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ABSTRACT 
 
 In the world, high percentage of the irrigated lands is located in the arid and semi-arid regions; that soils 
have  high amount of salts such as Caco3, Nacl and another alkaline salts. These salts affects on soil PH ,ESP 
and chemical peroperties. Soil salinity,PH,Caco3 and ESP  prediction in non-sampled areas and mapping the 
variability of soil peroperties in order to soil reclamation planning is very important. So, this research work was 
done with the aim of evaluation and analyzing spatial variability of topsoil  peroperties as an aspect of soil 
degradation, comparing geostatistic methods and mapping soil salinity. There were used kriging, and In Inverse 
Distance Weighting to predict some soil peroperties. For comparing these methods, cross validation were used 
by statistical parameters of ME,MAE and RMSE. Results showed that Ordinery kriging and In Inverse Distance 
Weighting methods has the finding with the almost same correlation coefficient. The mean error (ME) and the 
root mean square error (RMSE) by Ordinery Kriging  were almost lower than  IDW with optimize power  value 
. Results of the statistical analysis did not illustrate a significant difference in between two methods. 
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Introduction 
 
 Geostatistical methods can provide reliable 
estimates at unsampled locations provided that the 
sampling interval resolves the variation at the level 
of interest (Kerry and Oliver, 2004). Spatial 
prediction techniques, also known as spatial 
interpolation techniques, differ from classical 
modeling approaches in that they incorporate 
information on the geographic position of the sample 
data points (Cressie, 1993).All interpolation methods 
have been developed based on the theory that points 
closer to each other have more correlations and 
similarities than those farther. Ordinary kriging is 
one of the most basic of kriging methods. It provides 
an estimate at an unobserved location of variable z, 
based on the weighted average of adjacent observed 
sites within a given area. The theory is derived from 
that of regionalized variables (Matheron, 1965, 1971) 
and can be briefly described by considering an 
intrinsic random function denoted by z (si), where, 
(si) represents all sample locations, i = 1, 2,…, n. Aso 
In Inverse Distance Weighting (IDW) method, it is 
assumed substantially that the rate of correlations and 
similarities between neighbors is proportional to the 
distance between them that can be defined as a 
distance reverse function of every point from 
neighboring points. It is necessary to remember that 

the definition of neighboring radius and the related 
power to the distance reverse function are considered 
as important problems in this method. This method 
will be used by a state in which there are enough 
sample points (at least 14 points) with a suitable 
dispersion in local scale levels. The main factor 
affecting the accuracy of inverse distance 
interpolator is the value of the power parameter p 
(Isaak and Srivastava, 1989). In this study, we 
compared  different method  including  Ordinery 
Kriging and  In Inverse Distance Weighting  for 
determining of accuracy these methods. 
 
Material and methods 
 
Study area: 
 
 The study area is located  in the  Damghan 
plain and in Semnan  province of Iran. This study 
carried out in the land piece having two dimensions 
60m*120 m was designated in this unit and then 
were created the regular plot 20*10 m into  this. 
Geographic  coordinate of network  points were 
prepared and  entered  into Arc GIS software  by 
GPS.The soil  samples were obtained from the 
regular grid plots  at 0-20 cm depth. Fourty nine  
surveyed  soil samples  were used with  GPS data to 
produce the map. The interpolation were used by  the 
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kriging and In Inverse Distance Weighting (IDW) 
methods  at each point datas. The position of  all  soil 
properties  marked on the soil map. Four important 
parameters for soil management were studied in this 
study. These parameters were  EC, ESP, Caco3and 
PH  of the topsoil.At first ,Statistical analyses the 
data  were done using conventional statistics such as 
mean, maximum, minimum, median, Standard 
Deviation (S.D), Coefficient of Variation (CV), 
skewness and kurtosis. Then, semivariograms for the 
soil parameters were computed to determine any 
spatially dependent variance within the field. The 
semivariograms were examined for the best models 
(i.e., exponential, spherical and Gaussian) separately 
and the best fitted model was selected. Using the 
model semivariogram, basic spatial parameters such 
as nugget variance ,  range  and sill  was calculated. 
Different classes of spatial dependence for the soil 
variables were evaluated by the ratio between the 
nugget semivariance and the total semivariance 
(Cambardella et al., 1994). For the ratio less than 
25%, the variable was considered to be strongly 
spatially dependent, or strongly distributed in 
patches; for the ratio between 26 and 75%, the soil 
variable was considered to be moderately spatially 
dependent, for the ratio more than75%, the soil 
variable was considered weakly spatially dependent 
and for the ratio of 100%, or if the slope of the 
semivariogram was close to zero, the soil variable 
was considered non-spatially correlated (pure 
nugget). In the process of calculating the 
experimental semivariograms, the active lag distance 
and the lag class distance interval were changed until 
the smallest nugget variances in the best model 
semivariograms were achieved (Mapa and 
Kumaragamage, 1996). In order to study of the 
accuracy of two methods ,the assessment was done  
by comparing the deviation of estimates from the 
measured data through the use of a jackknifing 
technique or cross-validation (Isaak and Srivastava, 
1989; Webster and Oliver, 2001). Therefore, the 
comparison of performance between interpolation 
techniques was achieved, using the following 
statistics: 
1- The Mean Error (ME)that are calculated by 
following equation: 

 
2- The Mean Absolute Error (MAE) that are 
calculated by following equation: 

 
3- The Root Mean Square Error (RMSE) that are 
calculated by following equation: 

 

4- The determination  R2 of linear regression line 
between the predicted and the measured values that 
are calculated by following equation : 

 
Results 
 
 Fig 1 illustrates the  studied area  in  Damghan  
plain of Iran. The interpolation maps of all ordinary 
Kriging estimated soil parameters can be seen in Fig. 
2 .These maps includes EC,ESP , ,Caco3 and PH. 
These maps shows the  the spatial distribution  of 
some soil parmeters that are related to studied  area. 
The map of EC displays  variability of  EC that are  
between  5 to  8 ds/m  in the depth of 0 to 20 cm. The 
ESP variability are shown in same figure, also are 
shown changes range are between 9 to 15 % . Caco3 
map shows changes range  that   are between 11 to 
20 %. The PH  map indicates the presence  acidity 
value  that falls in the range between of 7 to 8 in the 
studied area. 
 A summary of statistical data related to four 
soil parameters (PH,ESP,CaCO3 and EC) is 
presented in Table 1.This table  illustrates variables 
value, including  mean , Median, Max, Min, Standard 
deviation, coefficient of variation ,Skewness  and  
Kurtosis. The variation range of CV were observed 
between  38.12 (EC  )and  1.75(Caco3). The highest 
CV and std  related to  Ec variable  and the lowest 
CV to PH variable. The maps of soil properties using 
IDW with optimize power  value can be seen in Fig. 
3. Table 2 shows some  parameters of variogram 
models for studied soil properties ,using Ordinary 
Kriging. These Variable including variables unit , 
Model, Nugget, Sill, Range. The highest Nugget 
(9.22) and  Sill(17.35 ) related to EC map and the 
lowest one to PH map (0.007,0.005)  by Ordinery  
Kriging method .The selected model for all the maps 
were  Guassian This table shows the ranges of spatial 
dependences that were from 23.61 m for ESP and  
118.53m for EC. Table 3 and 4  demonstrates the 
mean error (ME), the Mean Absolute Error (MAE) 
and the root mean square error (RMSE) using  IDW 
with optimize power  value and  Ordinery  Kriging 
methods.The highest MAE (2.76) and  RMSE 
(3.807) related to EC variable and the lowest one to 
PH (MAE=0.2828, RMSE=0.2852) by Ordinery  
Kriging methods. The highest MAE (3.28) and  
RMSE (3.895) related to EC variable and the lowest 
one to PH  using  IDW with optimize power  value. 
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Table 1: Descriptive statistics for selected soil properties 

Variable    Mean      Median        Max           Min              Std      CV(%)   Skewness      Kurtosis 

EC              11.12       10.00          30.00           5.00             4.24      38.21      2.08              9.32 
ESP              9.89       9.00           15.00            6.00             1.98     20.02       0.64              3.10 
Caco3         15.42      15.00           20.00          11.00          0.27      1.75        0.13               2.54 
PH                7.91       8.00              8.00           7.00            0.20       2.53     -3.056            10.33 

 
Table 2: Parameters of variogram models for studied soil properties, using kriging 

Variable    Unit          Model           Nugget            Sill            Range           Nugget / Sill 

EC              ds/m       Guassian       9.22               17.35        118.53                   5.31 
ESP           percent     Guassian      0.69                 3.013         23.61                 22.90 
Caco3      percent      Guassian       3.90                  0.66           69.43                   650 
PH           -LogH+      Guassian       0.07               0 .005        118.53                 1400 

Spatial ratio = nugget semivariance/total semivariance, total semivariance = nugget + sill. 
 
Table 3: Results of mean error, mean absolut error, root mean square error, coefficient of determination for different soil  properties, using  
              kriging 
Variable                    ME              MAE                    RMSE          R2 

EC                  -0.001122           2.76                     3.807         0.914 
ESP                  -0.07066              1.15                     1.586        0.932 
Caco3                 -0.07332               1.76                    2.204        0.941 
PH                  -0.006254         0.2828                   0.2852       0.935 

The mean error (ME), the Mean Absolute Error (MAE) and the root mean square error (RMSE) 
 
Table 5: Results of mean error, mean absolute error, root mean square error, coefficient of determination for different soil  properties, using IDW with  
              optimize power value 
Variable                    ME                 MAE                RMSE                R2 

EC                  -0.3605                3.28                   3.895               0.898 
ESP               -0.09495                1.574                  1.591               0.916 
Caco3               -0.07348               2.010                  2.102                0.933 
PH                -0.001487              1.67                    0.3041              0.921 

The mean error (ME), the Mean Absolute Error (MAE) and 
 

 
 
Fig. 1: Study area in  Damghan  plain of Iran 
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Fig. 2: Map of ordinary Kriging interpolated soil properties 

 

  
Fig. 3: Map of IDW (with optimize power value)  interpolated soil properties 
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Discussion: 
 
 The sustainable agriculture will take place just 
with classification of the lands according to their 
abilities and proportions for different types of land 
use. For achievement to this issue, the map of the soil 
properties is one of the basic resources for giving 
valuable information about various types of  lands. 
Therefore, by means of the most developed 
techniques such as geostatistical methods we can 
provide the maps of soil properties using the lowest 
number of data. Hence, we should  studys using of 
interpolation methods, including kriging and IDW 
methods as an auxiliary variable in future studies. In 
this study,the normality of data was tested by 
Kolmogorov-Smirnov method (P-value > 0.05).With 
due attention to the levels of skewness for 
parameters, these parameters were normal.The first 
step in using of kriging  methods is to check the 
presence of spatial structure among data by 
variogram analysis.Geostatistical methods were 
developing  to create mathematical models of spatial 
correlation structures with a variogram as the 
quantitative measure of spatial correlation. The 
variogram commonly used in geostatistics and the 
interpolation techniques, known as kriging, provides 
the “best”, unbiased, linear estimate of a regionalized 
variable in an unsampled locations, where “best” is 
defined in a least-squares sense. The kriging 
estimation variances are independent of the value 
being estimated and are related only to the spatial 
arrangement of the sample data and to the model 
variogram (Webster and Oliver, 2001). The best 
model for fitting on experimental variogram was 
selected based on less RSS value (Residual Sum of 
Square). Therefore, we recognized the Guassian to be 
suitable for estimation of  topsoil  paramerters . The 
variograms of studied soil parameters are shown in 
Table 2.The ratio of nugget variance to sill expressed 
in percentages  can be regarded as a criterion for 
classifying the spatial dependence of the soil 
parameters. If this ratio is less than 25%, then the 
variable has strong spatial dependence (Shi et al., 
2005). As shown in Table, EC and ESP had strong 
spatial structure. The range values showed 
considerable variability among the parameters. There 
were great differences between ranges of the 
different soil variables, as had been already reported 
in several studies. In this study a range more than 
118.53 m  for pH and EC indicates this variable 
values influenced neighboring values of pH over 
greater distances than other soil variable. Knowledge 
of the range of influence for various soil properties 
allows one to construct independent datasets to 
perform classical statistical analysis. Furthermore, it 
aids in determining where to resample if necessary 
and in the design of future field experiments to avoid 
spatial dependency.Weitz et al. (1993) found most of 
the soil properties had variable range between 30 and 
100 m. Doberman (1994) fitted the spherical models 

to variograms with range between 80-140 m. 
Cambardella et al. (1994) reported that the range of 
spatial distribution of 80m for total organic N in a 
farm from Iowa, USA. In site-specific management it 
is always advantageous to look for a soil property 
with a greater spatial correlation due to practical 
reasons. A large range indicates that observed values 
of a soil variable are influenced by other values of 
this variable over greater distances than soil variables 
which have smaller ranges (Lopez-Granadoz et al., 
2002). The results showed that kriging method has 
the higher correlation coefficient. The mean error 
(ME) and the root mean square error (RMSE) by 
Ordinery Kriging  were almost lower than  IDW with 
optimize power  value. Finding  indicated that 
Ordinery Kriging is nearly more accurate than else 
one. Althoght results did not  approve significance 
differences  between Ordinery Kriging and Inverse 
Distance Weighting  methods. 
 
Conclusion: 
 
 The generation of soil properties maps is the 
most important and first step in precision agriculture. 
These maps will measure spatial variability and 
provide the basis to control it. Site-specific 
management is done to optimize crop production and 
minimize soil fertility losses. For this proposes we 
must identify the best method in order to determine 
the spatial variability of soil chemical properties. 
Kriging and inverse-distance weighting are two 
commonly used techniques for characterizing this 
spatial variability and interpolating between sampled 
points. The accuracy of ordinary Kriging predictions 
was generally unaffected by the coefficient of 
variation and was relatively high for all of the 
sampling configurations considered in this study. The 
range of spatial dependence was found to vary within 
soil parameters. Although   the obtained results from 
the comparison of the two applied interpolation 
methods indicated that Ordinery kriging was the 
more suitable  for prediction and  mapping the spatial 
distribution of soil chemical properties but IDW 
results  had  almost the same precisions too. 
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