
 

_________________________________________________________________________________________________ 

*Corresponding author e-mail: nour2015karim@gmail.com 

Received: 17/09/2023; Accepted: 12/11/2023 

DOI: 10.21608/EJSS.2023.237046.1663 

©2022 National Information and Documentation Center (NIDOC) 

Egypt. J. Soil Sci. Vol. 64, No. 1, pp: 153-166 (2024) 

 
 
 
 

 

 

Characterization of The Spatial Variability of Some Soil Physicochemical 

Properties of The El-Gallaba Plain, New Aswan City, Aswan Governorate, 

Egypt 

 

Salah H. Abd El-Aziz
1
, Ahmed Gh. M. Ibrahim

2
, Esraa G. M. Okashaa

2
 and Alaa H. Abd El-Azem

2
 

1
 Soils and Water Department, Faculty of Agriculture, Assiut University 

2 
Soils and Natural Resources Department, Faculty of Agriculture and Natural Resources, Aswan University 

 

 

HE MAJOR aim of the study was to assess and map the spatial variability of some soil proper-

ties in El-Gallaba Plain, New Aswan City, using a geostatistical technique. Forty topsoil samples 

were selected from forty profiles that were dug to represent the study area. The variability of the soil 

maps was drawn based on the ordinary kriging interpolation method based on the geostatistical analy-

sis. The data indicates that most of the soil samples were rough in texture. The organic matter was ex-

tremely low in most soil samples (≤ 4.03 g kg−1).  The salinity of soil paste extract (ECe) ranges from 

0.84 to 28.21 dSm-1. The soil reaction (pH) values of the surface soils vary between 7.69 and 8.89. 

The calcium carbonate values extend between 0.43 and 9.74 %. Gypsum contents in the soil samples 

range between 0.49 to 4.07%. The CEC of soil samples ranged between 3.73 and 25.35 cmolc (+)/kg. 

The coefficient of variation of soil pH was low (CV<5%), medium for sand fraction (CV<25%), and 

the rest of the soil properties were high to very high in the coefficient of variation. The normal histo-

gram and QQPlots analysis of the physicochemical properties of the studied soil samples was applied 

to make the data more normally distributed. Logarithmic transformation of the soil properties data 

was used to normalize highly skewed and distant datasets because ordinary kriging methods work 

best if the data are approximately normally distributed. The ordinary Kriging (OK) method was used 

in the present study as an interpolation method compared to other Kriging methods due to it being 

simple and having high accuracy for prediction. The data reveal that the Gaussian, J-Bessel, Exponen-

tial, Rational Quadratic, and K-Bessel are the best-fitted semivariogram models for all properties se-

lected. Accurate maps efficiently generated using geostatistics were essential to properly understand 

the spatial variability of the area under study. This study gives useful information about the physical 

and chemical characteristics and the spatial diversity of this soil. 

Keywords: New Aswan City; El-Gallaba plain; Spatial Variability; Ordinary Kriging. 

 

1. Introduction 

The simultaneous operation of biological, natural, 

and chemical processes at different degrees and 

levels causes soils to be highly variable (Ghartey et 

al., 2012; Serrano et al., 2014). Describing the spa-

tial variability of soil properties is essential for 

understanding the complex relationships between 

soil properties and environmental factors. 

Knowledge of the spatial variation and relation-

ships between soil properties is important for the 

evaluation of agriculture. Understanding the distri-

bution of soil characteristics is essential for im-

proving agricultural management practices so that 

farm inputs can be properly adjusted and applied to 

the fields and accurate management decisions can 

be made accordingly (Fathi et al., 2014). In addi-

tion, the estimation of the spatial variability of soil 

properties is important for evaluating the ecology 

and basic requirements for soil and crop-specific 

management (Iňigo et al., 2012; Akbas, 2014). Al-

so, Brevik et al. (2016) reported that monitoring 

and mapping the spatial variability patterns of soil 
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characteristics provide valuable information for 

efficient nutrient management. Furthermore, it is 

enabling high productivity and food safety Shalaby 

et al., 2017 and Lima et al., 2019). 

The geostatistical technique can provide more use-

ful, credible, and effective tools for predicting soil 

properties at non-sampling sites and for explaining 

the spatial relationship of data using covariate 

analyses (Webster and Oliver 2007). Using spatial 

analysis techniques, to assess the land capacity, 

supports the production of multiple maps, which 

helps in developing suitable solutions for sustaina-

ble agricultural use (Ali et al., 2007). The use of 

GIS technologies allows the processing of large 

amounts of spatial data, which gives more accurate 

information about the soil. In addition, knowledge 

of the temporal and spatial variations of soil prop-

erties is important to evaluate the effects of agricul-

tural works on environmental characteristics (Ar-

nous and Hassan 2006; Goenster-Jordan et al., 

2018). The Kriging method is the most powerful 

and effective interpolation method used in geosta-

tistics applications However, many researchers 

have used GIS and geostatistics techniques as deci-

sion tools in many agricultural applications for the 

spatial interpolation of soil characteristics, land 

evaluation, and land suitability assessment (Da 

Silva et al., 2015; Mevlut 2016; Chang et al., 2014; 

Swify et al., 2017; Yousif, 2019; Aldabaa and 

Yousif 2020; Elnaggar 2021; Amer et al., 2021; 

Selmy et al., 2020 and 2022; Nada et al., 2022; 

Abdullahi et al. 2023; Okashaa, 2023). 

 

The results indicated that different geostatistical 

modeling was used to determine the spatial varia-

bility of soil characteristics. The normal kriging 

interpolation performance and the efficiency of the 

geostatistical model were investigated for each soil 

characteristic some variables such as average 

standard error (ASE), mean standard error (MSE), 

and root mean square error (RMSE). To choose the 

model that makes accurate predictions, the average 

standard error (ASE) should be as small as possi-

ble, the mean standard error (MSE) should be close 

to zero, and the root mean square error (RMSE) 

should be close to one. This indicates that the ordi-

nary kriging technique was applicable and depend-

able for predicting the spatial distribution of differ-

ent soil properties (El-Dabaa and Youssef 2020). 

The main objectives of this study were to (1) assess 

the significant soil physicochemical properties of 

the study area using geostatistical analysis, (2) 

evaluate and map the spatial variability of soil 

physicochemical properties using geo-statistics and 

GIS techniques, and (3) Classify the soils of this 

area, according to Soil Taxonomy (Soil Survey 

Staff, 2022). This is to help in creating a decision-

making framework and future planning for the 

studied area. 

 

 

2. Materials and Methods  

2. 1. Study area 

The area under study is located in the new Aswan 

City, about 20 Km west of Aswan governorate. It is 

a part of the western desert (El-Gallaba plain and a 

part of wadi El-Kubbaniya) and lies between lati-

tudes 24° 16' 18" and 24° 18' 44" N and longitudes 

32° 46' 32" and 32° 45' 38” E. (Figure 1).  

2.2. Field Description and Soil Sampling  

This study aims to realize the spatial variation of 

certain soil properties. Forty surface soil samples 

were chosen from forty profiles that were dug to 

represent the study area according to the geology, 

topography, and recent aerial photographic maps of 

the study area. The sites of soil samples were se-

lected using the Global Positioning System "Gar-

min GPS" and plotted on the map (Figure 2). The 

samples were stored for various tests after being 

air-dried, crushed, and passed through a 2 mm 

screen. Soil physicochemical properties (OM, pH, 

CaCO3. gypsum content, ECe, CEC, ESP, and tex-

ture) were determined. 

2.3. Laboratory Analyses  

According to USDA (2004), the gravel content was 

calculated based on volume. The particle size dis-

tribution was carried out using the standard pipette 

method described by Gavlak et al., 2003. The elec-

trical conductivity (ECe) was assessed by methods 

according to Bashour and Sayegh (2007) and soil 

reaction (pH) of 1:1 soil-to-water suspension was 

estimated using a glass electrode as reported by 

Alvarenga et al., (2012). The typical Walkley-

Black approach was used to estimate the soil or-

ganic matter (OM). The ammonium acetate pH 7.0 

technique was used to calculate the cation ex-

change capacity (CEC) and exchangeable sodium 

(Jackson, 1973; Bashour and Sayegh, 2007). The 

gas evolution method of Scheibler's calcimeter was 

used to estimate total calcium carbonate (CaCO3) 

gasmetrically (Nelson, 1982; Houba et al., 1995). 

The acetone precipitation method was used to cal-

culate the gypsum content (Nelson, 1982; Hesse, 

1998). 

2.4. Climatic Conditions 

The climatic conditions of the study area are similar 

to those of other desert areas in Egypt, which show 

long hot rainless summers and mild winters with 

scanty rainfall. The minimum temperature is 21.3 
O
C and the highest is 33.9 

O
C. The average annual 

temperature is 29.8 
O
C and the annual precipitation 

is 0.01 mm. The evapotranspiration has an average 

yearly rate of 7.2 mm/day. The annual average rela-

tive humidity is 36.33%, while the average annual 

wind speed is 4.3 m/s (Table 1). Accordingly, the 

temperature regime of the soil is hyperthermic and 

the moisture regime of the soil is torric. 
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Fig. 1. Location map of the area under study. 

 

 
 

Fig. 2. The soil profile map of the area under study. 

 
Table 1. Meteorological data of the area under study (Station of Aswan). 

Year 
Temperature (°C) Relative 

Humidity (%) 

Evaporation 

(mm/day) 

Wind velocity 

(m/sec.) 

Rainfall 

(mm) Man. Max. Mean 

10-19 16.9 35.3 26.1 25.9 8.2 3.3 0.01 
2020 21.3 33.9 29.8 27.3 7.2 4.3 0.01 

 

2.4. Soil Classification: 

According to the recorded meteorological data, soil 

morphological description, and data on soil proper-

ties, the soil profiles were categorized down to the 

subgroup level according to Soil Classification 

(Soil Survey Staff. 2022).   

2.5. Statistical and geostatistical analyses 

The Various descriptive statistics (range, mean, 

minimum, maximum, standard deviation, standard 

error, kurtosis, skewness, and coefficient of varia-

tion) of the soil property data were calculated using 

SPSS 17 to describe the spatial variability of the 
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physicochemical properties of soils. According to 

Wilding (1985), the soil coefficient of variation 

(CV) was classified into three categories: low vari-

ance (CV < 15%), moderate variance (15% < CV ≤ 

35%), and highly variable (CV > 35). 

In ArcGIS 10.2.2., the studied soil data were joined 

to the sampling location (spatial). Programs and 

maps displaying the spatial distribution were drawn 

up to determine the variety of soil properties. Sev-

eral soil property maps using point data were pro-

duced by ArcMap GIS 10.2.2. such as pH, OM, 

CaCO3, gypsum, ECe, CEC, ESP, and texture using 

geostatistical analyses in ArcGIS 10.2.2. (ESRI, 

2019). 

The kriging procedure used the semi-variogram 

model selected from a collection of mathematical 

functions that describe spatial relationships fitted 

with weighted range, nugget, sill, and missing 

squares (Goovaerts, 1998). The Ordinary Kriging 

(OK) interpolation technique was employed to es-

timate soil property values for un-sampled sites. 

Compared to the other Kriging methods, the Ordi-

nary Kriging (OK) technique is the best procedure 

due to its simplicity and prediction accuracy (Isaaks 

and Srivastava 1989; Sarangi et al., 2005). The 

kriging technique operates best if the data is almost 

normally distributed (Johnston et al., 2001). Trans-

formations were used to make the data ordinarily 

distributed and to meet the assumption of equal 

variance in the data. In ArcGIS statistical analysis, 

histograms and normal QQPlots were used to find 

the transformations required to make the data more 

typically distributed. A trend analysis was made for 

each soil feature. Logarithmic transformations were 

used for abnormal and highly skewed data. 

The semi-variogram models were estimated using 

the following equation: 

𝛾(ℎ) =
1

2𝑁(ℎ)
∑ [𝑍(𝑥𝑖) − 𝑍(𝑥𝑖 + ℎ)]2𝑁(ℎ)

𝑖=1
    (1)                

where γ (h) is the semivariance value for a distance 

h, N(h) is the number of pairs involved in the semi-

variance calculation, Z (xi) is the value of the at-

tribute Z in the position xi, Z (xi + h) is the value of 

the attribute Z separated by a distance h from the 

position xi.  

For each soil attribute dataset, eleven semi-

variogram models were tested in this study. Predic-

tion performance was evaluated by cross-validation 

that checks the accuracy of the generated surfaces. 

Cross-validation allows us to determine which 

model provides the best predictions. These models 

included Circular, Spherical, Tetraspherical, Pen-

taspherical, Exponential, Gaussian, Rational Quad-

ratic, Hole Effect, K-Bessel, J-Bessel, and Stable 

models. For a model to provide accurate predic-

tions, the average standard error (ASE) should be as 

small as possible, the mean standard error (MSE) 

should be close to zero, and the root mean square 

error (RMSE) should be close to one (Johnston et 

al., 2001).  

𝑀𝐸 =
1

𝑁
∑ [𝑍∗𝑁

𝑖=1 (𝑥𝑖) − 𝑍(𝑥𝑖)]                 (2)     

𝑀𝑆𝐸 =
1

𝑁
∑ [

𝑍∗(𝑥𝑖)−𝑍(𝑥𝑖)

𝛿2(𝑥𝑖)
]𝑁

𝑖=1                        (3) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ [𝑍∗𝑁

𝑖=1 (𝑥𝑖) − 𝑍(𝑥𝑖)]2        (4) 

𝐴𝑆𝐸 = √
1

𝑁
∑ 𝛿2(𝑥𝑖

𝑁
𝑖=1 )                              (5) 

𝑅𝑀𝑆𝑆𝐸 = √

 
1

𝑁
∑ [𝑍∗(𝑥𝑖

𝑁
𝑖=1 )−𝑍(𝑥𝑖)]2

𝛿2(𝑥𝑖)
 

  

                (6) 

3. Results  

3.1 Statistical Analyses 

The results revealed that the study soil display high 

spatial variations in its physicochemical properties. 

The data on the important properties of the study 

soil samples are submitted as descriptive statistics 

in Table (2).  

The range values of the soil sample properties 

range between 1.20 and 63.86 among the soil prop-

erties. The mean values of the studied properties 

ranged from 0.29 to 93.83, the standard error (SE) 

varied from 0.05 to 2.08 and the standard deviation 

(SD) values varied between 0.29 and 13.17 for the 

soil samples. The coefficient of variation (CV%) 

ranges from 3.47% to 179.78% among all soil 

properties. In addition, soil pH has low values of 

variables (CV < 5%), but the variance was medium 

for sand fraction (CV < 25%), and high to very 

high for the rest of the properties. The positive 

skewness values range from 0.85 to 2.59 and the 

negative values ranged between -0.89 and -0.41 for 

the studied soil properties. Kurtosis ranges from 

2.67 to 15.35 among all studied characteristics. 

3.2. Soil Properties 

The obtained results shown in Table (2) revealed 

that the proportion of sand in these soils ranges 

from 57.6 to 99.2% with an average value of 

93.83%, as the coefficient of variance value was 

7.96%. Silt ranges from 0.40 to 19.60% with an 

average value of 2.11%, while clay differs between 

0.40 and 22.8% with an average value of 4.06%, 

with the variance being 169.78 and 100.36%, re-

spectively. The gravel content (by volume, %) of 

soil samples ranged from 0.08% to 63.94% with an 

average of 14.14%, and a CV value of 93.17%. The 

soil texture is mainly composed of sand, loamy 

sand, and sandy loam (Table 3). 
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From the obtained data (Tables 2 and 3), the pH 

values of the surface soils varied between 7.69 and 

8.89 with an average value of 8.26 and a CV value 

of 3.47%. The organic matter values ranged from 

0.07 to 4.03 g/kg, with an average value of 0.43 

g/kg, with the coefficient of variation being 

142.91%. The values of calcium carbonate for the 

soil samples vary between 0.43 and 9.74% with an 

average value of 5.37%. The coefficient of varia-

tion for the calcium carbonate content was 43.27%. 

The content of gypsum in the studied soils ranged 

from 0.49 to 4.07%, with an average value of 

1.24%. The coefficient of variation (CV%) for gyp-

sum was 72.13%. 

The data showed that the salinity of soil samples 

(ECe) values ranged between 0.84 and 28.21 dsm
-1

, 

with an average value of 2.56 dsm
-1

, and the coeffi-

cient of variation was 179.78%. The exchangeable 

sodium percentage (ESP) in soil samples varied 

between 1.01% and 17.45%, with an average of 

5.57%. The ESP values' coefficient of variation 

(CV%) was 51.45%. Cation exchangeability (CEC) 

values vary between 3.73 and 25.35 cmol (
+
)/kg, 

with an average value of 8.81 cmol (
+
)/kg. The co-

efficient of variation values was 51.24%.  

 

Table 2. Statistical analysis of soil properties in the area under study. 

Property Range Min. Max. Mean SD SE CV% Skewness Kurtosis 

OM (g/kg) 3.96 0.07 4.03 0.43 0.62 0.09 142.91 0.22 4.65 

CaCO3 (%) 9.31 0.43 9.74 5.37 2.32 0.36 43.27 -0.66 2.69 

Gypsum (%) 3.58 0.49 4.07 1.24 0.89 0.14 72.13 1.02 3.91 

pH (1:1) 1.20 7.69 8.89 8.26 0.29 0.05 3.47 0.43 2.67 

ECe (dS/m) 27.37 0.84 28.21 2.56 4.61 0.72 179.78 2.59 10.15 

ESP (%) 16.44 1.01 17.45 5.57 2.86 0.45 51.45 -0.89 5.87 

CEC cmol(+)/Kg 21.62 3.73 25.35 8.81 4.51 0.71 51.24 0.85 3.90 

Gravel% 63.86 0.08 63.94 14.14 13.17 2.08 93.17 -1.36 4.96 

Sand % 41.6 57.60 99.2 93.83 7.47 1.18 7.96 -3.30 15.35 

Silt % 19.2 0.40 19.6 2.11 3.58 0.56 169.78 1.09 3.48 

Clay% 22.4 0.40 22.8 4.06 4.08 0.64 100.36 -0.41 3.22 

SD: standard deviation, SE: standard error, and CV%: coefficient of variation. 

  

4. Discussion 

Soil variability is a result of the different formation 

factors of soils and their intensity, and the influence 

of pedogeomorphic processes, which have an im-

pact on the soil ecosystem. The results revealed that 

the studied soil displayed high spatial variations in 

its physicochemical properties (Table 2). 

4.1. Descriptive statistics 

From previous results, descriptive statistics showed 

a large variance in the soil characteristics of the 

examined surface soil samples. The data show that 

the soil properties differ in most of the descriptive 

statistics values among the studied soil samples. 

The data reveal that the range values of the soil 

properties differ among these properties, which 

indicates that some soil properties have a very large 

difference between their lowest and highest values 

such as ECe, ESP, gravel content, sand, and clay. 

On the opposite, the OM and pH range values indi-

cated that their smallest and highest values are 

close to each other (Okashaa, 2023). 

The sand fraction has high mean values while low 

values were recorded for the other studied proper-

ties. A high standard deviation (SD) indicates that 

the data numbers are diffusion over a wide range of 

values or the mean, while a low standard deviation 

points out that the property values are close to the 

mean. The coefficient of variation (CV) is a helpful 

statistic for comparison of the degree of variance 

from one data property to another, even if the 

means are very different from one to another. Ac-

cording to (Wilding, 1985), a coefficient of varia-

tion (CV) of lower than 15% indicates low variabil-

ity, 15%-35% indicates modest variance, and a CV 

over 36% shows strong variance. High to very high 

variance in soil properties may be owing to the na-

ture of the soil and the climatic conditions. The 

highest variation was registered in soil salinity 

(ECe) due to its arid nature and absence of leaching 

caused by lack of precipitation and climatic condi-

tions, although the least variation was found in soil 

pH which is hard to be afflicted by such conditions 

due to the buffering capacity of soil to change pH. 

Skewed data were observed for all soil properties 

except for calcium carbonate, pH, and sand data in 

the studied soil properties. The skewness is positive 

for soil characteristics. These results indicate that 

these soil property data did not show an ordinary 
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distribution, therefore, log transformation was ap-

plied. The skewness, whether positive or negative, 

can be owing to outliers in some of the soil proper-

ties. Kurtosis is a description of the form of a like-

lihood distribution in a similar way to the concept 

of skew. After evaluating the skewness and kurtosis 

values, it was observed that the data on all soil 

properties except calcium carbonate, pH, and sand 

needed to be transformed to produce them typically 

distributed using the geostatistical analysis. 

4.2. Soil Physiochemical Properties 

4.2.1. Particle-size distribution    

The obtained results indicated that the proportion of 

sand dominates the soil particles in most of the soil 

samples (El-Desoky and Sayed, 2019).  

The low variance was observed in the sand fraction 

due to the nature of the sandy soil. In addition, the 

poor values of the fine particle ratios reflect the 

sand textures of the original sediments in the west-

ern desert. The soil texture is mainly composed of 

sand, loamy sand, and sandy loam (El-Kady, and 

Sayed, 2021). 

4.2.2. Soil reaction (pH) 

From the obtained data, most of the studied soils 

were slightly to moderately alkaline, with a coeffi-

cient of variation (CV%) being very low variability 

(Okashaa, 2023). 

4.2.3. Soil organic matter content 

Organic matter (OM) is an important component of 

soil, especially when it is found in abundance. The 

organic matter values are highly variable because 

the soil is poor in OM content due to the sterile 

nature of the soil, scant native greenery cover, and 

highly arid climatic conditions according to (Fadl et 

al., 2022). 

 

4.2.4. Calcium carbonate (CaCO3) content 

The soil samples were slight to moderately calcare-

ous. The coefficient of variance for the calcium is 

very high, indicating a very high variability (Abd 

El-Aziz, 2018). 

 

4.2.5. Gypsum content 

Most of the soil samples had low gypsum content 

indicating that these soils were developed from 

parent sediments that were poor in gypsum. There 

was a significant variation in the gypsum content 

with the coefficient of variation being very high 

according to (Azzam, 2016). 

4.2.6. Soil salinity (ECe) 

The result of the data showed that the salinity of the 

soil was very slightly saline. The coefficient of var-

iation of soil salinity was very high. On the other 

hand, the variance of ECe is considered one of the 

highest variations between soil properties (Elbeih, 

2021). 

4.2.7. Exchangeable sodium percentage (ESP) 

The data showed that most of the soil samples 

(97.50%) within the study area had ESP values of 

less than 15%. The coefficient of variation (CV%) 

of the ESP values was strong variation, indicating 

significant variance (Abd El-Aziz, 2018). 

4.2.8. Cation exchange capacity (CEC) 

Cation exchangeability (CEC) is used as a measure 

of soil fertility. The investigated soil samples have 

very low cation exchange capacity (CEC) due to 

their coarse texture and very low organic matter 

content.  The variation in cation exchange capacity 

was high in the soil samples (El-Kady, and Sayed, 

2021). 

 

5. Soil classification 

Soils were classified according to field observation 

and description of morphological features, laborato-

ry physical and chemical data criteria, as well as 

climatic data from the region of the area under 

study (Table 1). Based on Soil Survey Staff (2022), 

the studied soils were categorized to the subgroup 

level. In general, the soils in the study area are clas-

sified as Entisols soils. Two sub-orders are recog-

nized, under this order, as Psamments and Orthents. 

The recognized subgroups are Typic Torripsam-

ments, Typic Quartzipsamments, and Typic Tor-

riorthents (Table 3). 
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             Fig. 3. Maps of spatial distribution for sand, silt, clay, and texture grade of the soil surface layers. 

 

 



160 SALAH H. ABD EL-AZIZ, et al., 
 

____________________________ 

Egypt. J. Soil Sci. 64, No. 1 (2024) 

 

 

 

Fig. 4. Maps of spatial distribution for OM, pH, CaCO3, and gypsum of the soil surface layers. 
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Fig. 5. Maps of spatial distribution for ECe, ESP, CEC and gravel content of the soil surface layers. 
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Table 3. Some soil properties of the surface layers of the studied area. 

 

Sample 

No. 

OM  

(g/kg) 

pH 

(1:1) 

ECe 

(dS/m) 

Gyp-

sum 

(%) 

CaCO3  

(%) 

ESP 

(%) 

CEC 

cmol(+)

/Kg 

Gravel 

(%) 

Particle size distribution 

Classification 
Sand 

(%) 

Silt 

(%) 

Clay 

(%) 
Texture 

1 0.20 8.32 2.94 1.27 8.00 6.92 17.63 20.90 84.0 7.6 8.4 G LS 
Typic Torripsam-

ments 

2 0.47 8.13 1.11 0.76 3.30 1.51 5.95 2.62 99.2 0.4 0.4 S 
Typic Quartzip-

samments 

3 0.34 8.40 1.28 0.77 2.87 4.56 8.17 5.77 98.4 0.4 1.2 S 
Typic Quartzip-

samments 

4 0.34 7.92 1.69 1.25 5.74 3.21 7.40 14.07 98.8 0.8 0.4 S 
Typic Quartzip-

samments 

5 0.47 8.80 28.21 4.07 1.48 13.96 25.35 23.57 57.6 19.6 22.8 G SCL Typic Torriorthents 

6 0.20 8.02 1.23 0.76 6.09 4.13 3.73 3.53 99.2 0.4 0.4 S 
Typic Quartzipsam-

ments 

7 0.34 7.93 1.48 1.97 7.39 4.86 7.69 18.97 98.0 1.2 0.8 G S 
Typic Quartzip-

samments 

8 0.40 8.10 1.27 0.75 6.26 4.70 7.11 22.19 96.8 1.2 2.0 G S 
Typic Quartzip-

samments 

9 0.20 7.85 2.09 1.02 5.22 5.45 6.72 9.48 96.4 2.0 1.6 S Typic Torriorthents 

10 0.20 8.10 1.22 1.27 4.96 4.69 5.76 4.39 99.2 0.4 0.4 S Typic Torriorthents 

11 0.47 8.85 1.32 0.77 7.39 4.57 5.47 22.82 97.2 1.2 1.6 G S 
Typic Quartzip-

samments 

12 0.07 7.85 1.05 0.76 6.09 3.97 7.01 8.42 94.0 0.4 5.6 S 
Typic Quartzipsam-

ments 

13 0.34 8.75 1.66 1.03 6.09 6.00 6.82 15.64 94.8 0.4 4.8 G S 
Typic Quartzipsam-

ments 

14 0.34 8.30 0.98 0.51 6.09 5.11 5.28 15.43 96.8 0.4 2.8 G S 
Typic Quartzipsam-

ments 

15 0.07 8.12 1.20 1.27 6.52 5.07 5.57 19.54 96.8 0.8 2.4 G S 
Typic Quartzipsam-

ments 

16 0.13 8.31 1.38 0.51 4.78 1.34 3.73 0.08 98.4 0.4 1.2 S 
Typic Quartzipsam-

ments 

17 0.20 8.30 1.67 1.02 0.78 7.23 7.01 1.45 94.8 1.2 4.0 S 
Typic Quartzipsam-

ments 

18 0.20 8.18 1.25 0.76 0.78 1.01 6.92 4.19 95.2 0.4 4.4 S 
Typic Quartzipsam-

ments 

19 0.67 8.60 2.27 1.26 3.48 5.48 10.10 24.67 95.2 0.4 4.4 G S 
Typic Quartzipsam-

ments 

20 0.40 8.28 0.87 1.02 5.65 4.00 6.53 0.25 97.2 0.4 2.4 S 
Typic Torripsam-

ments 

21 0.81 8.36 1.04 1.01 6.61 5.67 7.59 7.98 97.2 0.8 2.0 S 
Typic Quartzipsam-

ments 

22 0.47 8.05 1.42 1.02 8.00 4.83 6.63 7.58 96.0 0.8 3.2 S 
Typic Quartzipsam-

ments 

23 0.27 8.15 1.30 0.51 5.65 5.12 7.11 5.35 96.4 1.2 2.4 S 
Typic Torripsam-

ments 

24 0.27 8.12 1.47 1.02 6.35 3.12 7.40 3.37 95.6 0.4 4.0 S Typic Torriorthents 

25 0.34 8.10 1.33 1.52 6.61 5.32 8.17 16.09 94.4 2.0 3.6 G S 
Typic Quartzipsam-

ments 

26 0.40 8.18 1.99 1.01 7.48 5.43 9.14 8.37 96.0 2.0 2.0 S 
Typic Quartzipsam-

ments 

27 0.40 8.10 1.81 0.99 6.35 5.78 7.88 27.34 92.0 1.6 6.4 G S 
Typic Quartzipsam-

ments 

28 0.07 7.97 1.39 1.26 6.09 4.54 4.99 15.43 95.2 1.2 3.6 G S 
Typic Torripsam-

ments 

29 4.03 8.60 5.82 3.99 6.96 
17.4

5 
17.25 20.52 84 8.8 7.2 G LS 

Typic Quartzipsam-

ments 

30 0.67 8.18 1.54 0.74 5.13 5.81 5.08 19.80 96.4 1.2 2.4 G S 
Typic Quartzipsam-

ments 

31 0.40 8.38 1.60 1.00 8.70 5.69 8.37 2.38 95.6 0.8 3.6 S 
Typic Torripsam-

ments 

32 0.27 8.35 1.98 1.34 6.17 6.50 9.33 33.83 92.4 2.0 5.6 G S 
Typic Quartzipsam-

ments 

33 1.01 7.99 3.67 3.81 3.13 7.86 15.51 42.75 84.4 6.8 8.8 V G LS Typic Torriorthents 

34 0.40 8.60 1.01 0.51 3.13 6.19 9.33 7.77 96.0 0.4 3.6 S 
Typic Torripsam-

ments 

35 0.40 8.27 1.19 0.75 5.48 5.93 8.27 2.44 97.2 0.8 2.0 S 
Typic Torripsam-

ments 

36 0.07 8.36 0.98 0.75 9.74 4.22 11.84 7.23 95.2 0.8 4.0 S 
Typic Quartzipsam-

ments 

37 0.13 8.89 1.80 1.53 8.52 7.34 10.20 31.38 90.0 3.6 6.4 G S 
Typic Torripsam-

ments 

38 0.34 7.69 12.90 2.84 0.43 8.56 20.53 63.94 78.0 8.0 14 E G SL Typic Torriorthents 

39 0.07 8.64 0.84 0.49 4.96 3.88 8.46 3.63 98.0 0.4 1.6 S 
Typic Torripsam-

ments 

40 0.40 8.45 1.28 0.74 0.43 5.76 9.04 0.33 95.2 0.8 4.0 S 
Typic Torripsam-

ments 
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6. Geo-statistics and spatial analyses 

A better understanding of the micro diversity of soil 

characteristics and soil quality parameters is essen-

tial for developing and improving agricultural man-

agement practices and maintaining soil fertility. 

Therefore, geostatistical methods are successfully 

used to determine spatial dependence and to predict 

locations where samples are not taken.  Also, un-

derstanding the temporal and spatial variations of 

soil properties is important for measuring the ef-

fects of agricultural activities on environmental 

characteristics (Goenster-Jordan et al., 2018).   

The studied topsoil properties data (Table 4) was 

examined by the histogram tool and ordinary 

QQPlots to see if they showed a regular distribution 

pattern or not. Histograms are one of the best pur-

poses to swiftly learn a lot about data, including 

central tendency, spread, modality, shape, and out-

liers. Normal QQPlots indicate no normality and 

diagnose skewness and kurtosis. Therefore, if the 

data is skewed (i.e. far from normal), the points will 

pervert from the line. Whereas, if all points lie on 

or near the diagonal line (in a random pattern), this 

report is that the graph of the variable will display a 

bell form (normal distribution). According to 

ArcGIS geostatistical analysis, histograms, and 

ordinary QQPlots tools are used to perform the re-

quired transformations to make the data more typi-

cally distributed. Logarithmic transformation was 

applied to standardize highly skewed and differing 

data sets. 

Exploratory data analysis of soil properties using 

QQPlots and histogram analyses showed that the 

calcium carbonate, pH, and sand fraction had a 

normal distribution while the remainder did not 

show such a normal distribution. For properties that 

do not show a normal distribution, a log transfor-

mation was applied to bring the distribution closer 

to a normal distribution. Figure (6) shows that cal-

cium carbonate (CaCO3) is an example of soil 

properties that have normal distribution data.  It has 

a small positive value of deviations (-0.66) close to 

zero, and the value of kurtosis is (2.87) which is 

close to 3.0 indicating that the CaCO3 data do not 

deviate from a normal distribution (ESRI, 2019). 

On the contrary, in the case of CEC as an example 

of skewed data, the analysis indicates that the data 

deviates from a normal distribution. 

This study used the ordinary kriging (OK) approach 

to produce the patterns distribution of some soil 

properties. Eleven semivariogram models (circular, 

spherical, quaternary, pentagonal, exponential, 

Gaussian, rational quadratic, hole effect, K-Bessel, 

J-Bessel, and Stable) were chosen for each soil 

properties dataset. Prediction performance is evalu-

ated by the cross-validation method, which checks 

the precision of the generated surfaces. After the 

applicability of different modeling for each soil 

characteristic examined in this study, the error was 

calculated using this technique to determine the 

most accurate predictions of soil properties with the 

lowest mean standardized error (MSE) values 

(close to zero) and root mean square error and root 

mean square standardized error (RMSSE) values 

close to one. The smallest MSE values suggest that 

kriging predictors of soil characteristics are closer 

to the calculated values. 

Table (4) shows the selected modeling for the sur-

face mapping of the spatial distribution of soil 

characteristics and the predictive mistake values for 

each studied soil characteristic, it also exhibits that 

various modeling may give better results for differ-

ent soil properties. The RMSSE values range from 

0.99 to 1.22 (close to one), while the MSE. 

 

 

Table 4. Fitted semivariogram models for the soil properties of the studied soils. 

Properties Model 

 Prediction Errors 

Mean RMS ASE SE MS RMSS 
Skew-

ness 
Kurtosis 

OM (g/kg) Exponential -0.01 0.62 0.61 0.09 -0.01 1.01 0.22 4.65 

CaCO3 (%) Gaussian -0.02 2.83 2.54 0.05 -0.01 1.09 -0.66 2.69 

Gypsum (%) Gaussian 0.00 0.95 0.90 0.72 0.00 1.05 1.02 3.91 

pH  J-Bessel 0.00 0.43 0.35 0.14 -0.01 1.22 0.43 2.67 

ECe (dSm-1)  Rational Quadratic 0.00 5.17 4.83 0.36 0.00 1.06 2.59 10.15 

 ESP (%) Exponential -0.06 2.88 2.87 0.45 -0.02 1.00 -0.89 5.87 

CEC cmol(+)/Kg J-Bessel -0.16 4.33 4.25 0.71 -0.03 1.01 0.85 3.90 

Gravel (%)  Rational Quadratic -0.04 13.45 13.33 2.08 0.00 1.01 -1.36 4.96 

Sand % K-Bessel 0.12 7.44 7.46 1.18 0.02 0.99 -3.30 15.35 

Silt % Gaussian -0.03 3.36 3.35 0.56 -0.01 1.00 1.09 3.48 

Clay (%) Gaussian -0.07 4.24 3.95 0.64 -0.02 1.07 -0.41 3.22 

Texture Gaussian 0.27 65.83 61.32 - 0.00 1.06 2.75 9.52 

Minimum -0.16 0.43 0.35 - -0.03 0.99 -3.30 2.67 

Maximum 0.27 65.83 61.32 - 0.02 1.22 2.75 15.35 

Abbreviation: RMS =   Root Mean Square ASE= Average Standard Error 

 MS = Mean Standardized    RMSS= 

SE= 

Root Mean Square Standardized 

      Standard Error. 
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values are close to zero and vary between -0.03 to 

0.02. These results indicate that previous models 

correctly define the surfaces of the spatial distribu-

tion of these properties. It is found that Gaussian, J-

Bessel, Exponential, Rational Quadratic and K-

Bessel models are the best-fitted semi-variogram 

models. The spatial distributions of these properties 

for the surface layers of the studied soils are shown 

in Figures (3, 4, 5). The generated spatial distribu-

tion maps revealed that the clay fraction and CEC 

were nearly congruent in their spatial distribution 

across the study area. the spatial distributions of 

these soil properties (clay, and CEC) were similar 

to those of soil texture grades. Consequently, fine-

textured soils were found to have the highest values 

of these soil properties, while coarse-textured soils 

had the lowest. In addition, the spatial distributions 

of CEC, clay, and soil texture are nearly identical 

because CEC and soil texture are all related to the 

clay fraction content of the soil. The created spatial 

distribution maps illustrated that ECe, and ESP had 

congruent spatial distribution patterns throughout 

the area under study.  Also, ECe and ESP are simi-

lar in their distributions because they are related to 

each other. 

The figures show that there is no specific pattern 

for the spatial distribution of organic matter, Ca-

CO3, and pH. With some exceptions for soil calci-

um carbonates, the study area’s center parts had the 

highest values. 

7. Conclusion  

From the previous discussion and the results ob-

tained, it is clear that the spatial variance technique 

can provide more useful, reliable, and effective 

tools for predicting soil properties at non-sampling 

sites. In addition, geo-statistics approaches afford 

an alternative to conventional statistics for delineat-

ing the spatial relationships and variation of soil 

attributes. This study investigated the spatial varia-

bility of soil properties in El-Gallaba Plain, New 

Aswan City, using geostatistical techniques. The 

ordinary Kriging (OK) method was used as an in-

terpolation method compared to other Kriging 

methods because it is simple and has high predic-

tion accuracy. The data showed that the soils of the 

study area were slightly to moderately alkaline, and 

slightly saline, with non-sodicity. The particle size 

distribution exhibited soil textures that ranged from 

sandy to loamy sand soils. Moreover, soils in the 

study area exhibited low gypsum content and low 

organic matter (OM). Furthermore, cation exchange 

capacity is low. The data reveal that the Gaussian, 

J-Bessel, Exponential, Rational Quadratic and K-

Bessel models are the best-fitted semi-variogram 

patterns for all given properties. In general, effi-

ciently making accurate maps using geostatistical 

analysis techniques is essential to properly under-

stand the present spatial variation in the studied 

area. This study gives useful information and fresh 

sentience about the physical and chemical proper-

ties and spatial variability of these soils. 
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