrusion,
active aeolian processes, rising water tables, and intensive evaporation [3]. Moreover,

Sustainability 2023, 15, 9440. https:/ /doi.org/10.3390/su15129440

https:/ /www.mdpi.com/journal/sustainability


https://doi.org/10.3390/su15129440
https://doi.org/10.3390/su15129440
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-1627-6250
https://orcid.org/0000-0003-0328-7679
https://orcid.org/0000-0002-5212-609X
https://orcid.org/0000-0001-5703-4621
https://orcid.org/0000-0002-8621-6595
https://doi.org/10.3390/su15129440
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su15129440?type=check_update&version=1

Sustainability 2023, 15, 9440

20f17

improper management practices, mainly irrigation without sufficient drainage, exacerbate
salt problems in soils [4]. About 60 Mha (20% of the total irrigated lands) are salt-affected,
and this area is expected to increase due to climate change [5]. Therefore, precise large-scale
mapping of saline and/or sodic soils is essential for sustainable land-use planning.

Predicting the spatial extent of SAS over large areas is a very hard task due to the
complexity and dynamic nature of salt [6]. Classically, geostatistical models available
within the geographic information system (GIS) have been applied to map and monitor
SAS [7,8]. Though these models can provide proper estimates of soil classes, the prediction
accuracy is affected by the number of samples and how they are allocated in the area [8].
Moreover, intensive field surveys and laboratory analyses are needed to overcome the
spatial heterogeneity across the fields [9]. Thus, traditional mapping is still time-consuming,
labor-intensive, and costly, limiting its applicability for temporal observations over vast
regions [10]. This entails adopting alternative methods, especially in regions with poor
human and financial support.

Remote sensing (RS) data can assist large-scale digital soil mapping at a high accuracy [7].
Satellite RS data offer reliable and synoptic observations of soils at a variety of spatiotem-
poral scales [10]. This allows tracking space—time variations of soil quality in rapid and
inexpensive ways [6]. Satellite RS-based mapping revolves around relating the spectral
reflectance of soils in the visible (VIS), near-infrared (NIR), and shortwave infrared (SWIR)
regions with soil attributes [8]. Among open-source multispectral data, the Landsat series
has proved efficient in detecting SAS in many drylands of the world [8,10,11]. Landsat data
can be traced back to the 1980s, providing over forty years of constant observations at 30 m
spatial resolution [12]. Compared with the earlier Landsat series, Landsat 8 Operational
Land Imager (OLI) data are superior due to higher radiometric and geometric resolutions,
better acquisitions, and more spectral bands [7]. Hence, OLI data open new ways for
mapping SAS at a proper resolution.

Applying salinity and spectral indices derived from satellite imageries has become the
most common approach to detect SAS in recent years [10,13,14]. Yet, there is no universal
index that can yield a single satisfactory outcome under any ecological conditions [13].
This is because the surface reflectance of SAS is influenced by other soil properties such
as color, texture, organic matter, and carbonate [7]. The robustness of such indices is
governed also by the spectral and spatial resolutions of satellite imageries, vegetation status
(type and density), and atmospheric effect [11]. Thus, relating satellite RS data with field
and laboratory measurements using advanced algorithms has increased the prediction
accuracy [6,9].

Inversion models based on machine learning and statistical analyses have been applied
to retrieve topsoil properties on local scales using soil spectra [8,15,16]. The machine learn-
ing models set a constant relation between independent and dependent variables and thus
ignore the changes resulting from spatial variability [16]. In comparison, statistical-based
models such as stepwise regression can improve the inversion accuracy and build dynamic
relations of soil composition with multiple covariates. It also removes the collinearity
in data and provides the optimal regression equation [8,16]. Inversion models derived
from stepwise regressions of OLI multispectral bands could precisely estimate soil alka-
linity /salinity in China [15] and soil salinity in the USA [17]. Hence, testing this powerful
approach in other regions would help in developing local soil archives for saline and/or
sodic soils.

Egypt is one of the main hotspots of SAS in the world, where 93% of the total irrigated
lands undergo salinization and waterlogging, causing up to 25% crop yield reduction [18].
The major threats occur in the northern part of the Nile Delta and its eastern and west-
ern fringes due to the intrusion of saline waters from the Mediterranean Sea and north-
ern lakes [19]. Local soil salinity mapping using spectral indices was achieved in these
regions [20-22]. Yet, the linkage between RS data in different spectral channels and soil
salt dynamics across different seasons is still vague. The current work, therefore, aimed
to (1) explore the relations between the band reflectance of Landsat 8 imageries and soil
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salinity and sodicity indicators, (2) construct inversion models to retrieve these indicators,
and (3) map saline/sodic soils in the wet and dry seasons in the northeastern part of the
Nile Delta region.

2. Materials and Methods
2.1. Study Area

This study was conducted in an area of 607.74 km?, which is located in Port-Said
and Ismailia Governorates. The geographic location is in the UTM (Universal Transverse
Mercator) zone 36 between 30°45'27" to 31°04/31” N and 32°19'39" to 32°33/55" E (Figure 1).
The region is bounded by the Mediterranean Sea from the north, the Suez Canal from the
west, the Sinai Peninsula from the east, and desert plains from the south. This region has
gained attention to establish new agroecosystems, owing to the good potential of water
resources and transportation accessibility. Land reclamation projects were started in the
early fifteens of the last century and have increased rapidly since the 1980s [21]. The
cropping pattern is dominated by a permanent crop (alfalfa) and annual crops, including
wheat, barley, and sugar beet in the winter and rice in the summer. The elevation height
ranges from —118 to 72 m above sea level, and the slope varies from 0 to 92%. The geological
map of Egypt [23] indicates that the Quaternary formations cover 97.4% of the study area,
including stabilized sand dunes (51.9%) and undifferentiated deposits (45.6%), mainly
wadi and playa deposits. The remaining 2.85% is covered by the Lower Pliocene Hagul
formation (chalky limestone, sandstone, and shale).
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Figure 1. Location and geological maps of the study area.
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The minimum temperature is 8.1 °C during January, while the maximum value is
35.9 °C during August (Figure 2). The mean annual temperature is 21.9 °C, implying that
the soil temperature regime is “Thermic” and the soil moisture regime is “Torric” [24].
The total annual rainfall (R) is 47.4 mm and mostly occurs during the winter season. The
potential evapotranspiration (PET) varies from 1.8 mm day~! (January) to 6.2 mm day !
(August), with a mean annual value of 4.02 mm day . The aridity index (R/PET) is less
than 0.05, indicating a hyper-arid climate [25].
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Figure 2. Mean monthly temperature and precipitation in the studied region.

2.2. Data Acquisition and Handling
2.2.1. Field Work and Laboratory Analysis

Based on geological features, a total of 70 sampling points were randomly distributed
across the studied region (Figure 1). The exact locations were accessed using a portal
Global Positioning System (Garmin GPS 72: accuracy < 10 m). Topsoil samples (0-30 cm)
were collected during March and September 2022 to represent the wet and dry seasons,
respectively. At each sampling location, five soil samples were gathered and mixed to
obtain a composite sample. The samples were then placed in polyethylene bags and labeled
for the laboratory analyses. The soil analyses were performed according to Soil Survey
Staff [26]. All samples were air-dried, crushed, and passed through a 2 mm mesh. The pH
was determined in 1:2.5 soil-water suspensions, while the electrical conductivity (EC) was
determined in the soil paste extracts. In these extracts, the concentrations of Na* and K*
were measured using the flame photometer, while the concentrations of Ca?, Mg2+, Ccl-,
HCO3~, and CO;32~ were determined using standard titration methods. The exchangeable
sodium (Ex. Na) was determined using the ammonium acetate at pH 7.0 method. The
exchangeable sodium percentage (ESP) was calculated using values of the Ex. Na and
cation exchange capacity (CEC) as follows:

Ex.Na

ESP = “Grc

x 100 1)

The soil particle size distribution was determined using the standard pipette method.

2.2.2. Remote Sensing Data

Landsat 8 OLI and Thermal Infrared Sensor (TIRS) Collection 2 Level-2 Science Prod-
ucts data were used in the current study. Two scenes of Landsat 8 OLI/TIRS products (Path
176 /Row 39) in the UTM projection zone 36 and World Geodetic System (WGS-84) datum
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were downloaded in GeoTiff format from the U.S. Geological Survey (USGS). Data were
acquired on 5 March and 29 September 2022 to represent the wet and dry period imageries
in the study area (Figure 3). The data included eleven bands in the VIS-NIR-SWIR-TIR
spectra. However, only seven bands with a 30 m spatial resolution in the VIS-NIR-SWIR
regions were used for the present study. The bands (B) included coastal aerosol (B1), blue
(B2), green (B3), red (B4), NIR (B5), SWIR-1 (B6), and SWIR-2 (B7).

Wet season (March) Dry season (September)
32°24'0"E 32°30'0"E 32°24'0"E 32°30'0"E

30°54'0"N
T
30°54'0"N

30°48'0"N
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Legend
[ study area [l Red: Band 7 [l Green: Band 5 |l Blue: Band 3

Figure 3. Landsat 8 OLI/TIRS imageries of the study area.

Within the ArcGIS 10.8 software (ESRI, Redlands, CA, USA), the band-specific rescal-
ing factors provided by the USGS metadata were used for converting digital number (DN)
values of the seven bands to reflectance values as follows:

pA = Mp x Qca + Ap ()

where p)' is the top-of-atmosphere (TOA) reflectance without a correction of the solar
angle, Mp is the band-specific multiplicative factor, Qcal is the quantized and calibrated
standard product pixel values (DN), and Ap is the band-specific additive factor.

Thereafter, TOA reflectance with a correction of the sun angle (pA) was calculated
using the local sun elevation angle (8sg) as follows:

_ o
N SinGSE

®)

The land cover maps for the two seasons were produced using an unsupervised
classification with the Iso Cluster method followed by a supervised classification with the
Maximum Likelihood method available within the ArcGIS 10.8 software.

2.3. Modeling Strategy

Two datasets containing all geo-referenced points besides their soil salinity and sodicity
indicators and band reflectance data were established for the wet and dry seasons. For each
season, the whole dataset was randomly and automatically divided into two sections [27]
using the SPSS 28.0 software (IBM, Armonk, NY, USA), including a calibration set of
49 samples (70%) to develop the inversion model and a validation set of 21 samples (30%)
to validate the outcomes.

As a prerequisite for the linear statistical analysis, the normal distribution of soil
data was explored using the Kolmogorov-Smirnov test [28,29]. The variable with a low
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significant level (<0.05) was considered as not normal, and thus several transformations
using Log, Ln, and square root methods were applied to the skewed data. Pearson’s
correlation analysis was performed to explore the spectral sensitivity to soil properties. The
statistically sensitive bands were used for developing stepwise multiple linear regression
(SMLR) models. The measured soil attributes were set as independent variables, while the
spectral reflectance values of the seven bands (B1 to B7) were set as dependent variables.

The cross-validation procedure based on the coefficient of determination (R?), root
mean square error (RMSE), and residual prediction deviation (RPD) was performed to
verify the robustness of modeling procedures. The R? expresses the goodness of fit between
the predicted and observed values, while the RMSE quantifies the absolute prediction
error [15]. The values of R? and RMSE were calculated as follows:

2 (Y - Yo)?

R2—1_ &=i=1\117— 12/
L Yo, @

YY) - Ya)?
n

RMSE = ®)
where Y; and Y; are the observed and predicted values, respectively, Ya is the mean of the
observed values, and n is the number of observations.

The RPD is s normalized statistics, which is superior to the RMSE for comparing
results from datasets with different variability degrees [30]. The RPD was calculated based
on the standard deviation (SD) of the observed values and RMSE as follows:

SD
RPD = RVSE 6)
According to Wang et al. [13], the model accuracy was defined in three levels: level A
(RPD > 2.0) indicates the most efficient model with a reliable predictive capacity, level B
(1.4 < RPD < 2.0) indicates a good model with sufficient outcomes, and level C (RPD < 1.4)
indicates unreliable predictive ability.

2.4. Mapping Soil Salinity and Sodicity

Considering the best-fitted retrieval models, the soil EC and ESP maps were generated
using the raster calculator integrated with ArcGIS 10.8 spatial analysis tools. Soil salinity
was arranged in five classes according to EC (dS m™1) values [31], including non-saline
(0-2), very slightly saline (2—4), slightly saline (4-8), moderately saline (8-16), and strongly
saline (>16). Soil sodicity classes [2] were categorized using ESP values as follows: none
sodic (<15), slightly sodic (15-30), moderately sodic (30-50), strongly sodic (50-70), and
extreme (>70). The saline soils were defined by EC above 4 dS m~!, while the sodic soils
were distinguished by ESP above 15. The spatial distribution of SAS in the two seasons
was obtained by overlaying soil salinity and sodicity maps.

3. Results
3.1. Land Cover

The land cover maps (Figure 4) reveal three land cover classes dominating the studied
region, including barren lands, vegetation, and water bodies. These classes occupied 307.55,
285.45, and 14.74 km?, representing 50.60, 46.97, and 2.43% of the total area, respectively,
in the wet season. The same classes covered 366.29, 232.89, and 8.56 km?, accounting for
60.27, 38.32, and 1.41% of the total area, respectively, in the dry season. The water bodies
included permanent ponds (in the northeastern part), seasonal ponds (in the southwestern
part), and fish farms (mainly in the western and northern parts). The spatial distribution of
the three land cover classes displayed seasonal variations. The extent of water bodies and
vegetation decreased by 1.02 and 8.65% from the wet to dry period. The extent of barren
lands, on the other hand, increased by 9.66% in the dry period.
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Figure 4. Land cover maps of the study area in the wet and dry periods.

3.2. Soil Physicochemical Characteristics

The results in Table 1 show that the mean soil pH in the wet season was 7.61 and lower
than that in the dry season (7.83). The mean soil EC in the wet season was 6.10 dS m~!
and about 58% lower than the one in the dry season (9.61 dS m~!). The concentrations of
soluble ions were higher in the dry period than in the wet period. CO32~ was not found in
the samples, and thus was not examined hereafter. The mean soil ESP in the wet period
was 12.03 and nearly 39% lower than the one in the dry period (16.77). The sand dominated
the soil particle size distribution, averaging 48.74%, followed by clay (35.04%) and silt
(16.22%). Half of the soil samples had a fine texture (clay—43% and sandy clay—7%),
44% had a medium texture (sandy loam—17%, sandy clay loam—17%, loam—9%, and
silty loam—1%), while 6% had a loamy sand texture. The coefficient of variation (CV)
defines the degree of variability, where CV values below 20, 20-50, and above 50% indicate
low, moderate, and large variability [30]. Hence, all the studied soil characteristics had
large variabilities in both seasons, except the pH (low variability) and the sand content
(moderate variability).

The Kolmogorov-Smirnov normality test reveals low significant values (p < 0.05) for
EC and ESP in the two seasons (Table 2). This, in turn, indicates that the two variables
differ significantly from the normal distribution. The best normal distribution trends were
obtained by the square root (/) transformations. Thus, the original pH, \/EC, and /ESP
values for the wet and dry seasons were considered for the correlation and regression
analyses. The selected calibration and validation datasets had nearly identical ranges
for pH, EC, and ESP (Table 2). Moreover, the one-way analysis of variance (ANOVA)
test revealed no significant differences in these properties between the calibration and
validation datasets in the two seasons. Thus, the soil salinity and sodicity of both datasets
sufficiently represent the entire dataset, implying the ability of calibration models to provide
satisfactory predictions.
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Table 1. Descriptive statistics of soil physicochemical properties (1 = 70).

Property Unit Season Min Max Mean SD CV, %
H Wet 7.10 8.27 7.61 0.26 343
P Dry 7.10 8.52 7.83 0.27 3.39
EC P Wet 0.17 23.10 6.10 6.58 107.95
Dry 0.29 48.80 9.61 1240 129.00
. Wet 1.10 178.47 41.77 50.73 121.46
Na Dry 1.96 371.00 69.19 91.52 132.28
. Wet 0.02 3.74 0.71 0.72 101.51
Dry 0.02 7.80 1.51 1.46 96.57
. Wet 0.10 49.90 8.86 9.21 103.86
Ca Dry 0.50 74.65 15.68 19.95 127.23
Wet 0.14 41.76 10.28 1018 98.97
Mg?* mmolc L™ Dry 0.25 49.00 10.12 12.18 120.40
B Wet 0.04 23020 50.57 64.49 127.52
Cl Dry 1.80 27620 55.73 73.21 131.37
o2 Wet 0.00 5247 9.25 1258 136.01
4 Dry 0.69 115.50 271 26.18 115.29
. Wet 0.20 4.00 1.52 0.82 53.76
HCO Dry 0.66 112.00 18.62 26.48 142.20
Wet 0.83 34.46 12.03 1026 85.28
ESP Dry 1.19 59.44 16.77 12.77 64.79
Sand 16.00 88.00 48.74 21.63 4437
Silt % All 2.00 52.00 16.22 12.10 74.59
Clay 6.00 64.00 35.04 17.89 51.04

EC, electrical conductivity; ESP, exchangeable sodium percentage; SD, standard deviation; CV, coefficient of variation.

Table 2. Descriptive statistics of soil data in the calibration and validation datasets.

Property Season Calibration Dataset (1 = 49) Validation Dataset (n = 21)
Normality Test Normality Test
Range Mean Range Mean
Statistics df  Sig. Statistics df  Sig.

pH Wet 7.21-8.19 7.62 0.101 49 0.200 7.04-8.27 7.56 0.151 21 0.200
Dry 7.29-8.52 7.86 0.097 49  0.200 7.10-8.20 7.74 0.171 21 0172
EC, Wet 0.17-29.70 7.03 0.257 49  0.00 0.53-39.20 7.18 0.265 21 0.002
dSm™! Dry 0.30-77.71 13.98 0.244 49  0.00 1.24-66.96 13.2 0.265 21 0.002
VEC, Wet 0.41-5.45 2.22 0.127 49  0.088 0.73-6.26 2.29 0.188 21 0.092
dSm™! Dry 0.55-8.82 3.06 0.106 49  0.200 1.11-8.18 2.99 0.114 21 0.098
Wet 0.83-51.15 14.07 0.172 49  0.003 3.39-52.14 14.83 0.21 21 0.035
ESP Dry 1.19-61.36 19.75 0.215 49  0.00 2.13-37.33 15.9 0.237 21 0.009
JESP Wet 0.91-7.15 3.37 0.116 49 0179 1.84-7.22 3.63 0.156 21 0.200
Dry 1.09-7.83 411 0.126 49  0.094 1.46-6.11 3.73 0.17 21 0.182

EC, electrical conductivity; ESP, enchantable sodium percentage; df, degree of freedom. Significance values > 0.05
indicate normal distributions and are in bold.

3.3. Soil Spectral Characteristics

The reflectance of OLI/TIRS bands in all spectral channels (Figure 5) displayed unclear
associations with the soil pH in the two seasons. However, the slightly alkaline soils (pH
7.4 to 7.8) had higher reflectance than moderately alkaline (pH 7.9 to 8.4) and strongly
alkaline soils (pH 8.5 to 9). In contrast, the spectral reflectance values showed decreased
trends with increasing soil EC and ESP levels. In the VIS channel (B1 to B4), the spectrum
curves decreased gradually and the reflectance of soil salinity and sodicity classes exhibited
similar values. This, in turn, renders the discrimination between soil salinity and sodicity
levels using the VIS spectral bands difficult. In the NIR and SWIR spectral channels, the
spectrum curves decreased sharply and the reflectance of soil salinity and sodicity classes
exhibited different values. Specifically, the NIR band (B5) could discriminate the reflectance
of each soil salinity and sodicity class in the two seasons.
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Pearson’s correlations between the band reflectance and soil pH, EC, and ESP are
presented in Table 3. The level of p < 0.05 denoted a significant correlation, while p < 0.01
reflected a highly significant correlation. The band reflectance in all spectral channels had
no significant correlations with soil pH in the two seasons. With the exception of Bl and
B2, all bands showed significant and highly significant correlations with EC (in the two
seasons) and ESP (in the dry season). However, in the wet season, only NIR and SWIR
bands displayed significant and highly significant correlations with ESP. Among the seven
bands, the NIR band showed the highest correlations with EC (—0.76 in the wet season and
—0.69 in the dry season) and ESP (—0.74 in the wet season and —0.68 in the dry season).
The seven bands showed also significant correlations among each other in the two seasons,
reflecting collinearity between these bands.

Table 3. Pearson’s correlations between band (B) reflectance and soil properties.

Wet Season
Variable pH vEC +/ESP B1 B2 B3 B4 B5 B6 B7

pH 1

vEC 0.012 1

/ESP 0.062 0.935 ** 1
Bl —0.041 —0.157 —0.077 1
B2 —-0.117 —0.207 -0.113 0.986 ** 1
B3 —0.175 —0.337** —0.245 0.936 ** 0.972 ** 1
B4 —0.161 —0.279 * —0.188 0.949 ** 0.979 ** 0.995 ** 1
B5 —0.197 —0.767 ** —0.743 ** 0.266 * 0.310 * 0.470 ** 0.404 ** 1
B6 —0.226 —0.465 ** —0.382 ** 0.874 ** 0.914 ** 0.969 ** 0.956 ** 0.605 ** 1
B7 —0.210 —0.370 ** —0.283* 0.913 ** 0.949 ** 0.984 ** 0.981 ** 0.494 ** 0.988 ** 1

Dry Season
Variable pH vEC +/ESP B1 B2 B3 B4 B5 Bé6 B7

pH 1

VEC —0.227 1

/ESP —0.058 0.895 ** 1
Bl 0.122 —0.130 —0.146 1
B2 0.118 —0.226 —0.249 0.980 ** 1
B3 0.114 —0.370 ** —0.400 ** 0.904 ** 0.964 ** 1
B4 0.133 —0.362 ** —0.396 ** 0.903 ** 0.960 ** 0.996 ** 1
B5 0.141 —0.678 ** —0.684 ** 0.582 ** 0.669 ** 0.799 ** 0.796 ** 1
B6 0.131 —0.513 ** —0.557 ** 0.808 ** 0.870 ** 0.934 ** 0.938 ** 0.903 ** 1
B7 0.124 —0.409 ** —0.456 ** 0.864 ** 0.914 ** 0.958 ** 0.965 ** 0.832 ** 0.980 ** 1

* Correlation is significant at the 0.05 level (2-tailed). ** Correlation is significant at the 0.01 level (2-tailed).
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Figure 5. Spectral reflectance curves of soil pH, EC, and ESP classes.
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3.4. Prediction Models for Soil Salinity and Sodicity

The results of the SMLR models developed to relate soil EC and ESP with multispectral
bands are shown in Table 4. Only the NIR band (B5) contributed to predicting soil EC
(Equation (7)) and ESP (Equation (8)) in the wet period. The two models had sufficient
fits and adequate outcomes to express soil salinity and sodicity in this period. For the
cross-validation datasets, the EC and ESP predictive models had R? values of 0.65 and 0.61
and RPD values of 1.44 and 1.43, respectively. Although predicting soil EC (Equation (9))
and ESP (Equation (11)) in the dry period was implanted also with the NIR band, the
models had poor performances. The R? and RPD for the cross-validation datasets were
lesser than the acceptable limits of 0.5 and 1.4, respectively. The best-fitted retravel models
for EC (Equation (10)) and ESP (Equation (12)) were constructed by combing the deep
blue band (B1) with the NIR band. As indicated by the cross-validation results, band
integrations improved the performance since the EC and ESP retravel models had an R? of
0.59 and 0.60 and an RPD of 1.49 and 1.50, respectively.

Table 4. Predictive models derived from the stepwise multiple linear regression.

Variable Regression Calibration Dataset Validation Dataset
Model No R? RMSE RPD R? RMSE RPD
Wet season
EC +/EC =10.14-11.52B5 () 0.64 8.54 1.59 0.65 3.89 1.44
ESP +/ESP =10.98-10.79B5 (8) 0.67 9.15 1.68 0.61 5.61 1.43
Dry season
EC +/EC =10.40-20.50B5 ) 0.48 22.56 1.27 0.41 9.76 1.26
+/EC =8.59-29.02B5 + 50.06B1 (10) 0.61 19.80 1.45 0.59 7.60 1.49
ESP +/ESP =9.05-14.25B5 (11) 0.54 11.70 1.44 0.48 7.73 1.29
+/ESP =7.92-19.56B5 + 31.22B1 (12) 0.65 10.55 1.60 0.60 7.13 1.50
R?, coefficient determination; RMSE, root mean square error; RPD, residual prediction deviation.
3.5. Distribution of Soil Salinity and Sodicity
The predictive maps of soil EC and ESP are given in Figures 6 and 7, respectively. In
the two seasons, the higher salinity and sodicity levels occurred mainly in the northern and
western parts, while the lowest ones were in the middle and southern parts. As shown
in Table 5, the proportions of non-saline, very slightly saline, slightly saline, moderately
saline, and strongly saline soils were 33.78, 13.86, 13.81, 13.72, and 22.40%, respectively, in
the wet period, while they were 31.05, 8.15, 10.07, 13.15, and 36.17%, respectively, in the
dry period. Results in Table 6 indicate that the non-sodic, slightly sodic, and moderately
sodic soils covered 61.41, 21.94, and 14.21% of the total area, respectively, in the wet period.
In the dry period, the non-sodic, slightly sodic, moderately sodic, and strongly sodic soils
covered 51.17, 23.89, 22.59, and 0.95% of the total area, respectively.
Table 5. Areas of soil salinity classes in the study area.
Salinity Class EC,dSm™! We;srie;son DWAS;_Z;;SOH Change
km? % km? % km? %
Non-saline <2 205.30 33.78 188.72 31.05 —16.58 —-2.73
Very slightly saline 2-4 84.25 13.86 49.55 8.15 —34.70 -5.71
Slightly saline 4-8 83.92 13.81 61.20 10.07 —22.72 —3.74
Moderately saline 8-16 83.38 13.72 79.90 13.15 —3.49 —0.57
Strongly saline >16 136.15 22.40 219.82 36.17 83.67 13.77
Water bodies 14.74 2.43 8.56 1.41 —6.18 —1.02

The spatial extent of soil salinity and sodicity classes showed seasonal variations.
From the wet to dry period, the proportions of non-saline, very slightly saline, and slightly
saline soils decreased by about 3, 6, and 4%, respectively; meanwhile, the proportion of
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strongly saline soils increased by about 14% (Table 5). The proportions of moderately saline
soils were relatively stable during the two seasons. From Table 6, we can see that the
proportion of non-sodic soils decreased from the wet to dry period by about 10%, while the
proportions of the slightly and moderately sodic soils increased by 2 and 8%, respectively.
Moreover, the strongly sodic soils were developed only during the dry period. Specifically,
the soil salinity and sodicity in the dry period were higher than in the wet period.

Wet season (March) Dry season (September)
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Figure 6. Distribution maps of soil EC across the study area.
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Figure 7. Distribution maps of soil ESP across the study area.
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Table 6. Areas of soil sodicity classes in the study area.
. . Wet Season Dry Season
Sodicity Hazard ESP Area Area Change
km2 % km2 % kH@ %

None-sodic <15 373.31 61.43 310.99 51.17 —62.31 —10.25
Slightly sodic 15-30 133.31 21.94 145.18 23.89 11.87 1.95
Moderately sodic 30-50 86.38 14.21 137.26 22.59 50.88 8.37
Strongly sodic 50-70 0.00 0.00 5.75 0.95 5.75 0.95

Water bodies 14.74 243 8.56 141 —6.18 —1.02

3.6. Distribution Maps of Salt-Affected Soils

The studied area was dominated by three types of SAS, including non-saline non-sodic
soils, saline soils, and saline-sodic soils (Figure 8). During the two periods, the soils with
neither salinity nor sodicity problems were mostly observed in the middle and southern
parts. On the other hand, the soils affected by salinity and sodicity problems were mostly
found in the northern and southern parts. The soils affected only by salinity problems were
detected in small and scattered patches across the interior region in the two seasons. The
results in Table 7 show that the non-saline non-sodic, saline, and saline-sodic soils covered
47.64,13.78, and 36.15% of the total area, respectively, in the wet season and 39.21, 11.79,
and 47.42%, respectively, in the dry season. This, in turn, indicates spatial variabilities of
salt-affected areas across different seasons. From the wet to dry period, the proportions of
non-saline non-sodic and saline soils decreased by about 8 and 2%, respectively; meanwhile,
the proportion of saline-sodic soils increased by nearly 11%.

Wet season (March) Dry season (September)
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Figure 8. Distribution maps of salt-affected soils across the study area.
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Table 7. Areas of salt-affected soils in the studied region.
. Wet Season Dry Season
Soil Type Area Area Change
km? % km? % km? %

Non-saline non-sodic 289.55 47.64 238.27 39.21 —5128 —844

Saline 83.76 13.78 72.73 11.97 -11.03 -1.82

Saline sodic 219.70 36.15 288.19 47.42 68.50 11.27

Water bodies 14.74 2.43 8.56 1.41 —6.18 —1.02

4. Discussion
4.1. Seasonal Variability of Land Cover and Soil Properties

Normally, climate conditions and agronomic practices have vital roles in changing
land cover patterns across different seasons [13,17]. The decreased extent of the water
bodies in the dry period is closely related to the drying of seasonally submerged areas due
to the higher temperature and evaporation rate than in the wet season. The winter crops
are still growing during March, while the summer crops are mostly harvested at the end
of September. This, in turn, could explain the decreased extent of vegetation cover from
the wet to dry period. Owing to the decline in water bodies and vegetated areas in the dry
period, the extent of barren land increased.

In arid and desert lands, seasonal fluctuations in air temperature, evaporation rate,
and rainfall have significant effects on soil salt dynamics [32]. Uneven rainfalls during
the wet period cause partial leaching of the soluble ions from the topsoil to deep layers,
resulting in relatively lower concentrations [13]. Moreover, fine- and medium-textured
soils with strong capillary effects [33] dominated the studied region. Thus, in response
to the higher evaporation rate in the dry period, the soluble ions tend to seep up to the
topsoil [16]. Therefore, the build-up in soil salinity and sodicity were highly noticeable in
the dry period than in the wet period.

4.2. Sensitivity of Band Reflectance to Soil Properties

The reflectance of OLI/TIRS bands did not uniformly link to the soil pH in the
two seasons, which is in line with the spectral characteristics of alkaline soils in China [16].
Most of our soils were slightly to moderately alkaline, and thus the band reflectance did
not respond to the narrow pH range. In contrast, the strong heterogeneity of soil EC and
ESP across the study area led to a regularity with the corresponding spectral features. The
decreased soil reflectivity with increasing EC levels is in agreement with the results reported
for a coastal saline area in Vietnam [27]. Such a decline is likely due to the hygroscopic
nature of salts, as more energy is absorbed with increasing salt and water molecules [34].
Thus, stable declines were noticed in the NIR and SWIR spectral channels owing to the
sensitivity of these bands to water content [35]. However, the most evident trend occurred
in the NIR spectrum, which is in harmony with earlier published results [34,36,37].

The weak correlations of all spectral bands with soil pH revealed that OLI/TIRS
imageries failed to capture the narrow spectral feature of soil pH during the two seasons.
However, the pH of Chinese soils was highly linked to OLI/TIRS bands [15,38], probably
due to different surface and soil conditions. This entails an urgent need to verify the
capacity of Landsat 8 imageries to retrieve the soil pH under diverse ecological conditions.
Compared with soil pH, the reflectance of OLI/TIRS bands had higher correlations with EC
and ESP. The non-significant correlations with the deep blue and blue bands reflect the high
sensitivity of these bands to soil optical properties and atmosphere conditions, limiting
their associations with salt contents [39,40]. The reflectance in the longer wavelengths (B3
to B7) is less affected by the atmospheric factors [39], showing significant relations with
soil salts.

The amount and type of salts affect soil color [30], which interprets the linkages to
green and red bands. The reverse relations suggest the presence of nahcolite (NaHCO3),
thenardite (NaySO;4), and gypsum (CaSO4.2H,0), which reduce the reflectance in the VIS
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range [34]. The higher relations with NIR and SWIR bands indicate the formation of spectral
features related to the soil-salt mineralogy [40]. Chloride, sulfate, and carbonate minerals
have distinct absorption features in the NIR and SWIR channels related to fluid inclusions
or absorbed water [34,39]. The inverse relations indicate the dominance of hygroscopic
salts (NaCl, CaCl,, and MgCl,), which absorb more energy and decrease the spectral
reflectance [34]. Thus, the NIR bands had the highest relations with EC and ESP, probably
due to the strong energy absorption by water molecules in this spectral channel [41]. Our
findings are in line with Meng et al. [42] and Nguyen et al. [27], who reported that the NIR
band of Landsat OLI imageries had the highest correlation with soil EC.

4.3. Retrieving Soil EC and ESP from OLI/TIRS Bands

Linear regression is still the most simple and popular approach applied to retrieve
topsoil properties from satellite RS data [8,29]. The SMLR models can precisely portray
the sensitivity of multiple RS covariates to the changes of a certain soil property, offering
optimal regression equations [13,16]. Thus, reliable inversion models via linking reflectance
of OLI bands with filed measurements of soil EC have been documented in previous case
studies. These models were constructed with a single band such as the deep blue band (B1)
in northeast China [15] or with blue (B2) and red (B4) bands in North Carolina, USA [17].

In the study area, only the NIR band contributed to EC and ESP predictions in the
wet period, which went hand-in-hand with the correlation results. Normally, the soil
water content increases during the wet period, resulting in a higher absorption of the NIR
spectrum [35]. This, in turn, might provide the superiority of B5 to discriminate the amount
and type of soil salts. During the dry period, the best-fitted models were constructed with
the deep blue and NIR bands, regardless of the non-significant relations of B1 with EC and
ESP. This might be related to the effect of intercorrelation with other spectral bands [43].
The low soil moisture content during the dry period increases the atmospheric burdens of
dust and aerosol, leading to significant effects on the band reflectance [41].

Overall, results of the SMLR models indicated the possible use of OLI/TIRS bands to
track space—time dynamics of soil EC and ESP over the studied region. This assumption
could be affirmed by the R2 and RPD values of the cross-validation datasets. The models
(Equations (6), (7), (9) and (11)) proved sufficient agreements between the predicted and
observed values, with R2 ranging from 0.59 to 0.65. The adequate performance was also
depicted by the low variation between the predicted and observed values, showing an
RPD varying from 1.43 to 1.50. According to Wang et al. [13] and Mammadov et al. [30],
models with an RPD above 1.4 can be applied in prediction procedures. The robustness
of the developed models in our work could be due to the absence of obstacles (cloud,
dense vegetation, and crop residue), which hamper the retrieval of topsoil properties from
satellite RS imageries [44].

4.4. Space—Time Dynamics of Soil Salinity and Sodicity

The mapping results point to distinct space—time changes in soil EC and ESP across
the study area. However, during the two seasons, soils affected by the highest salt problems
were mostly nearby the shores. This, in turn, indicates extensive saline water intrusions
from the Mediterranean Sea in the north and the Suez Canal in the west [19]. The extent of
seawater instructions tends to decline into the interior region, causing lower salt problems.
Depending on soil texture and salt types, soil salinity and sodicity problems are normally
exacerbated during the dry period due to a capillary rise and salt accumulation on soil
surfaces [13,33]. Thus, the increased extent of strongly saline soils during the dry period
was related to the higher accumulation of soluble salts in soils. Sodium salts constituted
a great portion of these salts, leading to increasing the extent of slightly and moderately
sodic soils and the development of strongly saline soils.

The spatiotemporal dynamics of soil salts had also a profound impact on the distribu-
tion of SAS across the studied region. The non-saline non-sodic soils occupied the interior
region, where the extent of seawater intrusion was relatively far away from these parts. On
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the other hand, being highly vulnerable to extensive seawater instructions, the saline and
saline-sodic soils were located mainly near the shores. The increased extent of saline-sodic
soils in the dry period suggests a higher precipitation of Ca?* and Mg?* salts, leaving Na*
as the dominant cation on soil collides [45]. Generally, the developed maps indicate that the
studied region is highly affected by salt problems. Therefore, future studies should focus
on designing proper agronomic practices to ameliorate soil and improve crop productivity.

5. Conclusions

The soil EC and ESP were highly variable across the entire study area, while the soil
pH displayed weak variability. However, values of the three indicators (pH, EC, and ESP)
increased from the wet to dry period. The spectral resolution of OLI/TIRS imageries was
inadequate to capture the narrow spectral feature related to the soil pH. In contrast, the
ability to explore the spectral features related to soil EC and ESP was rather notable at the
SWIR channel and quite evident at the NIR channel. The EC and ESP retrieval models
developed with the NIR band in the wet period yielded adequate outcomes (an R? of 0.65
and 0.61 and an RPD > 1.4), while the NIR models’ results in the dry period were not
reliable. After integrating B1 with B5, the best-fitted EC and ESP predictive models were
obtained with an R? of 0.59 and 0.60, respectively, and an RPD exceeding the acceptable
limit (1.4). The predictive maps revealed increased soil salinity and sodicity levels from the
wet period to dry periods, with the highest threats affecting areas near the shores. Selecting
salt-tolerant crops and adopting proper agronomic practices is necessary for sustainable
agricultural development in the studied region. The current work, in general, proved the
applicability of Landsat OLI/TIRS data in dynamic soil salinity and sodicity monitoring at
landscape scales. Future research is recommended to extend the conclusions of our work
to other regions, especially in developing countries with poor financial support.
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