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ABSTRACT 
 

The present paper attempts to identify the spatial patterns of effective factors on soil fertility  in the 
Damghan site of  Iran. Fifty four soil samples were collected from an area of 1440 ha and analyzed for  Organic 
Carbon (OC), Nitrogen(N), Available Phosphorus (AP), Available potassium (AK)and Electrical 
Conductivity(EC). The results showed that higher N , AP and AK values were recorded in nothern parts toward  
southern  of the study area .Also, It was seen that higher EC  values are recorded in north-eastern , east  and  
south-eastern  parts of the study area .The content of  OC in the majority  studied area  was  lower  than  the 
threshold  proposed for the most plants growth. Although in this study, there was a low positive correlation 
between measured and predicted  topsoil   peroperties , but for improving predictions of sparse information from 
soil surveys it could be very useful to use more intensive, densely sampled but less expensive ancillary data, 
even if they are from an archive of standard surveys with coordinates not exactly at the same locations. 
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Introduction 
 

Soil fertility  improve in association with 
increasing soil depth, organic matter and water 
holding capacity   and availability of nutrients. 
Variability is one of the intrinsic characteristics of 
soil quality and within the same ecosystem soil prop-
erties may show significant spatial variations [13]. 
The assessment of spatial variability and 
heterogeneity of soil properties provides a good 
understanding of the involved functions over the long 
term .In addition, identification of the spatial 
distribution of soil characteristics has a vital role in 
most of the bioenvironmental systems. The  maps are 
essential for correct fertilizer recommendations, 
monitoring changes of soil fertility also to predict 
toxicity or deficiency of plant nutritent elements in 
soil. The fertility maps are useful tools to quantifying 
land resources. The present paper attempts to identify 
the spatial patterns of soil fertility in the site in Iran.  
 
Material and methods 

 
To determine the spatial distribution  of  topsoil 

peroperties, a 1440 ha in the southern parts of     
Damghan  plain in  Semnan  province was 
investigated in summer of 2010. This study was 
carried out in an area between 3996304 -3999297of 
the northern latitude and 265326 – 270128(UTM)  E 
of the eastern longitude. The whole area was  divided  

with a 600*600 m grid. Within each grid one soil 
sample was taken at random resulting in total Fifty 
four soil samples. To evaluate soil  fertility, soil test 
was measured in samples following conventional 
methods [14]. The location of each sampling point  
was recorded by GPS .Soil samples were sieved in 
situ using a 2 mm soil sieve, placed into plastic bags 
and transported to the laboratories of the  Damghan 
Azad university for  analysis. Statistical and 
geostatistical analyses of soil fertility  were 
conducted using  all  data  points of topsoil 
peroperties. The Kolmogorov–Smirnov non-
parametric test was then applied to verify whether 
the values of the parameters were normally 
distributed [12,1,2,7]; this test compares the observed 
cumulative distribution function of a variable with a 
specified theoretical distribution, that may be normal, 
uniform, Poisson, or exponential. The biggest 
difference (in absolute values) between the observed 
and theoretical cumulative distribution function is 
used in computations.The lognormal transformation 
was applied to obtain a normal distribution of the 
variables. Raw data were analyzed for descriptive 
statistics including minimum, maximum, mean, 
standard deviation, coefficient of variation (CV%), 
skewness and kurtosis (SPSS 16.0).Ordinary Kriging 
(OK) is an estimation technique known as the Best 
Linear Unbiased Estimator (BLUE) that has the 
advantage of using the semivariogram information; 
OK allows interpolation of values at unsampled 
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locations and production of maps exhibiting the 
spatial distribution of variables [11]. OK is based on 
the assumption that the parameter being interpolated 
is considered as a localized variable. It is assumed 
that variables exhibit a degree of continuity within a 
finite region, are subject to a statistically normal 
distribution and that the spatial variation in the 
phenomenon is statistically homogeneous throughout 
the area. OK uses nearby points weighted by distance 
from the interpolate location and the degree of 
autocorrelation or spatial structure for those 
distances, and calculates optimum weights at each 
sampling distance [6]. Cross-validation was  
performed to evaluate the appropriateness of the 
adopted kriging model. Split sampling is carried out 
by omitting some data values during model 
calibration for later use to test the fitted model. In 
case data points are rather limited, the validation 
process uses the ‘‘fractious point” method. This 
involves removing one data point at a time from the 
fitting process. The regression coefficient was used 
to determine whether there is a good fit between 
actual and predicted values by cross-validation [10]. 

 
Results: 

 
Descriptive statistics of soil variables are seen in 

Table 1. The results showed that  mean value of 
Nitrogen  was 0.02 % and the difference recorded in 
the study site were between the minimum (0.0%) and 
the maximum value (1.00%) .The CV value of  N 
(750%) indicated  high variability. The content of  
AP  which is an appropriate evaluation index for soil 
P-supplying capacity is suitable; maximum and  the 
minimum value of AP were 38.00 and 3 ppm 
respectively. The mean content of AK was 379.78 
ppm and the difference recorded in the study site 
were between the minimum (0.0%) and the 
maximum value (553ppm). Also, the mean value of 
OC was 0.46 %, the difference recorded in the study 
site between the minimum (0.0%) and the maximum 
value (1.00%) with the CV value (108.7%) that 
indicates high variability. The results showed that  
mean value of EC was 15.37 ds/m and the difference 
recorded in the study site were between the minimum 
(0.0ds/m) and the maximum value (39ds/m).The OC 
value  exhibited small coefficient of skewness, while 
other variables exhibit relatively larger coefficients, 
indicating thus obvious variability in the area under 
study.  In a normal distribution the value of the 
kurtosis is zero; based on this it is seen that OC and 
N  had respectively the lowest (1.01) and highest 
(43.02) kurtosis.The results of Semivariograms 
obtained for N, P, K, OC and  EC are given in table 
2. The optimal theoretical model for N, K and EC is 
the exponential model, whereas  OC  and P are best 
fitted to Spherical models. The reduced sums of 
squares (RSS) had range between 0. 9155 (OC) and 
1.002 (N). The   K variable  showed a  high nugget 
value (7740); the nugget values for all other variables 

were  considerably smaller. Also, It was seen that the 
highest  nugget to sill ratio related to N (4541%) and 
the lowest one  to EC (46.09 %). It is seen from table 
2 that the range for Nitrogen, phosphorus, Potassium 
(K), organic carbon (OC) and Electrical conductivity 
(EC) varies between 2000 m for N  and 4742 m for 
K.The spatial distribution maps of all soil variables 
studied are shown in Figure 2 to 6. The variables 
regression are given in figure 7 to 11.These figure 
illustrated  that all coefficients of determination (R2) 
were lower  than 0.30. 
 
Discussion: 

 
Based on the data derived from the use of 

descriptive statistics and geostatistics it is seen that: 
The contents of N, AP and AK  which are the 

three main limiting factors in soil systems and 
control vegetation growth were  respectively lower, 
equal or more and more than  the threshold for 
acceptable vegetation growth in dominant studied 
area. It was seen that higher N, P and K values are 
recorded in nothern parts toward  southern  of the 
study area .Also, It was seen that higher EC  values 
are recorded in north-eastern, east  and  south-eastern  
parts of the study area. The content of  OC in the 
majority  studied area  was  lower  than  the threshold  
proposed for the most plants growth. Higher OC  
values is recorded only in some north-east and  
central  toward  south-east  parts .The OC variable 
affected by crop yield an fertilizing or by erosion. 
The content of EC was  in general more  than  the 
threshold for acceptable vegetation growth . The 
relatively high nugget value (7740) for AK  indicates 
that this parameter is easily affected by ecological 
processes and that attention should be paid in future 
studies to its microscale variability. The nugget to sill 
ratio of 600 % for K , indicates that this parameter 
exhibits strong spatial dependence . The C0/(C + C0) 
ratio is regarded as a criterion to classify spatial 
dependence of soil variables. If the ratio is less than 
25% the variable is characterized by strong spatial 
dependence; if the ratio is between 25% and 75%, 
the spatial dependence is considered as moderate 
while for higher ratios the spatial dependence is 
weak [3]. In this study, there was a low positive 
correlation between measured and predicted  topsoil  
peroperties. All coefficients of determination (R2) 
were lower than 0.30, indicating that all these 
parameters can not  be modeled with a relatively high 
degree of confidence. This can be cause  increase of 
the distance between transects and the decrease of 
the autocorrelation radius both lead to lower 
correlation between the reconstructed field and that 
originally generated. The properties of soil vary from 
place to place. Natural soil bodies are the result of 
climate and living organisms acting on parent soil 
material, with topography or local relief exerting a 
modifying influence over the time required for soil-
forming  processes  to  act. Many  variables exhibit a 
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Table 1:  Descriptive statistics for soil variables. 
Variable    Mean      Median        Max           Min          Std        CV (%)      Skewness          Kurtosis 
     N               0.02           0.0              1.0             0.0          0.15           750             6.48            43.02  
     P              16.68            17             38              3             7.51              45            0.74             3.49   
     K             379.78        390             553             0            93.45           24.6           -1.60            7.68 
    OC            0.46            0.0              1.0              0.0         0.50              108.7           0.13          1.01      
     EC          15.37            14                39             0.0         8.89              57.8            0.69             2.97  

 
Table 2: Semivariogram models and parameters for soil variables. 

   Variable    Unit               Model            Nugget (C0)       Sill (C+C0)      Range       C0/C+C0)         R2                 RSS 
        N         %              Exponential        0.02                   0.001              2000         4541               0.0177           1.001  
        P          ppm           Spherical           0.12                   0.14                3055         85.71              0.0057           1.014   
        K          ppm           Exponential      7740                   1290               4742         600                 0.001             0.9956 
        EC        ds/m           Exponential      31.04                  67.34              4742         46.09              0.2881           0.9423 
        OC        %               Spherical          0.41                   0.26                4224         157.69            0.144             0.9155 

Spatial ratio = nugget semivariance/total semivariance, total semivariance = nugget + sill. 
 

 
 
Fig. 1: Study area in Damghan plain of Iran. 

 
Fig. 2: Soil N predicted map using OK.   
 

 
 

Fig. 3: Soil predicted K map using OK. 
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Fig. 4: Soil predicted P map using OK. 
 

 
 
Fig. 5: Soil predicted OC map using OK. 
 

 
 
Fig. 6: Soil predicted EC map using OK. 
 

 
Fig. 7: Regression soil N predicted and measured using OK. 

 
Fig. 8: Regression soil K predicted and measured using OK. 
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Fig. 9: Regression soil P predicted and measured using OK. 
 

 
 
Fig. 10: Regression soil OC predicted and measured using OK. 
 

 
 
Fig. 11: Regression soil EC predicted and measured using OK. 
 
non-normal distribution of measured values and 
therefore don’t initially satisfy the basic assumption  
in geostatistics of statistical normality. For improving 
predictions of sparse information from soil surveys it 
could be very useful to use more intensive, densely 
sampled but less expensive ancillary data, even if 
they are from an archive of standard surveys with 
coordinates not exactly at the same locations. In most 
cases a big and representative number of samples is 
required by employing appropriate sampling 
strategies that take into account spatial variability; 
this is though a time consuming and expensive 
operation [5]. Volumetric sampling is strongly 
advised since it leads to a more cost effective 
sampling strategy than measuring weight percentages 
[13]. Therefore sample distances in the design should 
exceed the variogram range. The small changes in 
kriging error for point estimates leads to noticeable 
differences in sampling distance [4,15,8,9]. 

 
Conclusions: 

 
The present paper attempted to identify the 

spatial patterns of effective factors in soil fertility, 
using a statistical and geostatistical approach. The 

results and the analysis carried out indicate that there 
is not luck of nutrients for almost the entire area. 
This can be due to use of mineral and organic 
fertilizer highly in the long period. Finally, due to 
heterogeneity of all soil variables, ranging from 
millimeters to hundreds of meters, it is suggested that 
in future studies attention is paid to micro-scale 
heterogeneity. The use of statistics and geostatistics 
provides useful information related with spatial 
variability and heterogeneity of soil properties and 
especially nutrients in large non homogeneous 
abandoned mining and other field sites where 
sampling is random and the number of samples, due 
to time and money limitations, is not considered 
adequate. Sampling strategy, including type, size and 
number of samples is of crucial importance in order 
to assess the status and the revegetation potential of 
abandoned sites. 
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