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Abstract: For modelling and predicting soil indicators to be fully operational and facilitate decision-
making at any spatial level, there is a requirement for precise spatially referenced soil information
to be available as input data. This paper focuses on showing the capacity of Sentinal-2A(S2A)
multispectral imaging to predict soil properties and provide geostatistical analysis (ordinary kriging)
for mapping dry land soil fertility conditions (SOCs). Conditioned Latin hypercube sampling was
used to select the representative sampling sites within the study area. To achieve the objectives of
this work, 48 surface soil samples were collected from the western part of Matrouh Governorate,
Egypt, and pH, soil organic matter (SOM), available nitrogen (N), phosphorus (P), and potassium
(K) levels were analyzed. Multilinear regression (MLR) was used to model the relationship between
image reflectance and laboratory analysis (of pH, SOM, N, P, and K in the soil), followed by mapping
the predicted outputs using ordinary kriging. Model fitting was achieved by removing variables
according to the confidence level (95%).Around 30% of the samples were randomly selected to verify
the validity of the results. The randomly selected samples helped express the variety of the soil
characteristics from the investigated area. The predicted values of pH, SOM, N, P, and K performed
well, with R2 values of 0.6, 0.7, 0.55, 0.6, and 0.92 achieved for pH, SOM, N, P, and K, respectively.
The results from the ArcGIS model builder indicated a descending fertility order within the study
area of: 70% low fertility, 22% moderate fertility, 3% very low fertility, and 5% reference terms. This
work evidence that which can be predicted from S2A images and provides a reference for soil fertility
monitoring in drylands. Additionally, this model can be easily applied to environmental conditions
similar to those of the studied area.

Keywords: soil fertility modelling; GIS; ordinary kriging; cLHS; S2A image; drylands

1. Introduction

Soils are very complicated ecosystems formed by biological and non-biological factors
that widely fluctuate from one environment to another. Applying suitable agricultural
management practices requires the characterization, modelling, and mapping of soil prop-
erties [1–4]. Models of soil properties and indicators require the use of accurate, spatially
referenced soil information as an input to help facilitate the decisions made at national and
international levels [5]. Estimating different soil properties by traditional methods requires
intensive field and laboratory work; this is time-consuming, costly, and the results may
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also be affected by significant uncertainty [6]. Thus, the combination of remote sensing
data and field measurements has been proposed as a way to model and map soil proper-
ties [7,8]. Furthermore, increasingly high-quality data, including digital elevation models
(DEMs) and satellite images, have allowed for novel methods to be established to select
the samples distributed within the feature space of environmental variables. Conditioned
Latin hypercube sampling (cLHS) is an atypical example [9]. It has been implemented
in many mapping studies in terms of guaranteeing the full coverage of a multivariate
feature space [10–23]. Some critical soil properties, such as salinity, texture, minerals, and
organic matter, have been estimated and investigated using enhanced thematic mapper
plus (ETM+), Landsat-7, and Landsat-8 operational land imagers (OLIs) [24]. Visible,
near-infrared, and short-wave infrared hyper spectral methods have been used to estimate
surface soil properties such as soil organic carbon (SOC), cation exchange capacity, soil
texture, and calcium carbonate [25–29]. One of the major challenges today is finding the
best way to develop low-cost methods for modelling and mapping physical and chemical
soil properties over large areas. Remote sensing (RS) has commonly been utilized, mainly
at a regional scale, for soil mapping because of the low costs, quick data acquisition, and
availability of high temporal and spatial information quality [30]. Satellites and aerial plat-
forms that are used for capturing bare soil images can be analyzed by traditional methods,
such as band ratio and discriminant analysis [30]. An adequate prediction of soil properties
using hyperspectral data is not easy due to the soil reflectance phenomenon. To overcome
this problem, regression analysis, including multiple regression analysis (MLR), principal
component regression (PCR), and partial least-squares (PLS) regression, have been used,
with these making connections between soil properties and reflectance data or spectral
indices [30,31]. The use of hyperspectral VNIR/SWIR imagery was confirmed by a previous
study as being a very important tool for mapping soil properties, however, it cannot be im-
plemented for large areas or for long time periods due to high cost and low availability [5].
The low temporal resolution of VNIR/SWIR multispectral, coarse spatial, and spectral
resolutions within these sensors causes deficiencies in spatial prediction performance under
the annual crop system, as the time period of bare soil availability is very short [32,33]. The
European Space Agency launched multispectral satellite Sentinal-2A data last November
(2015), with its development of large area images considered revolutionary [5]. Sentinal-2A
(S2A) data was released last November (2015); it contains high temporal, spatial (10 to
60 m), and spectral resolutions (20 to 180 nm) [5,33]. Today, to identify elements that are
deficient in a soil, there is a requirement for quick analysis with low cost and high accuracy;
satellite image data can complement analysis in situ [34,35]. Precise measurements and
efficient methods should be conducted to improve soil and water quality [36]. Measurable
information for soil characteristics and their spatial spreading is very important to achieve
agriculture sustainability development and reduce negative environmental effects [37–39].
This is very critical in drylands due to these areas having a lot of limiting factors for soil
fertility, such as a low content of nitrogen (N), phosphorus (P), potassium(K), soil organic
matter (SOM %), and irrigation water scarcity. The mapping of these factors provides a
good indicator of land degradation [40–42]. Recently, the development of low-cost ap-
proaches is needed for mapping soil properties within a large area. Additionally, it is
critical to consider that the management of agricultural lands require a method of rapid
analysis to characterize the elements deficient in soil and in crops as well. Therefore, this
research aims to assess the potential of S2A imaging and geostatistical analysis (ordinary
kriging) to predict selected soil properties and show the distributions of fertile conditions
of study area based on the predicted properties. The study areas focus on western parts of
Matrouh Governorate (Northwest coast of Egypt), parts of which were used previously as
test areas for mapping using Vis-NIR Spectroscopy data. The proposed approach enabled
us to model relationships between the spectral reflectance, which was extracted from bands
of S2A satellite imagery, and laboratory analysis, to create maps of soil properties by using
OK and finally produce of SOC maps.
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2. Materials and Methods

The proposed procedure in this work is displayed in Figure 1.
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Figure 1. Schematic diagram of current work methodology; note: MLR = multi linear regression.

2.1. Study Area

The experimental area is located in the western part of Matrouh Governorate, Egypt,
between longitudes 26◦49′58.0′′ and 26◦58′06′′ East, and latitudes 31◦13′07′′ and 31◦26′36′′

North with a total area of 213.7 km2 (Figure 2). The study area has a wide variety of
environmental conditions [43,44] and is characterized by a Mediterranean Sea climate, with
rainfall fluctuating between 105 and 200 mm per day and the mean temperatures of 8.1 to
18 ◦C and 20 to 29.2 ◦C in the winter and summer seasons, respectively [6]. The area suffers
from low-density vegetation cover during the summer, with the vegetation cover starting
to increase in the winter and spring due to precipitation. The land elevation differs between
11 and 212 m above sea level (asl), as can be seen in Figure 3, with the lowest areas located
closest to the Mediterranean Sea and the highest areas appearing in the southern region
(Figure 3) [6]. Miocene and Quaternary deposits are the main geological units [44,45]. The
main geomorphologic units in the study area are plains (3453.68 ha), wadi (733 ha), terraces
(7149.65 ha), basins (399.27 ha), pavement plain, and reference unit (11,064.76 ha) units,
according to [46]. Figure 4 shows the three classes of land use and land cover (LULC)
highlighted in the investigated area: agriculture, urban, and bare soils. These classes cover
1064.26 (5%), 273.36 (1.3), and 20,210.76 (93.7%) hectares (ha) of the study area, respectively.
The soils of the study area are classified into two orders, i.e., Entisols and Aridisols, which
are divided into five subgroups: Typic TorriPsamments, Typic Calcigypsids, TypicHaplogypsids,
Typic Haplocalcids and Lithic Torriorthents [44,47].
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2.2. Soil Sampling and Laboratory Analysis

Conditioned Latin hypercube sampling (cLHS) was utilized to realize the best sam-
pling site distributions based on landscape attributes [9,48]. The sample points number
was set at 400, and the iteration number was set at 50,000 as seen in Figures 1 and 5.The
selection of the samples (400 points) was based on hydrological and morphometric pa-
rameters, i.e., digital elevation model (DEM), slope, curvature, profile curvature, plan
curvature, stream power index, slope length, and ISO data classification of the S2A images
(Supplementary Materials: Figures S1 and S2) [49], and urban areas were excluded. All soil
sample locations were checked in the field; forty-eight locations were chosen to represent
different landforms of the study area according to [46] (Figure 6). The soil samples were col-
lected from the study area and transferred to the relevant soil, water, and plant laboratories
within the Faculty of Agriculture, Tanta University in accordance with ISO/IEC 17,025:2017
requirements for analysis. The samples were air-dried under normal temperature and then
passed through a 2 mm sieve. The soil organic matter proportion (SOM %) was analyzed
according to the Walkley and Black method, while soil reaction (pH) was measured using
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pH meter (V HANNA) [44]. The available nitrogen (N), phosphorus (P) and potassium
(K) levels were determined by Kjeldahl spectrophotometry (880 wavelength) and flame
photometry [50].
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2.3. Digital Image Processing

A Sentinal-2A image was acquired in the September of 2021, and low-density cloud
data was downloaded from the United States Geological Survey (USGS). The multispectral
S2A image has 13 spectral bands; four of them have10 m resolution, and six of the bands
have a 20 m resolution (Table 1). The image was atmospherically corrected utilizing
the ATCOR2 radiative transfer model according to [51]. Universal Transverse Mercator
(UTM) coordinates were used for the geo-rectifying of the image. Then, all satellite image
analyses and processes were carried out using the standard producers provided by SNAP
software [52]. All spectral bands were resampled to 10 m by the S2A resampling function
in the SNAP software (Figure 7).

Table 1. Characteristics of the Sentenial2 satellite image.

No. Band Name Central Wavelength (nm) Resolution (m)

1 Coastal aerosol 443.9 60
2 Blue 496.6 10
3 Green 560 10
4 Red 664.5 10
5 Vegetation Red Edge 703.9 20
6 Vegetation Red Edge 740.2 20
7 Vegetation Red Edge 782.5 20
8 NIR 835.1 10
8a Narrow NIR 864.8 20
9 Water vapour 945 60
10 SWIR–Cirrus 1373.5 60
11 SWIR 1613.7 20
12 SWIR 2202.4 20
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2.4. Procedure of Modelling

Multiple linear regressions (MLRs) were used to predict the dependent variable re-
sponse, from the many independent variables, as a correlation function between them. The
MLR algorithm was implemented using the SPSS V22, with stepwise (backward) analysis,
fitting the model via the removal of variables according to the confidence level (95%).
Around 70% of samples were used for calibration and 30% for validation. The average of
the spectral reflectance from the S2A image was used to determine soil fertility parameters,
i.e., pH, SOM, N, P, and K. The output maps were validated by calculating the correlation
coefficient (R2) and the root mean square error (RMSE) (Equations (1) and (2)). In addition,
R2 was utilized to also describe the validation of the model, where x expresses the value
of the soil parameter i, which was analyzed in the laboratory and used as the background
value for the calibration process. y represents the predicted value and n is the number of
soil samples utilized for the calibration [53,54].

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (1)

where n = the number of samples, yi = measured value; ŷi = the predicted value, and
yi = the mean ofallvalues.

RMSE =

√
1
N ∑N

I=1[Z1(xi)− Z2(xi)]
2 (2)

where Z1(xi) = measured values and Z2(xi) = predicted values.

2.5. Producing Maps of Soil Properties

The prediction of soil property values was carried out using ordinary kriging (OK).
OK is a geostatistical model that predicts selected soil properties in anon sampled lo-
cation [55,56]. The histogram tool and normal QQ plots were used to check the nor-
mal distribution of data for each parameter. In this work, we implemented semi vari-
ogram models (Gaussian, spherical, and stable) for each parameter [55,56] according to
Equations (3) and (4). The selection of the best model was based on RMSE calculation, the
mean standardized error (MSE), and the root mean square standardized error (RMSEE)
according to Equations (5) and (6).

The Gaussian function was defined as:

(h) =

{
C0 + C

(
1− exp

(
−h2

a2

))
, h > 0

0, h = 0
(3)

The spherical function was defined as:

(h) =


C0 + C

(
3h
2a −

1
2 −

(
h
a

)3
)

, 0 < h ≤ a

C0 + C, h > a
0, h = 0

(4)

where a = the actual ranges for the spherical and circular, h = the spatial lag, C0 = is the
nugget, and C = the partial sill.

MSE =
1
N ∑N

i=1[Z1(X1)− Z2(X2)] (5)

RMSSE =

√
1
N ∑N

I=1[Z1(xi)− Z2(xi)]
2 (6)
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2.6. Modelling of SFC in the Study Area

Soil fertility condition (SFC) characterizes the soil nutrient content, i.e., available N,
P, K, SOM, and pH (Figure 8), developed using the MLR model. The factors that were
selected in this study for calculating fertility status were based on the criteria for crop
growth requirements according to [37]. The SFC are used as an indicator for the degree of
crop suitability for exact uses [6]. GIS spatial modeling was used for evaluating SFCs based
on the following Equation (7).

SFC = S * [N * P * K * SOM * pH]1/5 (7)

where S = score of each parameter.
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Figure 8. Flow chart devised in this study to model SFC.

The model builder function in Arc GIS 10.7 was used to create the spatial model of
SFCs. Selected spatial analysis of the parameters is displayed in a diagram chain [57]
(Figure 8). Output from each process is considered as the input for the next process [58].
The subsequent stages were applied in this research to obtain the final SFC map of the
investigated area: (a) Interpolation of soil properties to raster layer, with the results from
this stage (b) reclassified into five classes (Very low, low, moderate, high, and very high),
then (c) scoring each SFC parameter based on Table 2, (d) feeding Equation (7) utilizing the
raster calculator tool and finally (f) the outputs from (d) were weighted and overlayed to
obtain and display the final SFC map.

Table 2. Score factors of SFC parameters.

Selected Factor Measuring Unit 1 0.8 0.5 0.2

N ppm >80 80–40 40–20 >20
P ppm >15 15–10 10–5 <5
K ppm >400 400–200 200–100 <100

SOM % >2 2–1 1–0.5 <0.5
pH - 5.5–7 7–7.8 7.9–8.5 >8.5

3. Results and Discussion
3.1. Soil Properties

The results reveal that the values of pH varied from 7.10 to 8.98 within the study area,
with an average pH of 7.92. The high value of pH is due to the presence of limestone
parent material [6]. These calcareous soils occupy wide areas of Egypt’s Western Desert
and North Africa [59]. These values of pH indicate a high similarity within the study area
(STD = 0.47) [60]. Soil nutrient availability and enzyme and soil organism activity in different
kinds of soils are both influenced by values of pH; thus, pH is considered one of the most
important factors soil factors [61]. The study area contains a low content of soil organic matter
(SOM), ranging from 0.03 to 0.83%. The low values of SOM are logical for arid regions as high
temperatures encourage the decomposition of organic matter [60]. For the spatial distribution
of SOM %, the highest values were located in the wadi area unit due to the presence of seasonal
crops [46]; however, there is a low variation of SOM content with STD ∼= 0.5. Generally, the
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Egyptian soils suffer from a deficiency of macronutrients, i.e., N, P, and K have ranges of 3.32
to 87.11, 0.8 to 7.34, and 20.13 to 200.40 ppm, respectively. Concerning SD, the variation in
N and K is very wide (STD = 13.04 and 32.27, respectively), with a STD value of1.77 for P.
The study area has the climatic and topographic conditions of the northern coast, which is
characterized by low values of N, P, and K except for some areas that cultivate seasonal crops.
These results are in line with those of [62] (Table 3 and Figure 9).

Table 3. Statistics of measured SFC parameters.

Statistics M. pH M. SOM M. N M. P M. K

MAX 8.98 0.83 87.11 7.34 200.40
Mean 7.92 0.38 45.47 4.18 83.37
MIN 7.10 0.03 3.32 0.80 20.13
STD 0.47 0.21 13.04 1.77 32.27

Note: M = measure.
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3.2. Producing SFC Parameter Using S2A Image

S2A data may help to characterize a given soil gradient, even if only a few soil
samples were used during differentiated crop operations (within the process of a precision
agriculture) [30]. The following five Equations (8)–(12), were used to obtain the values of
pH, SOM %, N, P, and K from the reflectance of the satellite image. OK was then used
for the spatial distribution of these selected parameters. An assessment of accuracy was
performed by calculating NRMSE (Table 4).

pH = (band 2 * 3.66) + (band 3 * 9.744) + (b4 * − 0.016) + 4.52 (8)

SOM % = (band 6 * −0.5567) + (band 7 * 36.58) + (band 11 * 0.2359) − 13.43 (9)

N = (band 4 *− 78.98) + (band 5 * 2272.91) − 740.16 (10)

P = (band 6 *− 5.76) + (band 10 * 1089.051) − 1.18 (11)

K = (band 1 * 12,930.48) + (band 2*− 64.75) + (band 10 * − 1107.29) − 468.28 (12)

All the studied parameters indicated acceptable results due to R2 values of 0.75 ± 0.31,
0.82± 0.11, 0.74± 8.70, 0.50± 1.53, and 0.97± 7.89 for pH, SOM %, N, P, and K, respectively.
NRMSE values were 0.16, 0.14, 0.1, 0.01, and 0.04, respectively (Table 3 and Figure 4). The
outputs from our results indicate that MLR is effective for predicting soil properties, with
these outputs being consistent with [6,63,64]. The accuracy values (R2 calibration) were
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0.6, 0.7, 0.55, 0.6, and 0.92 for pH, SOM, N, P, and K, respectively. As a whole, spectral
reflections are affected by a variety of soil properties and their concentrations [65,66].
Although the determination of respondent parts of a wavelength to dynamic changes in
element concentration is very complex, statistical analysis can resolve this issue [6]. The
qualitative analysis (visual comparison) and quantitative statistics should be utilized for
the assessment of model performance [67], and the results of this research are in line with
those of other studies [6,46]. The performance of the model for all selected elements was
assessed using determination (adj R). All models showed good fitting with adj R ranging
from 0.55 (N) to 0.92 (K).

Table 4. Model validation of soil property values obtained from S2A image.

Selected
Parameters

R2

Calibration
Adjusted R RMSE NRMSE R2

Validation

pH 0.6 0.54 0.31 0.16 0.75
SOM % 0.7 0.65 0.11 0.14 0.82
N (ppm) 0.55 0.52 8.70 0.1 0.74
P (ppm) 0.6 0.60 1.53 0.01 0.50
K (ppm) 0.92 0.91 7.89 0.04 0.97

3.3. Spatial Distribution of Predicted SOC Parameters Based on OK

The SOC parameter mapping relied on those values which were predicted by applying
the above models (Equations (8)–(12)) from the satellite image for each characteristic. OK
was utilized for mapping the SOC parameters and the efficacy and ability were measured
by calculating RMSE, MSE, and RMSSE, as shown in Table 4. The spatial distribution of
pH, and SOM regarding N, P, and K is shown in Figure 9. The predicted pH values ranged
from 7.28 to 8.54 in central and northern parts of the study area, whereas the study area
was characterized by a low content of SOM with the highest values located in wadi areas
due to agricultural activities. The predicated values of N, P, and K ranged from 20.31–66.15,
2.01–6.84, and 24.13–174.59, respectively (Table 5). It can be concluded from these results
that the selected soil properties perform as acceptable indicators for soil fertility condition
of the study area, with these findings falling in line with those of [6]. The outputs showed
that the Gaussian model is fit for SOM, N, and P, whereas the spherical and stable models
are suitable for pH and K. It can be concluded from Table 6 that OK has the ability to map
selected SOC parameters with high accuracy as RMSEE values are close to 1.00, i.e., 1.01,
0.98, 0.94, 0.95, and 1.00 for pH, SOM, N, P, and K, respectively; these results are consistent
with [46,68]. These findings confirm that OK was suitable and reliable for predicting the
spatial distribution of selected parameters (Figure 10).

Table 5. Statistics of predicted SFC parameters based on the S2A image.

Statistics Pred. pH Pred. SOM Pred. N Pred. P Pred. K

MAX 8.54 0.71 66.15 6.84 174.59
Mean 7.90 0.38 45.47 4.18 83.37
MIN 7.28 0.05 20.31 2.01 24.13
SD 0.35 0.17 9.63 1.40 30.64

Table 6. Geostatistical OK analysis of predicted soil properties (pH, OM, N, P, and K).

Soil Parameters Transformation Trend Type Model Type Mean RMSE MSE RMSSE ASE

Pred. pH Box cox Constant Spherical 0 0.34 0 1.01 0.3
Pred. SOM None Constant Gaussian 0 0.16 0.02 0.98 0.2

Pred. N log None Gaussian 5.32 14.1 0.15 0.94 28
Pred. P log None Gaussian 0.01 1.24 0.02 0.95 1.4
Pred. K Normal score None Stable 0.78 26.7 0.03 1.03 25

Note: Pred. = predicted.
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3.4. Multivariate Statistical Analysis (MSA)

A correlation coefficient was used to measure the relationship between the variables
and their strength [69,70]. This plays a very important role in dimensionality reduction of
sample data and missing value estimations [71]. A Pearson correlation analysis illustrated
the correlation between measured and predicted (pred.) soil parameters. There is a
significant positive correlation between the pH and pred. pH, where r = 0.75. Furthermore,
there is a significant positive correlation between the SOM and pred. SOM (r = 0.8). There
is also a significant positive correlation between N and pred. N (r = 0.7), P and pred P (0.5),
and K and pred. K (r = 0.92), as seen in Table 7 and Figure 11.

Table 7. Spearman correlations between original and predicated soil properties.

pH Pred. pH OM Pred. OM N Pred. N P Pred. P K Pred. K

pH 1.00 0.753 ** 0.039 −0.124 0.035 0.086 −0.033 −0.051 0.081 0.027
Pred. pH 1.00 0.230 0.111 −0.027 0.081 −0.199 −0.242 0.029 −0.045

OM 1.00 0.791 ** 0.311 * 0.177 −0.203 −0.257 −0.033 0.040
Pred. OM 1.00 0.211 0.129 −0.217 −0.084 −0.174 −0.036

N 1.000 0.678 ** −0.057 −0.096 −0.047 0.062
Pred. N 1.000 −0.031 0.006 −0.055 0.070

P 1.000 0.456** −0.271 −0.165
Pred. P 1.000 −0.223 −0.275

K 1.000 0.925 **
Pred. K 1.00

** p values = 0.01 and * = 0.05 level.



ISPRS Int. J. Geo-Inf. 2022, 11, 353 14 of 19

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 16 of 22 
 

 

Pred. P        1.000 −0.223 −0.275 

K         1.000 0.925 ** 

Pred. K          1.00 

** p values = 0.01 and * = 0.05 level. 

 
 

 

 

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 17 of 22 
 

 

 

Figure 11. Linear correlation between measured and predicted parameters. 

3.5. The SFC of Study Area 

The mapping of soil fertility plays an important role in the realization of many ap-

plications within relevant research fields, ranging from soil management for sustainabil-

ity to precision farming concepts [6]. The spatial distribution of SFCs in the study area 

was produced based on selected pH, SOM, N, P, and K parameters. The study area was 

classified according to the following three classes: moderate, low, and very low, with 

areas of 4607.90, 14,900.21, and 705.73 ha, respectively. References terms covered an area 

of 1155.91 ha (Tables 8 and S1, and Figure 12). The low values of SFCs in the study area 

are due to the mismanagement of agricultural activities and the location of the study area 

within an arid zone. Moderate values were noticed in those areas which have agricultural 

activates and deep profiles with a flat or almost flat surface [71,72]. These results 

demonstrate that the desert areas of Egypt suffer from a poverty of soil fertility in com-

parison to the Nile Delta [63,65,73,74] and need suitable management to choose the best 

crops according to soil quality, water availability, and the climate of an area. 

Table 8. Areas of SFC classes in the study area. 

SFC Classes Symbol Area (Hectare) 

Moderate F3 4607.90 

Low F4 14,900.21 

Very low F5 705.73 

References terms - 1155.91 

Figure 11. Linear correlation between measured and predicted parameters.



ISPRS Int. J. Geo-Inf. 2022, 11, 353 15 of 19

3.5. The SFC of Study Area

The mapping of soil fertility plays an important role in the realization of many appli-
cations within relevant research fields, ranging from soil management for sustainability
to precision farming concepts [6]. The spatial distribution of SFCs in the study area was
produced based on selected pH, SOM, N, P, and K parameters. The study area was classified
according to the following three classes: moderate, low, and very low, with areas of 4607.90,
14,900.21, and 705.73 ha, respectively. References terms covered an area of 1155.91 ha
(Tables 8 and S1, and Figure 12). The low values of SFCs in the study area are due to
the mismanagement of agricultural activities and the location of the study area within an
arid zone. Moderate values were noticed in those areas which have agricultural activates
and deep profiles with a flat or almost flat surface [71,72]. These results demonstrate that
the desert areas of Egypt suffer from a poverty of soil fertility in comparison to the Nile
Delta [63,65,73,74] and need suitable management to choose the best crops according to
soil quality, water availability, and the climate of an area.

Table 8. Areas of SFC classes in the study area.

SFC Classes Symbol Area (Hectare)

Moderate F3 4607.90
Low F4 14,900.21

Very low F5 705.73
References terms - 1155.91

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 3 of 23 
 

 

tral reflectance, which was extracted from bands of S2A satellite imagery, and laboratory 
analysis, to create maps of soil properties by using OK and finally produce of SOC maps. 

2. Materials and Methods 

 
The proposed procedure in this work is displayed in Figure 1. 

 
Figure 1. Schematic diagram of current work methodology; note: MLR = multi linear regression. 

2.1. Study Area 
The experimental area is located in the western part of Matrouh Governorate, Egypt, 

between longitudes 26°49′58.0”and 26°58′06” East, and latitudes 31°13′07”and 31°26′36’’ 
North with a total area of 213.7 km2 (Figure 2). The study area has a wide variety of en-
vironmental conditions [43,44] and is characterized by a Mediterranean Sea climate, with 
rainfall fluctuating between 105 and 200 mm per day and the mean temperatures of 8.1 to 
18 °C and 20 to 29.2 °C in the winter and summer seasons, respectively [6]. The area suf-
fers from low-density vegetation cover during the summer, with the vegetation cover 

Figure 12. SFC areas of the study area.

4. Conclusions

Reflectance analysis from S2A imagery is a very effective procedure for predicting
the pH, SOM, and presence of macro elements (N, P and K) in drylands. The current
work aimed to find a relationship between reflectance from S2A imagery and SFC pa-
rameter concentrations. MLR was applied as representative of a dryland area to predict
soil fertility parameters, with the mapping of those parameters, using ordinary kriging
geostatistical analysis, then performed. The results revealed that reflectance within S2A
imagery could predict different element concentrations, evidenced by the R2 values of
0.75 ± 0.31, 0.82 ± 0.11, 0.74 ± 8.70, 0.50 ± 1.53, and 0.97 ± 7.89 for pH, SOM %, N, P, and
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K, respectively, and NRMSE values of 0.16, 0.14, 0.1, 0.01, and 0.04 also respective to this.
The study area was divided into four classes of fertility condition, i.e., low fertility (70%),
moderate fertility (22%), very low fertility (3%), and references terms (5%). The procedure
herein provides an accurate and low-cost tool for wide implementation in assisting with
food security by monitoring soil fertility status in drylands and improving soil conservation.
Overcoming dry land ecological and poverty issues is considered one of the most important
goals of the global 2030 Agenda for Sustainable Development (SDGs).

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/ijgi11060353/s1, Figure S1: Samples distribution by conditional
Latin hypercube (cLHS); Figure S2: Hydrological and metamorphic parameters extracted from R
software; Table S1: Weight of final SFC based on GIS model builder.
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