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ABSTRACT
Maintaining soil`s fertility is one of its basic characteristics an important issue to reach the sustainable
agriculture. Phosphorous and Potassium are the necessary elements of soil fertility which should be
scientifically and suitably managed .So, new methods with time and cost saving is considered. Thus, artificial
neural system and geostatistics were used to evaluate the spatial distribution of the phosphorous and potassium
elements in the northern regions of Khuzestan province; soil sampling and laboratorial analysis were carried out
and data related to phosphorous and potassium in addition to some other characters were collected and
normalized, as well. In geostatic, using the fitting of the experimental semivariograms, exponential model
was selected for potassium and phosphorous and, based on the semivariograms and Kriging interpolation
method ,the spatial distribution map of the element was graphed . In the artificial neural network method, some
chemical characters as input and phosphorous plus potassium as output were entered the network; results were
gained through the trial and error method. Finally, both results were compared. Comparison basis were (R2) and
(MSE). Results showed that, in the geostatistics method, R2 =0/513 and MSE =0/22 for phosphorous and R2
=0/681 and MSE =0/07 for potassium .In the artificial neural network method, R2 =0/671 and MSE =0/12 for
phosphorous and R2 =0/767 and MSE =0/08 for potassium. It was concluded that the artificial neural network
method is more appropriate and accurate for phosphorous and potassium concentration estimation.
Key words: geostatic, artificial neural network, phosphorous and potassium
Introduction
Wheat is a strategic product for Iran so that large
arable areas in the country have been allocated to
wheat cultivation. Therefore wheat yield and soil
quality of or the performance and quality are of a
specific importance. Needed elements for wheat are
two kinds of major and minor elements. Some
elements such as phosphorous and potassium,
because of the plant`s urgent need and the
inappropriateness of these elements` amounts in most
soils, are considered more than the other ones in
order to evaluate the soil productivity [1].
Phosphorous and potassium are the necessary and
major elements and each one, separately, has a main
role in the wheat`s growth. role of phosphorous in
wheat includes increasing the plant`s resistance to
lodging, early wheat production and affecting the
plant`s quality .suitable storage of phosphorous in the

soil enables the wheat to create a strong and healthy
root system in the primary steps. Potassium increases
the wheat`s tolerance to the diseases, coldness, and
dryness; increases the plant`s strength; and helps the
plant`s optimum growth [4]. Because these elements
are applied as fertilizer for the plant, consumption
management of these fertilizers should be in a way
including the soil productivity maintenance, good
quality and healthy, production, and finally the
sustainable agriculture. Considering the importance
of agriculture specially the wide under cultivation
level (about 355 thousand hectares) in Khuzestan and
the important role of this plant in the nutrition of the
society, evaluating the concentration of phosphorous
and potassium in the soil is necessary. In the other
hand, knowing that different environmental factors
changing in time and location are involved with the
soil formation process, so many soil characteristics
such as food elements have spatial changes. It can be
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said that one effective way to evaluate the elements
concentration is the evaluation of spatial changes and
providing quantitative maps of the elements`
distribution in the soil. Now, because the traditional
methods of preparing the soil map are unable to
determine and interpret these changes and the
environmental changes (from point to pint) cannot be
simply studied by usual statistical analysis methods,
geostatistics and artificial neural network methods
can be used to identify and interpret the
changeability of the soil characteristics .Geostatistics
is branch of the applicatory statistics, using the
information of the sampled points; it can provide
many statistical estimators in order to estimate the
required characteristics on the points having no
samples. Hsamadi et al evaluated the special
distribution of the nutrient elements of soil especially
nitrogen,
phosphorous,
and
potassium
by
geostatistics method in a region of Malaysia. Results
showed its high capacity and capability in
determining and drawing the NPK spatial
distribution map in the studied region. Jafarnejadi et
al [5], for finding the cadmium and its spatial
distribution, studied the in-Khuzestan produced
wheat seed. Results of semi-variogram analysis
indicated that the most suitable model of cadmium of
the wheat seed`s spatial distribution is the spherical
model. Results of Kriging Interpolation showed that
the east of the province where durum wheat is
cultured has the highest pollution.
In the recent years, we are observing the daily
growth of applying the computational intelligence in
solving problems which has no clear solution or not
easily solvable. The structure of the artificial neural
networks is inspired from the biologic neural
network of human and researches related to the
neural networks were accompanied by evaluating
and recognizing the structure and the work of the
human brain`s learning process. In this
computational method no set of specific rules are
existed for solving a problem, the main dependence
is on the gradual upbringing and learning of the
system [2]. The neural network is a dynamic and
nonlinear system including many processings
(Neurons) and links between them. It passes through
three stages for solving a problem: education,
evaluation, and execution. Training is a process in
through which the network learns to identify the
available model in the inputs (which is as a set of
training data). Evaluation is the network`s ability to
provide acceptable answer for inputs not existed in
the educational set, and the use of the network for
executing the performance for which it was designed
is the network`s execution. Crowner and Roush [3]
evaluated the artificial neural networks and linear
regression for forecasting the amount of amino acids
in the livestock forage.results indicated that the
artificial neural network have a higher efficiency in
showing the relationship of amino acids and all
nutritional components. In addition, Sayad and

Jesmi [6] used multiple linear regression and
artificial neural networks to study and estimate the
rate of infiltration and the cumulative infiltration in
Khuzestan soils. Then, they used both methods above
for estimating the hydraulic characteristic of the
sample; results were then compared. The coefficient
of explanation and the mean error square were
considered as the basis for comparing the methods;
results showed the better and more accurate
efficiency of the artificial neural network than
multiple linear regressions. Now, because of the wide
under wheat cultivation area in Khuzestan followed
by an increase in using phosphorous and potassium
fertilizers, more studies are necessary in favor of an
optimal use of these fertilizers. In addition, because
there are few studies (in an extensive level)
concerning the food elements or new methods, this
study was aimed at evaluating and comparing the
efficiencies of both artificial neural network and
geostatistics methods in estimating the concentration
of phosphorous and potassium food elements in the
northern Khuzestan soils.
Material and Methods
The studied region:
This study was carried out in some under wheat
cultivation farms located at northern regions of
Khuzestan (Dezful, Andimeshk, Shushtar, Susa, Lali
and MIS) in a 100 hectares geographic area of 47°
40 ´ to 49° 42 ´ E longitude and 31° 36´ to 32°2´ N
latitude (figure 1).
First, the farms in which wheat was cultured
were studied; then, 95 compound soil samples were
provided based on the weight and under cultivation
area. Sampling was carried out at the time of wheat
maturity. Samples were taken from a depth of 0-20
cm of the soil using an agar and the spatial location
(geographical longitude and latitude) of each point
was recorded by GPS. In the next stage, samples
were sent to the lab for preparation and
measurement. Finally, the statistical, geostatistics
and artificial neural network analysis were performed
as follow:
To evaluate the way of data distribution and
have a summary of each characteristic’s statistical
information, frequency distribution aided by its
characteristics including mean, median, minimum
maximum, range, standard deviation, and skewness
were evaluated by SPSS. Geostatistics estimation
included two stages: the first stage is recognizing and
modelling the variables` spatial structure which can
be evaluated by semivariogram analysis and fitting
an appropriate model. In this stage, after drawing the
experimental semivariogram, various models
(Spherical, exponential, and Gaussian) were fitted on
it. Then, the most suitable model was selected based
on the amounts of accuracy statistics (MBE and
MAE) and cross Validation technique. The second
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stage is the estimation of the required variables using
the Kriging Interpolation technique based on the
theory model, so, using the Kriging Interpolation

technique based on the theory model, phosphorous
and potassium zonation was carried out.

Fig. 1: Case study in Khuzestan province and Iran.
In the artificial neural network, before network
education, the input data should be normalized. Aim
of normalizing is that data convert to numbers
between 1 and zero because in this study a hidden
sigmoid threshold function layer was selected for the
processing elements (Neurons); this function`s output
is numbers between zero and 1 and the form of the
input data has an important role in the learning of the
network [8]. For inputs close to zero to 1 , Neurons`
weight change would be minimum because ,in this
numbers, processing elements are too slow due to the
form of the sigmoid function ,but for the close to
half input, the Neurons response to the input signal
would be faster [13]. Considering this fact ,data
normalization has carried out in a way that the mean
of data series becomes 0/5. For this, the following
relation was used for normalization [7].
+ 0.5

network (by MATLAB software). Phosphorous and
potassium elements, as outputs, were saved in the
output section and the type of the artificial neural
network was selected to be Multi layer perceptron
(MLP). The type of the informative function was
Marquardt - Levenberg (train); tansing and logsig
activity hidden functions were selected and the
numbers of Neurons were regularly changed in order
to achieve the best results including the coefficient of
explanation (R2) and the mean squared error (MSE)
(In this study, 80 and 20percent of the input data
were selected as training and test data, respectively).
The artificial neural network is based on trial and
error. The basis of comparing both methods above is
the coefficient of explanation (R2) and mean square
error (MSE), as first R2 and MSE are obtained for
each element in each method, then each method,
estimating higher R2 and lower MSE, indicates a
higher efficiency in estimating the studied elements.
Result and Discussion

In which Xnom is the normalized amount of X0
input, is the data average, and Xmax and Xmin are
the maximum and minimum data, respectively.
Normalized characteristics including the rate of
soil acidity, soil salinity, lime percent, organic
carbon percent, and the capacity of cationic exchange
were transferred, as input, to the artificial neural

Results of statistical evaluations by SPSS:
A summary of the descriptive statistics, mean,
standard deviation, min and max, skewness and
kurtosis coefficients of the evaluated parameters are
shown in table 1.
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Table 1: Summary of the descriptive statistics.
Variable

mean

minimum

maximum

Skewness

kurtosis

8.07

standard
deviation
4.02

Phosphorousus
(mg.kg-1)
Potassium
(mg.kg-1)
Acidity
Salinity
(dS.m-1)
Lime
(%)
Organic carbon
(%)
cation exchange
capacity

1.4

17.6

0.53

-0.43

169.75

63.68

76

333

0.51

-0.31

7.28
2.08

0.276
2.35

6.70
0.5

8
17.90

0.44
4.25

-0.222
23.2

42.7

5.88

30

55

0.021

-0.260

0.75

0.25

0.21

1.39

0.22

-0.47

13.9

3.4

7.8

22.2

0.39

-0.50

lower than the critical limit of 175 mg/kg of soil [10].
Maximum potassium concentration was observed in
Lali and Susa (200mg/kg) and the minimum one was
in MIS (69/6 mg/kg).

Results of data analysis showed that the average
of phosphorous concentration in the studied farms is
about 8/1 mg/kg of soil, so the phosphorous
concentration in 77/9 percent of the farms was lower
that the critical limit of 11 mg/kg of soil [10].
Maximum concentration was observed in Dezful (1/7
mg/kg) and the minimum one was in MIS (2/9
mg/kg). Results of data analysis showed that the
average of potassium concentration in all under
wheat cultivation farms of northern Khuzestan is
169/8 mg/kg of soil. Based on this, potassium
concentration in about 58 percent of the farms was

Results of geostatistics method:
Evaluation of the graphed semivariograms:
Results of evaluating the fitting of experimental
semivariogarms of the studied parameters are shown
in table 2.

Table 2: The fitting of experimental semivariogarms of the studied parameters.
Parameter

Models

Phosphorousus
Potassium

Exponential
Exponential

Range of
effect(meter)
77000
45000

Phosphorus’s semivariogram in the soil:
Phosphorous variable`s semivariogram is
indicated in figure 2. Based on this, results of the
amounts of mean bias error and mean absolute error
(MAE) statistics showed that the exponential model
has the best fitting for phosphorous. Nugget effect of
this model was 0/161, which can be due to the
measurement and analysis errors or the random
components at the variable distribution which are
actually related to the processes` randomness.

Fig. 2: Phosphorus’s semivariogram.

Sill

Nugget

R2

MAE

MBE

MSE

0.33
0.140

0.161
0.045

0.513
0.681

0.387
0.205

-0.027
-0.005

0.226
0.071

Studying the resulted semivariogram, the variance
has upward trend to 77 km as the distance is
increased and, after this distance, it would have a
downward one. This issue indicates a lack of
Continuity and spatial structure at the distances
outside the effect range. It is also resulted that this
semivariogram explains 51 percent of the variance
related to the phosphorous. Other variances are
related to the effect of factors affecting this character.
class of the Spatial dependence for the soil`s
phosphorous rate was average.
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Evaluation of the Phosphorus’s zoning map:
Using the Kriging interpolation method and the
resulted semivarigram model, the zoning map of this
element in the region`s soil was graphed to evaluate
the amount of phosphorous and its transmittal in the
region. This zoning map is illustrated in figure 3.
Evaluating this map, the phosphorous rate had an

upward trend from north to south and west and from
east to the west of northern cities of Khuzestan
province. Most of the phosphorous is in the southern
regions .according to the map, most of phosphorous
amount is in Dezful and Shushtar regions (7/38 -17/5
mg/kg of soil ) and the least one is in MIS city ( less
than 4/22 mg/kg of soil ).

Fig. 3: Phosphorus’s zoning map.
Potassium`s semivariogram in the soil:
Potassium variable`s semivariogram is indicated
in figure 4. Based on this, results of the amounts of
mean bias error and mean absolute error (MAE)
statistics showed that the exponential model has the
best fitting for phosphorous. Nugget effect of this
model was 0/045, which, because of the low error
rate, was negligible. Studying the resulted

Fig. 4: Potassium`s semivariogram.

semivariogram, the variance has an upward trend to
45 km as the distance is increased and, after this
distance, it would have a downward one. This issue
indicates a lack of Continuity and spatial structure at
the distances outside the effect range. It is also
resulted that this semivariogram explains 68percent
of the variance related to the potassium. Class of
spatial dependence for the soil`s potassium rate was
average.
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Evaluation of the Potassium`s zoning map:
Results of the artificial neural network:
Using Kriging interpolation method and the
resulted semivarigram model, the zoning map of this
element in the region`s soil was graphed to evaluate
the amount of potassium and its transmittal in the
region. This zoning map is illustrated in figure 5.
Evaluating this map, the phosphorous rate reaches its
maximum level from north to south t and from east
to the west. Most of the potassium is in the southwest regions .According to the map, most potassium
amount is in Lali and Susa regions (more than
162/38 mg/kg of soil ) and the least one is in MIS
city ( less than 95/58 mg/kg of soil ).

Forecasting the phosphorous rate by the MLP neural
network:
To evaluate the performance of MLP neural
network for forecasting the soil`s phosphorous rate,
coefficient of explanation`s amounts of this model`s
results, compared with the measured and graphed
data or the transmission line fitting thorough them,
were calculated (table 3).

Fig. 5: Potassium`s zoning map.
Table 3: Results of the phosphorous rate by the MLP neural network.
Test stage
Train stage
Network
The
training
function of
hidden
layer
R2
MSE
R2
MSE
tansig
Trainlm
0.671
0.122
0.86
0.01
logsig
Phosphorous amounts forecasted by the artificial
neural network model and its measured amounts for
samples inputted to the model in the train and test
stages are illustrated in figures 6 and 7.
Forecasting the potassium rate by the MLP neural
network:

Network
Architecture

Network
type

5-9-5-1

MLP

coefficient of explanation`s amounts of this model`s
results, compared with the measured and graphed
data or the transmittion line fitting thorough them,
were calculated (table 4). Potassium amounts
forecasted by the artificial neural network model and
its measured amounts for samples inputted to the
model in the trian and test stages are illustrated in
figures 8 and 9.

To evaluate the performance of MLP neural
network for forecasting the soil`s potassium rate,
Table 4: Results of the rate by the potassium MLP neural network

Test stage

R2
0.767

Train stage

MSE
0.08

R2
0.96

Network
training

MSE
0.003

Trainlm

The
function of
hidden
layer
tansig
logsig

Network
Architecture

Network
type

5-10-5-1

MLP
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Fig. 6: Phosphorous in the test stage.

Fig. 7: Phosphorous in the train stage.

Fig. 8: Potassium in the train stage.
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Fig. 9: Potassium in the test stage.
Comparison of artificial neural network and
geostatistics methods:
Results of this comparison are illustrated in table
5 showing that the artificial neural networks have a

better performance than the geostatistics one for both
potassium and phosphorous elements because R2 and
MSE amounts were better gained from the artificial
network than the geostatic.

Table 5: Results of this comparison are artificial neural network and geostatistics methods.
Variable
Phosphorous
Potassium

Artificial neural network
MSE
R2
0.122
0.671
0.08
0.767

Geostatistics
MSE
0.226
0.07

Conclusion:
Results of this study showed that the
geostatistics method using the Kriging Interpolation
and Exponential model has relatively indicated the
concentration and distribution of the phosphorous
and potassium elements in the soil, but the artificial
neural network method had a higher accuracy and
efficiency in estimating the potassium and
phosphorous concentration because it obtained a
higher R2 and lower MSE for both elements that
geostatistics method .This can be attributed to the
smartness of data analysis; during the education
process, the neural network can learn the logical
relations between the input and output mapping and
use them for estimating data which is not used in the
network education [11]. Finally, it can be resulted
that using this study`s results on other Khuzestan
province`s soils with more samples and wider areas
can extremely affect the speed of work execution,
cost and time saving , increase of production, and
the quality through the optimum management of
food elements.
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