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Abstract
Assessment and understanding of soil available phosphorus (P) and potassium (K) content distribution is an important part of deciding whether or not the
fertilization is appropriate or even necessary for a soil. So, the main objective of
this study is to evaluate and map the spatial variability of the available soil P and
K using the geostatistical technique. Georeferencing surface soil samples (0-25
cm) were collected from four sites representing course-textured soils in ElKharga and El-Dakhla oases. Ordinary Kriging (OK) technique was applied for
the spatial interpolation of available soil P and K contents. The spatial distribution of available P and K was analyzed and mapped by Arc GIS (version 10.2.2).
The results showed that concentrations of the available soil P and K ranged from
0.35 to 85.02 mg/kg and from 11 to 6204 mg/kg, respectively. The nugget-to-sill
ratio suggested a strong spatial dependence for both available soil P and K in all
sites of the study area, indicating that the available soil P and K were mainly controlled by intrinsic factors. The interpolation models varied for both P and K as
well as from site to another site across the study area. Cross-validation proved
that the chosen models were the best fitted semivariogram models to map spatial
distribution of the available soil P and K. The produced maps of spatial distributions for soil P and K availability were characterized by high accuracy. So, site
specific management can be planned and considered to be applied for this study
area. Also, these maps can facilitate and help in making decisions for choose appropriate fertilization policies for these soils as well as to avoid adding fertilizers
for sites which do not need to be fertilized. Our results confirmed that the integration of statistics, geostatistics and GIS provides a powerful tool to assess, describe and map the spatial variability of the available soil phosphorus and potassium. As well as to develop high resolution maps that may aid variable rate management (e.g. fertilization).
Keywords: Mapping, Geostatistics, Phosphorus, Kriging, Potassium, GIS, New valley.

1. Introduction
New Valley governorate is a
part of the western desert and lies in
the south-western part of Egypt. It
covers an area of about 440,098
km² and represents about 44% of
the total area of Egypt. It includes
three big oases namely El-Kharga,

El-Dakhla and El-Farafra. The main
occupation for inhabitants in this
governorate is agriculture. The climate of New Valley governorate is
extremely arid with long hot and
rainless weather in summer and mild
with rare precipitation in winter. The
groundwater is the only water re-
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source for all activities in these oases. New Valley governorate is considered one of most promising areas
for the agricultural development in
Egypt. So, it is important to quantify
the variability in soil nutrient stocks
of this area.
The soil phosphorus (P) and potassium (K) contents play an important role in plant growth and crop
yield. They can limit or co-limit the
plant growth (Tripler et al., 2006; Li
et al., 2016). Human activities such
as fertilization, reclamation and
weeding have effects on biogeochemical cycling of P and K.
Thereby, it alters the pattern, magnitude and extent of nutrient limitation
on land (Marklein and Houlton,
2012). Also, soil P distribution is influenced by water movement, as dissolved P is carried by runoff and
bound P can be associated with suspended sediment (Lin, et al., 2009;
Elrashidi et al., 2012).
In most cases, soils in the same
area are characterized by a highly
spatial and temporal variability. So,
the spatial distribution of soil nutrients under agricultural systems is affected by natural conditions of the
soil formation such as parent material, topography, climate, biological
activities and natural soil properties
(Brady and Weil, 2000; Tang and
Yang, 2006) as well as management
practices (Huang, 2000; Barton et al.,
2004; Atreya et al., 2008).
The geostatistical analysis is an
important tool of accurately predicting soil nutrient distributions at different spatial scales. According to
Goovaerts (1999), geostatistics is
used to estimate and map soils in unsampled areas. It provides a means of

interpolating values for points that
are not physically sampled using
knowledge about the underlying spatial relationships in a data set; it is
based on regionalized variable theory
of an optimal interpolation estimate
for a given coordinate location; it
provides high confidence in the interpolated values. The approach requires a fairly dense sampling network and thus incurs a relatively
high cost (Wu et al., 2003; Sauer et
al., 2006; Robertson, 2008; Fu et al.,
2013, Liu et al., 2013).
Kriging is a group of estimators used to interpolate spatial data.
It includes ordinary kriging, universal kriging, indicator kriging, cokriging and others. The choice of
which kriging to be used depends on
data characteristics and the type of
spatial model desired. The most
commonly used method is the ordinary kriging (OK), which was selected for this study because of its
simplicity and prediction accuracy in
a comparison with other kriging
methods (Isaaks and Srivastava,
1989). The ordinary kriging (OK) is
a spatial estimation method where the
error variance is minimized (Yamamoto, 2005). The main objective of
this study is to determine and map
the soil available contents of P and
K and their spatial variability in the
study area using the geostatistical
technique.
2. Materials and Methods
2.1 Study Area
The study area involved four
sites which were selected from ElKharga and El-Dakhla oases, New
Valley, Egypt (Figure 1) to evaluate
and map the spatial variability of the
available P and K using geostatistical
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technique. Two sites were located in
El-Kharga oasis (El- Mounira and
Bolaq) and the other ones were
found in El-Dakhla oasis (Zakhera
and Mut). El- Monira site (A) is located
between
latitudes
of
25°37'11.34" and 25°37'19.32" N
and longitudes of 30°38'21.66" and
30°38'40.02" E, while Bolaq site (B)
is located between latitudes of
25°11'14.40" and 25°12'56.22" N and
longitudes of 30°31'9.18" and
30°32'8.52" E. Moreover, Zakhera
site (C) is situated between latitudes
of 25°30'39.00" and 25°31'11.64" N
and longitudes of 29°16'50.04" and
29°17'56.58" E. In addition, Mut site
(D) lies between latitudes of
25°25'39.24" and 25°26'59.34" N and
longitudes of 28°58'5.70" and
28°58'54.96" E.
2.2 Soil Sampling and Laboratory Analysis
Soil samples were collected
from cultivated areas in the chosen
sites in the first week of August 2015.
Locations of these soil samples were
recorded in the field by the Global
Positioning System “Garmin GPS
and plotted on the location maps
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(Figure 2). One hundred and thirty–
seven soil samples (50, 25, 30 and 32
samples) were collected from sites A,
B, C and D, respectively to represent
the study area. The samples were collected from the surface layer (0-25
cm) of the soil. They were taken using
the systematically sampling grid
within a distance between two consequent samples of 200m in sites A, B
and C and 50m in site D.
The collected soil samples
were air-dried, crushed, sieved
through a 2-mm sieve and then analyzed. Some physical and chemical
properties of these soil samples (soil
texture, SP, pH, ECe, OM and
CaCO3) were determined according
to Jackson (1973) and Page et al.,
(1984), (Table 1). The available soil
phosphorus (P) was extracted by 0.5
M NaHCO3 at pH 8.5 (Olsen et al.,
1954) and determined using spectrophotometer at wavelength 660 nm.
The available potassium (K) was
extracted from the soil samples
by1M ammonium acetate at pH 7.0
(Jackson, 1973) and then measured
using the flame photometer.

257

Swify, et al., 2017

http://ajas.js.iknito.com/

Figure (1): The location map of the study area.
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Study Sites

Figure (2): Locations of the soil samples collected from sites A, B, C and D.
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Table 1. Descriptive statistics of some soil properties and soil texture of the study
sites.
property
Site
Minimum
Maximum
Mean
SD
A
34.3
40.8
37.7
1.7
SP (%)
B
15.8
27.0
20.0
3.1
C
17.9
42.5
31.9
7.7
D
18.0
36.9
24.7
5.4
A
7.6
8.2
7.9
0.2
pH (1:1)
B
7.9
9.1
8.5
0.3
C
7.2
8.7
8.0
0.4
D
7.6
9.1
8.5
0.3
A
2.7
19.0
9.3
4.9
ECe (dSm-1)
B
1.3
29.3
4.9
8.4
C
1.6
64.5
8.7
14.1
D
0.6
34.7
8.4
6.7
A
8.7
20.4
14.7
3.7
CaCO3 (%)
B
2.6
41.2
21.4
8.5
C
2.2
66.0
18.0
14.1
D
0.9
79.9
26.9
16.5
A
0.10
0.82
0.42
0.2
OM (%)
B
0.10
0.88
0.25
0.2
C
0.00
0.73
0.27
0.2
D
0.00
0.94
0.36
0.3
A
Sandy loam
Texture
B
Sand, Loamy sand
C
Sand, Loamy sand, Sandy loam
D
Sand, Loamy sand, Sandy loam
SP=Saturation Percentage, SD= Standard Deviation.

observed (Sarangi et al., 2005). In
ArcGIS geostatistical analyst, the histogram and normal QQPlots tools
were used to see what transformations were needed to make the data
more normally distributed. Histogram
and normal QQPlots analysis were
applied for both available P and K of
the investigated soil samples to check
its data to see if it have normal distribution or not. Logarithmic transformation had been used for P and K
content data to normalize too highly
skewed and outlier data sets because
kriging methods work best if the data
is approximately normally distributed
(Johnston et al., 2001). The
semivariogram models were chosen

2.3. Statistical and Geostatistical
Analyses
The statistical analysis including minimum, maximum, range,
mean, standard deviation, coefficient
of variation, skewness and kurtosis,
which are generally accepted as indicators of the central tendency, were
estimated by using SAS software version 11. Geostatistical analyses and
the distribution maps of the available
soil P and K contents were produced
by ArcGIS (10.2.2).
Geostatistical analysis first to
fully explored the data in which the
histogram, normality, trend of data,
semivariogram cloud and cross covariance cloud of the raw data were
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from a set of mathematical functions
that describe spatial relationships and
usually fitted by weighted lost
squares, range, nugget and sill and
then used in the spatial interpolation
method of kriging (Krige, 1951;
Matheron, 1971). Ordinary Kriging
(OK) method was used in the present
study as interpolation method because it is simple and has high accuracy for prediction in comparison to
other kriging methods.
According to Journel and Huijbregts (1978), the semivariance function γ(h) was computed as the half of
the expected squared difference between values at locations separated
by a given lag and was used to express
spatial
variations.
Semivariograms were calculated using the following equations 1 and 2:
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(2)

Where, Z*(Xo) is the estimated
variable at Xo location, Z*(Xo) is
values of investigated variable at Xi
location and λi is the statistical
weight that is given to Z(Xi) sample
located near Xo. N is the number of
observations in the neighborhood of
estimated point. Accuracy assessment
of interpolation was done by using
Cross-validation methods (Goovaerts,
1999).
In this study, spatial parameters
such as nugget, sill and range were
calculated
by
using
the
semivariogram model, which provides information about the structure
as well as the input parameters for the
kriging interpolation. Nugget (C0) is
the variance at zero distance, sill
(C+C0) is the lag distance between
measurements at which one value for
a variable does not influence
neighboring values and range (a) is
the distance at which values for one
variable becomes spatially dependent
of another (Figure 3).

(1)

Where: N(h) is the number of
sample pairs points that are located
by a particular distance (h) from each
other; Z(xi) and Z(xi+h) are the values of regionalized variable at location xi and (xi+ h), respectively.

Figure (3): A variogram illustrating the relationship between variogram parameters (nugget,
partial sill, and sill) and sample separation distance.

261

Swify, et al., 2017

http://ajas.js.iknito.com/

Eleven semivariogram models
(circular, spherical, tetraspherical,
pentaspherical, exponential, gaussian,
rational quadratic, hole effect, kbessel, j-bessel and stable) were
tested for both available soil P and K
in all study sites data set. Prediction
performances were assessed by cross
validation, which examines the accuracy of the generated surfaces. For a
model that provides accurate predictions, the standardized mean error
(MSE) should be close to zero, the
root-mean-square error (RMSE) and
average standard error (ASE) should
be as small as possible (useful when
comparing models), and the root
mean square standardized error
(RMSS) should be close to one
(Johnston et al., 2001).
3. Results and Discussion
3.1 Descriptive Statistics
The
descriptive
statistics
showed considerable variations in
soil contents of available phosphorus
and potassium in all studied sites as
shown in Table (2). The data revealed
that the available P soil content varied in the range of 4.4 to 85.0 mg/kg
with mean of 18.6mg/kg, from 2.2 to
41.0 mg/kg with mean of 16.8 mg/kg,
from 0.4 to 25.5 mg/kg with mean of

6.1 mg/kg and from 5.5 to 29.6
mg/kg with mean of 16.4 mg/kg, in
these respective sites A, B, C and D,
respectively. While, the soil available
K ranged from 52 to 1883 with mean
of 359, from 217 to 6204 with mean
1050, from 268 to 1986 with mean of
721 and from 11 to 762 with mean of
168 mg/kg in the studied sites A, B,
C and D. The available soil phosphorus and potassium of the studied soils
have very high differences between
their minimum and maximum values,
which indicate that they have a lack
of homogeneous distribution in all
studied sites (Table 2).
The standard deviation (SD) is a
measure that is used to quantify the
amount of variation or dispersion of a
set of data values. In this study, the
results showed that the standard deviation (SD) values for the available
soil P ranged from 4.6 to 13.2 mg/kg
and varied from 170.5 to 1357.9
mg/kg for the available soil K. A low
standard deviation indicates that the
data points tend to be close to the
mean of the set, while a high standard
deviation means that the data points
are spread out over a wide range of
values.

Table 2. Descriptive statistics of available soil phosphorus (P) and potassium (K) of the
study sites.

Nutrient
P (mg/kg)

K (mg/kg)

Site
A
B
C
D
A
B
C
D

Min.
4.4
2.2
0.4
5.5
52
217
268
11

Max.
85.0
41.0
25.5
29.6
1883
6204
1986
762

Mean
18.6
16.8
6.1
16.4
359
1050
721
168

SD CV (%)
13.2
70.9
9.0
53.4
4.6
76.5
6.1
37.3
290.2
80.8
1357.9
129.4
280.4
38.9
170.5
101.6

SD = Standard Deviation; CV = Coefficient of Variance
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Kurtosis
12.5
1.2
10.3
-0.3
14.8
9.9
14.6
4.1

Skewness
2.9
0.9
2.6
0.6
3.1
3.1
3.2
2.0
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The coefficient of variation
(CV) is a useful statistic for comparing the degree of variation from one
data series to another, even if the
means are drastically different from
one to another. The coefficient of
variation (CV) that is less than 10%
indicates a low variability, 10%-90%
has a moderate variability, and CV
greater than 90% shows high variability (Fang et al., 2012). In this study,
the CV of the available soil P varied
from 37.3 to 76.5 % which indicated
that the studied soil samples had
moderate variability of the available
P in all studied sites. However, the
available soil K had a moderate to a
high variability where the CV values
ranged between 38.9 and 129.4%
among all the study sites. On the
other hand, the moderate variability
of the available soil K occurred in the
studied soil samples of sites A and C,
while the high variability was found
in soils of sites B and D. The moderate and high variability of the available soil P and K may be due to the
human activities and natural conditions such as agricultural management practices and soil characteristics.
Skewness is a term in statistics
used to describe the asymmetry from
the normal distribution in a set of statistical data. Skewness can come in
the form of a negative or positive
value, depending on whether data
points are skewed to the left, negative, or to the right, positive of the
data average. A data set that shows
this characteristic differs from a normal bell curve. The data of the available soil P and K contents of this
study were skewed and needed to
transform to be close to the normal
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distribution. The skewness values
were positive and ranged between 0.6
and 2.9 for the available soil P content and between 2.0 and 3.2 for the
available soil K content. Similar to
skewness, kurtosis is a descriptor of
the shape of a probability distribution. All values of kurtosis were positive except the value for the available
soil P in site D which was negative
(Table 2). It ranged between -0.3 and
12.5 for soil P content, while the kurtosis value of the available soil K varied from 4.1 to 14.9. Estimating both
skewness and kurtosis values, the
data of the available soil P and K
needed to be normally distributed by
using the geostatistical analysis.
Therefore, a log-transformation was
applied.
3.2 Availability Assessment of
Soil P and K in the Studied Sites
According to Horneck et al.,
(2011), the P and K availability in
soils can be classified as shown in
Table (3). Generally, according to
this classification, that these soils
have a moderate soil available P content in all sites except site C which
has a low available soil P. Moreover,
these soils have moderate, high and
very high available K levels in sites
D, A, C and B, respectively. Based on
the mean available P and K values
(Table 2), the studied sites were in
the order of A> B> D> C in their
richness in the available soil P, while
they were in the order of B> C> A>
D in their contents of available soil
K.
The high values of soil available
P and K contents of these soils may
be related to the high P and K fertilization rates and to the soil parent material richness in some sources of
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them such as phosphate rock and
shale, as well as the low leaching
processes in the studied sites. Site (A)
has the highest availability of the soil
P because the soils of this site have

more suitable properties such as low
CaCO3 and pH, high SP and OM, as
well as suitable texture for P availability than other sites (Table 1).

Table 3. Classification of P and K availability in soils.
Classification
Low
Moderate
High
<10
10–25
25–50
P (mg/kg)
<150
150–250
250–800
K (mg/kg)

Very high
>50
>800

(Adopter from Horneck et al., 2011)

Figure (4) showed some examples of the normal QQPlots and the
histogram analysis for the available
soil P and K data. The histogram illustrated a unimodle shape for the
original data of the available soil P in
site B and logarithmic transformed
data of the other sites for both available P and K. By the same way
QQPlots showed that the points were
approximately on the line for the
original data of the available soil P in
site B but logarithmic transformed
data were done the other sites. The
skewness values which close to zero
and kurtosis values which close to 3.0
indicated that the original data of the
available soil P in site B and logarithmic transformed data of the other
sites did not deviate from the normal
distribution (Figure 4).

3.3. Geostatistical Analyses of
Available Soil P and K Contents.
3.3.1 Exploratory statistics
and data analysis
Available soil P and K in all
study sites were checked by histogram and normal QQPlots to see if
they show a normal distribution pattern or not. Normal QQPlots provide
an indication of unvaried normality.
If the data are asymmetric (i.e., far
from normal), the points will deviate
from the line. According to the
QQPlots and histogram analysis, it
was clear that both available soil
phosphorus and potassium contents
deviated from the normal distribution
except the available soil P in site B
which showed a normal distribution.
Therefore, a log-transformation was
carried out to the data of all sites to
normalize their distribution except
data of site B in case the available P.
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Histogram
Transformation: None
Frequency
8

Normal QQPlot
Transformation: None

Count
: 25
Min
: 2.17
Max
: 41
Mean
: 16.789
Std. Dev. : 8.9566

6.4

Skewness
: 0.79635 Dataset 10
4.1
Kurtosis
: 3.7565
1-st Quartile : 11.03
Median
: 16.12
3.32
3-rd Quartile : 21.208

4.8

2.55

3.2

1.77

1.6

0.99

0
0.22

0.61

0.99

1.38

1.77

2.16

2.55

Dataset 10

2.94

3.32

3.71

4.1

-1

0.22
-2.05

-1

-1.64

-1.23

-0.82

-0.41

0

0.41

0.82

1.23

1.64

2.05

Standard Normal Value

Dataset : point_3 Attribute: availabl_1

Dataset : point_3 Attribute: availabl_1

Original data of the available soil P in site B as an example of normally distributed data.
Normal QQPlot
Transformation: None

Histogram
Transformation: None
Frequency 10
1.4

-1

Count
: 32
Min
: 11
Max
: 762
Mean
: 167.72
Std. Dev. : 170.45

1.12

Skewness
Kurtosis
1-st Quartile
Median
3-rd Quartile

: 1.8957
: 6.3003
: 62
: 98.5
: 196.5

Dataset 10
7.62
6.12

0.84

4.62

0.56

3.11

0.28

1.61

0
0.11

0.86

1.61

2.36

3.11

3.87

4.62

Dataset 10

5.37

6.12

6.87

7.62

-2

-2

0.11
-2.15

-1.72

-1.29

-0.86

-0.43

0

0.43

0.86

1.29

1.72

2.15

Standard Normal Value

Dataset : point_2 Attribute: availabl_2

Dataset : point_2 Attribute: availabl_2

Original data of the available soil K in site D as an example of deviated data from normal distribution.

Normal QQPlot
Transformation: Log

Histogram
Transformation: Log
Frequency
9

Count : 32
Min
: 2.3979
Max
: 6.6359
Mean
: 4.6932
Std. Dev. : 0.96983

7.2

Skewness : -0.15717
Kurtosis
: 2.9708
1-st Quartile : 4.1271
Median
: 4.5885
3-rd Quartile : 5.2752

Dataset
6.64

5.79

5.4

4.94

3.6

4.09

1.8

3.25

0
2.4

2.82

3.25

3.67

4.09

4.52

4.94

5.36

5.79

6.21

2.4
-2.15

6.64

Dataset

Dataset : point_2 Attribute: availabl_2

-1.72

-1.29

-0.86

-0.43

0

0.43

0.86

1.29

1.72

2.15

Standard Normal Value

Dataset : point_2 Attribute: availabl_2

Logarithmic transformed data of the available soil K in site D after applying log-transformation.
Figure (4): Examples of histograms and QQPlots for available soil P and K data in some study sites.

K contents of the study area is illustrated in Figure (5). The models and
their parameters are also present in
Table (4). Semivariograms and the

3.3.2 Semivariogram spatial
dependency
The semivariogram spatial dependency of the available soil P and
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spatial variability of available soil P
and K contents and their relation to
lag of the samples and semivariance
were produced from geostatistical
software, ArcGIS, version (10.2.2).
There were three variables which
used in calculating the spatial dependency. They were nugget, sill and
range (a). Nugget variance represents
the experimental error and field variation within the minimum sampling
spacing and inherent variability
(Cambardella et al., 1994). In the cur-

rent study, nugget values were the
lowest and positive for P and K suggesting a positive nugget effect that
may be due to the sampling error or a
random and inherent variability of the
available soil P and K contents
(Wang et al., 2009). Sill values represent the total spatial variation (Liu et
al., 2013), in all study sites, and
ranged from 0.174 to 85.73 and from
0.106 to1810365 for the soil available
P and K contents, respectively.

Table 4. Fitted models and their parameters for the semivariograms of available
soil P and K contents.
Prediction Error
Nutrient Site

Model

P

A
B
C
D

K-bessel
Exponential
Spherical
K-bessel

0.0001
0.01
0.001
0.0001

0.430
85.73
0.7998
0.174

0.023
0.012
0.125
0.0574

Range Spatial
(a)
Class
0.005
S
0.006
S
0.004
S
0.006
S

K

A
B
C
D

Spherical
Rational Quadratic
Rational Quadratic
Pentaspherical

0.001
9600
0.0001
0.00002

0.621
1810365
0.106
1.095

0.161
0.530
0.094
0.0018

0.001
0.007
0.003
0.007

Nugget (C0) Sill(C0+C) Nugget / Sill

S
S
S
S

S = Strong spatial dependency, Nugget/Sill =Nugget/Sill*100 =Spatial class ratio, Range (a) = spatial rang

The spatial dependency (nugget/sill ratio, expressed as percentage)
that is similar to those presented by
Cambardella et al.(1994) was adopted
to define the distinctive classes of
spatial dependence. A variable is
considered to have a strong spatial
dependency if the nugget/sill ratio is
less than 25 percent, a moderate spatial dependency if the ratio is between
25 - 75 percent and a weak spatial
dependency if the nugget/sill ratio is
greater than 75 percent. Cambardella
et al. (1994) also reported that a
strong spatial dependency of soil
characteristics can be attributed to the
intrinsic factors (soil formation factors such as parent materials), and a

weak spatial dependency can be attributed to the extrinsic factors (soil
management practices such as fertilization).
In this study, the nugget/sill ratio was less than 25% for the available P and K contents in all sites,
which indicate a strong spatial dependency for the soil available P and
K contents. Strongly spatially dependent properties may be controlled
by an intrinsic variation in soil characteristics such as the texture and the
mineralogy (Cambardella et al.,
1994). The stronger the spatial correlation, the more accurate is the soil
property map that could be obtained
using kriging. K-bessel, exponential
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and spherical models were best performed for the available soil P content while spherical, pentaspherical
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and rational quadratic models were
the best for the available soil K content (Table 4).
(a)

Site (A)

Site (B)

Site (C)

Site (D)

(b)
Site (A)

Site (B)

Site (C)

Site (D)

Figure (5): Semivariograms of the available soil P (a) and K (b) contents of the study
sites.
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that gave the best results were chosen.
Prediction error values for both
investigated available soil P and K
are present in Table (5). The root
mean square standardized error
(RMSS) values for the chosen models
varied from 0.8618 to 1.1305 for the
available soil P and from1.0434
to1.3108 for the available soil K
(close to one). The mean standardized
error (MSE) values for available soil
P and K data ranged from -0.0784 to 0.0020 and from -0.1230 to -0.0152,
respectively, which were close to
zero, indicating that the ordinary
kriging (OK) produced relatively unbiased values for spatial interpolation.
These findings proved that the chosen
models were the best fitted
semivariogram models to map spatial
distribution of the available soil P and
K in this study.

3.3.3 Cross-validation and
comparison of interpolation model
performance
The current study used the ordinary kriging (OK) technique to produce the patterns of available soil P
and K distributions. Prediction performances are assessed by the crossvalidation, which examines the accuracy of the generated surfaces. After
applying different models (eleven
models) for the available soil P and K
that were examined in this study, the
error was calculated using the crossvalidation technique to identify the
most accurate predictions such as the
mean standardized error (MSE) and
the root mean square standardized
error (RMSS). The lowest mean standardized error values close to zero
and the root mean square standardized values close to one indicate that
kriging predictions values are closer
to the measured values. The models

Table 5. The prediction errors of the available soil P and K of the study sites.
Sit
Prediction Errors
Property
e
RMS
ASE
MSE
RMSS Skewness Kurtosis
Mean
Available P A
B
C
D

0.201
-0.030
0.358
0.231

9.549
9.930
4.891
5.577

8.579
8.884
7.639
5.871

-0.0060
-0.0026
-0.0784
-0.0020

1.0384
1.1305
0.8618
1.0002

0.30
0.80
-0.32
-1.03

3.24
3.76
3.21
4.62

Available K A
B
C
D

22.930
-24.597
-8.534
-0.049

284.862
1352.744
310.116
163.785

308.245
1270.216
246.558
202.932

-0.1199
-0.0152
-0.1136
-0.1230

1.0434
1.0471
1.3108
1.0840

-0.24
1.14
0.44
-0.16

2.88
4.57
7.50
2.97

RMS = Root Mean Square; ASE = Average Standard Error; MS = Mean Standardized and RMSS = Root
Mean Square Standardized.

the spatial distribution maps of the
available soil P and K in the studied
sites of the study area. With respect
to the spatial distributions of the
available soil P, the maps showed that
the soils of all investigated sites have
the levels of 10-25 mg/kg except

3.3.4
Spatial
distribution
mapping of soil available P and K
contents
Maps of the spatial distribution
were produced using previously the
chosen models with applying ArcGIS. Figures (6) and (7) illustrate
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these of site C which had available
soil P levels of less than 10 mg/kg.
The highest levels available P were
found in the eastern part of site A, the
northern third part of site B and few
spots in the southern half part of site
D. However, the lowest levels occurred in separate spots in the western half part of site A and few separate spots in the southern half part of
sites B and D (Figure 6).
On the other hand, the spatial
distribution maps of the available soil
K revealed that the dominant level in
the soils of all sites was 250-800
mg/kg, except these of site D that had
less than 150 mg/kg as a predominant
level. Also, maps of the spatial distributions of the available soil K

ISSN: 1110-0486
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showed highest levels of available K
occurred in separate spots in site A,
in the southern third part of site B, in
the western north and eastern south
part for site C and in western north
part of site D (Figure 7).
Based on the spatial distribution
of soil P and K availability, specific
site management can be planned and
considered to be applied for each site
of this study area. Therefore, the
maps of the spatial distributions of
available soil P and K can give realistic information about nutrient status.
Also, these maps can facilitate the
estimation of the fertilization policies
of P and K for different crops in these
investigated sites.
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Figure (6): Spatial distribution maps of the available soil P in the study sites.
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Figure (7): Spatial distribution maps of the available soil K in the study sites.

ing that both available soil P and K
contents were mainly controlled by
intrinsic factors. Geostatistical analysis integrated with GIS provided an
opportunity to assess the variability in
the distribution of these nutrients.
This study also revealed that using the produced spatial distributions
maps for the soil P and K availability,
site specific management can be
planned and considered to be applied
for this study area. These maps can
facilitate and help in make decisions
for choosing appropriate fertilization
policies for soils as well as to avoid
adding too high fertilizer levels to get
aclean environment. On the other
hand, the study proved that statistics
and geostatistics analyses are powerful tools to assess, understand and
map the spatial variability of the
available soil phosphorus and potassium.

4. Conclusion

The current study showed that
the studied coarse-texture soils have a
moderate level of available P in all
sites, except site C which had a low
level. Also, these soils have high and
very high levels of available K in all
sites. The available soil K content of
the studied samples in all sites was
higher than the available soil P.
The spatial interpolation of the
available soil P and K contents in the
surface soil samples (0-25 cm) of the
study area showed that k-bessel, exponential, spherical, pentaspherical
and rational quadratic models were
the best performed in describing the
spatial dependency of both nutrients.
The cross-validation demonstrated
that the ordinary kriging technique
was the best in describing the spatial
interpolation of these nutrients. Both
available soil P and K stocks showed
a strong spatial dependence, indicat271
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ﺘﻘﻴﻴﻡ ﻭﺭﺴﻡ ﺨﺭﺍﺌﻁ ﺍﻟﺘﺒﺎﻴﻥ ﺍﻟﻤﻜﺎﻨﻲ ﻟﻤﺤﺘﻭﻱ ﺍﻟﺘﺭﺒﺔ ﻤﻥ ﺍﻟﻔﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺍﻟﻤﻴﺴﺭ ﻓﻲ
ﺍﻷﺭﺍﻀﻲ ﺨﺸﻨﺔ ﺍﻟﻘﻭﺍﻡ ﺒﺎﻟﻭﺍﺩﻱ ﺍﻟﺠﺩﻴﺩ ،ﻤﺼﺭ ﺒﺄﺴﺘﺨﺩﻡ ﺘﻘﻨﻴﺔ ﺍﻻﺤﺼﺎﺀ ﺍﻟﺠﻴﻭﻟﻭﺠﻲ
ﺴﻤﺭ ﺴﻭﻴﻔﻲ ﻓﺭﻏﻠﻲ ،١ﺼﻼﺡ ﺤﺴﺎﻨﻴﻥ ﻋﺒﺩ ﺍﻟﻌﺯﻴﺯ ،٢ﺴﻠﻤﺎﻥ ﻋﺒﺩﺍﷲ ﺤﺴﻥ ﺴﻠﻤﻲ،٢ﺃﺤﻤﺩ ﺠﻼل ﺍﻟﻐﺭﺍﺒﻠﻲ
٢
٢ﻭﺤﺴﻴﻥ ﻤﺤﻤﺩ ﻋﻠﻲ ﺭﺍﻏﺏ
١

ﻗﺴﻡ ﺍﻷﺭﺍﻀﻲ ﻭﺍﻟﻤﻴﺎﻩ – ﻜﻠﻴﺔ ﺍﻟﺯﺭﺍﻋﺔ ﺒﺎﻟﻭﺍﺩﻱ ﺍﻟﺠﺩﻴﺩ – ﺠﺎﻤﻌﺔ ﺃﺴﻴﻭﻁ
٢ﻗﺴﻡ ﺍﻷﺭﺍﻀﻲ ﻭﺍﻟﻤﻴﺎﻩ – ﻜﻠﻴﺔ ﺍﻟﺯﺭﺍﻋﺔ – ﺠﺎﻤﻌﺔ ﺃﺴﻴﻭﻁ

ﺍﻟﻤﻠﺨﺹ
ﺘﻘﻴﻴﻡ ﻭﻓﻬﻡ ﺘﻭﺯﻴﻊ ﻤﺤﺘﻭﻯ ﺍﻟﺘﺭﺒﺔ ﻤﻥ ﺍﻟﻔﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﻴﻌﺘﺒﺭ ﺠﺯﺀ ﻤﻬﻡ ﻓﻲ ﺘﻘﺭﻴﺭ ﻤﺎ ﺍﺫﺍ
ﻜﺎﻥ ﺍﻟﺘﺴﻤﻴﺩ ﻤﻨﺎﺴﺏ ﺃﻭ ﻀﺭﻭﺭﻱ ﻟﻠﺘﺭﺒﺔ .ﻟﺫﻟﻙ ﻜﺎﻥ ﺍﻟﻬﺩﻑ ﺍﻟﺭﺌﻴﺴﻲ ﻤﻥ ﻫﺫﻩ ﺍﻟﺩﺭﺍﺴﺔ ﻫـﻭ ﺘﻘﻴـﻴﻡ
ﻭﺭﺴﻡ ﺨﺭﺍﺌﻁ ﺍﻟﺘﺒﺎﻴﻥ ﺍﻟﻤﻜﺎﻨﻲ ﻟﺘﻭﺯﻴﻊ ﻤﺤﺘﻭﻯ ﺍﻟﺘﺭﺒﺔ ﻤﻥ ﺍﻟﻔﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺍﻟﻤﻴـﺴﺭ ﺒﺎﺴـﺘﺨﺩﺍﻡ
ﺘﻘﻨﻴﺔ ﺍﻻﺤﺼﺎﺀ ﺍﻟﺠﻴﻭﻟﻭﺠﻲ .ﻓﻘﺩ ﺘﻡ ﺠﻤﻊ ﻋﻴﻨﺎﺕ ﺘﺭﺒﺔ ﺴﻁﺤﻴﺔ )ﺼﻔﺭ ٢٥-ﺴﻡ( ﻤﻥ ﺃﺭﺒﻊ ﻤﻭﺍﻗﻊ ﺘﻡ
ﺃﺨﺘﻴﺎﺭﻫﺎ ﻟﺘﻤﺜل ﺍﻷﺭﺍﻀﻲ ﺨﺸﻨﺔ ﺍﻟﻘﻭﺍﻡ ﻓﻲ ﺍﻟﻭﺍﺤﺎﺕ ﺍﻟﺩﺍﺨﻠﺔ ﻭﺍﻟﺨﺎﺭﺠﺔ ﺒﻤﺤﺎﻓﻅﺔ ﺍﻟﻭﺍﺩﻱ ﺍﻟﺠﺩﻴـﺩ،
ﻤﺼﺭ .ﺘﻡ ﺘﻁﺒﻴﻕ ﻁﺭﻴﻘﺔ Ordinary Krigingﻟﻠﺤﺼﻭل ﻋﻠﻰ ﺍﻟﻘﻴﻡ ﺍﻟﻤﺘﻭﻗﻌﺔ ﻟﻠﻤﻭﺍﻗﻊ ﺍﻟﺒﻴﻨﻴﺔ ﺍﻟﺘـﻰ
ﻟﻡ ﺘﻤﺜل ﺒﻌﻴﻨﺎﺕ ﻟﺘﻐﻁﻴﺔ ﻜﺎﻤل ﺴﻁﺢ ﺍﻟﻤﺴﺎﺤﺔ ﺍﻟﻤﺩﺭﻭﺴﺔ .ﻜﻤﺎ ﺘﻡ ﺘﺤﻠﻴل ﻭﺭﺴـﻡ ﺨـﺭﺍﺌﻁ ﺍﻟﺘﻭﺯﻴـﻊ
ﺍﻟﻤﻜﺎﻨﻲ ﻟﻤﺤﺘﻭﻯ ﺍﻟﺘﺭﺒﺔ ﻤﻥ ﺍﻟﻔﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺒﺎﺴﺘﺨﺩﺍﻡ ﺒﺭﻨﺎﻤﺞ .ArcGIS
ﺃﻅﻬﺭﺕ ﺍﻟﻨﺘﺎﺌﺞ ﺃﻥ ﻤﺤﺘﻭﻯ ﺍﻟﺘﺭﺒﺔ ﻤﻥ ﺍﻟﻔﻭﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺘﺭﺍﻭﺤﺕ ﻤﻥ  ٠,٣٥ﺍﻟﻰ ٨٥,٠
ﻤﻠﻠﺠﺭﺍﻡ/ﻜﺠﻡ ﻭﻤﻥ  ١١ﺍﻟﻰ  ٦٢٠٤ﻤﻠﻠﻴﺠﺭﺍﻡ/ﻜﺠﻡ ﻋﻠـﻰ ﺍﻟﺘـﻭﺍﻟﻲ .ﺃﻭﻀـﺤﺕ ﻤﻘـﺎﻴﻴﺱ ﺍﻟﻘـﺩﺭﺓ
ﺍﻟﺘﻭﺯﻴﻌﻴﺔ ﺍﻟﻤﻜﺎﻨﻴﺔ ﺃﻥ ﺍﻟﺘﻭﺯﻴﻊ ﺍﻟﻤﻜﺎﻨﻲ ﻟﻜل ﻤﻥ ﺍﻟﻔﻭﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺍﻟﻤﻴﺴﺭ ﻓﻲ ﺍﻟﺘﺭﺒﺔ ﻜﺎﻥ ﻋﺎﻟﻲ
ﺍﻟﺩﻗﺔ ﻓﻲ ﺠﻤﻴﻊ ﻤﻭﺍﻗﻊ ﺍﻟﺩﺭﺍﺴﺔ ﻜﻤﺎ ﺍﺸﺎﺭﺕ ﺍﻟﻰ ﺍﻥ ﺍﻟﻤﺘﺤﻜﻡ ﺍﻟﺭﺌﻴﺴﻲ ﻓﻰ ﻫﺫﺍ ﺍﻟﺘﻭﺯﻴﻊ ﻫﻰ ﺍﻟﻌﻭﺍﻤل
ﺍﻟﺩﺍﺨﻠﻴﺔ ﻟﻠﺘﺭﺒﺔ )ﺨﺼﺎﺌﺹ ﺍﻟﺘﺭﺒﺔ( .ﺍﺸﺎﺭﺕ ﺍﻟﻨﺘﺎﺌﺞ ﺃﻴﻀﺎ ﺍﻟﻰ ﺍﻥ ﺍﻟﻨﻤﺎﺫﺝ ﺍﻻﺤﺼﺎﺌﻴﺔ ﺍﻟﻤﻨﺎﺴﺒﺔ ﻟﺭﺴﻡ
ﺨﺭﺍﺌﻁ ﺍﻟﺘﻭﺯﻴﻊ ﺍﻟﻤﻜﺎﻨﻲ ﺍﺨﺘﻠﻔﺕ ﻟﻜل ﻤﻥ ﻟﻠﻔﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ﺍﻟﻤﻴﺴﺭ ﻭﻜﺫﻟﻙ ﻤﻥ ﻤﻭﻗﻊ ﻻﺨﺭ.
ﺘﻤﻴﺯﺕ ﺨﺭﺍﺌﻁ ﺍﻟﺘﻭﺯﻴﻊ ﺍﻟﻤﻜﺎﻨﻲ ﺍﻟﻤﺘﺤﺼل ﻋﻠﻴﻬﺎ ﻓﻲ ﻫﺫﻩ ﺍﻟﺩﺭﺍﺴﺔ ﺒﺎﻟﺩﻗﺔ ﻭﺍﻟﻘﺩﺭﺓ ﺍﻟﺘﻤﻴﻴﺯﻴـﺔ
ﺍﻟﻌﺎﻟﻴﺔ  ،ﻟﺫﻟﻙ ﻴﻤﻜﻥ ﻤﻥ ﺨﻼﻟﻬﺎ ﺘﺨﻁﻴﻁ ﺍﺩﺍﺭﺓ ﻤﺤﺩﺩﺓ ﻟﻜل ﻤﻭﻗﻊ ﻓﻰ ﻤﻨﻁﻘﺔ ﺍﻟﺩﺭﺍﺴﺔ .ﻜﻤـﺎ ﻴﻤﻜـﻥ
ﻟﻬﺫﻩ ﺍﻟﺨﺭﺍﺌﻁ ﺃﻥ ﺘﺴﻬل ﻭﺘﺴﺎﻋﺩ ﻓﻲ ﺍﺘﺨﺎﺫ ﺍﻟﻘﺭﺍﺭﺍﺕ ﻻﺨﺘﻴﺎﺭ ﺴﻴﺎﺴﺎﺕ ﺍﻟﺘﺴﻤﻴﺩ ﺍﻟﻤﻨﺎﺴﺒﺔ ﻟﻬﺫﻩ ﺍﻟﺘﺭﺒﺔ
ﻭﻜﺫﻟﻙ ﻟﺘﺠﻨﺏ ﺇﻀﺎﻓﺔ ﺍﻷﺴﻤﺩﺓ ﻟﻠﻤﻭﺍﻗﻊ ﺍﻟﺘﻲ ﻻ ﺘﺤﺘﺎﺝ ﺇﻟﻰ ﺍﻟﺘﺴﻤﻴﺩ .ﻭﺃﻜﺩﺕ ﻨﺘﺎﺌﺞ ﻫﺫﻩ ﺍﻟﺩﺭﺍﺴـﺔ ﺃﻥ
ﺍﻟﺩﻤﺞ ﺒﻴﻥ ﺍﻟﺘﺤﻠﻴل ﺍﻻﺤﺼﺎﺌﻲ ،ﻭﺍﻹﺤﺼﺎﺀﺍﺕ ﺍﻟﺠﻴﻭﻟﻭﺠﻴﺔ ﻭﻨﻅﻡ ﺍﻟﻤﻌﻠﻭﻤﺎﺕ ﺍﻟﺠﻐﺭﺍﻓﻴـﺔ ﻴـﻭﻓﺭ ﺃﺩﺍﺓ
ﻗﻭﻴﺔ ﻟﺘﻘﻴﻴﻡ ﻭﻭﺼﻑ ﻭﺭﺴﻡ ﺨﺭﺍﺌﻁ ﺍﻟﺘﺒﺎﻴﻥ ﺍﻟﻤﻜﺎﻨﻲ ﻟﻜل ﻤﻥ ﺍﻟﻔﻭﺴﻔﻭﺭ ﻭﺍﻟﺒﻭﺘﺎﺴـﻴﻭﻡ ﺍﻟﻤﻴـﺴﺭ ﻓـﻲ
ﺍﻟﺘﺭﺒﺔ.
ﺍﻟﻜﻠﻤﺎﺕ ﺍﻟﺩﺍﻟﺔ :ﺭﺴﻡ ﺍﻟﺨﺭﺍﺌﻁ ،ﺍﻻﺤﺼﺎﺀ ﺍﻟﺠﻴﻭﻟﻭﺠﻲ ،ﺍﻟﻔﺴﻔﻭﺭ ،ﺍﻟﻜﺭﻴﻐﻴﻨﺞ ،ﺍﻟﺒﻭﺘﺎﺴﻴﻭﻡ ،ﻨﻅﻡ ﺍﻟﻤﻌﻠﻭﻤﺎﺕ
ﺍﻟﺠﻐﺭﺍﻓﻴﺔ ،ﺍﻟﻭﺍﺩﻱ ﺍﻟﺠﺩﻴﺩ.
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