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ABSTRACT: One of the most important factors affecting sustainable management of ecosystems is maintenance of
soil quality. Hence, knowing the spatial distribution of soil properties can be so useful. Geostatistic is one of the
valuable techniques in estimation of spatial distribution of soil properties. Several interpolation and prediction
methods including Inverse Distance Weights (IDW), kriging, cokriging, fuzzy kriging and regression kriging have
been proposed yet. Each mentioned method can predict one of the soil properties with more accuracy. Therefore,
the main objectives of this research are to evaluate, recognize and introduce the best interpolation methods for
prediction of Cation Exchange Capacity (CEC) in soils of of Guilan province of northern Iran. Results showed that
the hybrid methods including fuzzy kriging and regression kriging reduced the error of prediction compared with
the other methods. In addition between these two mentioned methods, the fuzzy kriging had more efficiency in
prediction of CEC. The results also revealed that increasing the number of data by means of the best pedotransfer
functions r{created by ANFIS) will enhance the accuracy of prediction. In general combination of the best
pedotransfer functions with the best mapping method increased the accuracy of CEC prediction in the study area.
KeywoRbs: geostatistic, Guilan province, interpolation techniques, soil

INTRODUCTION

During one to two recent decades parallel to progress in hard ware and soft ware of computer
and presenting Geological Information System (GIS), we have seen increasing attention and concern to
processing and modeling of spatial data. Geostatistic is presenting a suitable model for description of
regional parameters (variables) by considering complications of spatial statistic. In geostatistic we can
develop a relation ship between values of quantity in samples society, distance and orientation of
sample places in relation to each other. Therefore, Geostatic is an instrument that is able to determine
the spatial changes of soil characteristics. This method can also be used easily in areas in which sampling
is costly and time-wasting [9].

Applying of geostatistic in Soil Science began in early decade of 1980, and after that applying of
geostatistical methods in Soil Science became commune [4] so that in recent years usage of these
methods for estimating physical and chemical character of soils have increased [3, 5, 6, 13]. In recent
decade obtained data by Global Positioning System (GPS), GIS and geostatistic have had important roll
for study of spatial distribution of soil characteristics, and results often indicate that change of soil
characteristics can occur in very short distances (a few millimeters) to long distances (several
kilometers) [22]. There are different estimation and interpolation methods by the help of geostatistic
such as ordinary kriging, cokriging and regression kriging methods [2]. Amini et al. [1] made models for
chlorine content in soil of south-east of Esfahan by means of geostatistical methods. Results showed
that the accuracy of estimations increased remarkably using Electrical Conductivity (EC) as an auxiliary
parameter in cokriging method.

Saldana et al. [20] studied spatial distribution changes of soil particles, calcium carbonate and
organic carbon by means of geostatistical method on three (different scale) bed-river of Henares in
three different times. The results showed that variability of soil characteristics from young to old beds
reduced and this presented increasing homogeny of soil by passing time. Castrignano et al. [7] also, by
using kriging method provided co-rate maps for some soil characteristics, including particle sizes
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distribution, CEC, PH, organic matter, total nitrogen, available phosphorous and potassium, and Sodium
Adsorption Ration (SAR). Drawn maps showed a high spatial variability of the main components of
studied soils. Robinson and Mehernicht [19] showed that no methods were able to produce maps of
continuous soil characteristics except geostatical method. Kriging methods for estimation of superficial
soil PH, cokriging method for determining superfacial soil EC, IDW method for determining PH of deep
soil and espeline method for determining soil organic matter were the best methods. In addition, results
showed that all these interpolation methods had similar error for estimation of cited parameters. Tarr
et al. (24) by means of cokriging method tested many auxiliary parameters, such as clay content, soluble
calcium, soluble magnesium, depth of Argilic horizon and depth of bed rock. They drew salinity maps of
soil in their study area, and finally presented clay content as the best auxiliary parameter for estimating
of salinity in cokriging method. Kravchenko and Bullock [14] by using several interpolation methods such
as ordinary kriging and IDW drew similar value maps for potassium and phosphorus content of soils.
Results showed that log normal ordinary kriging method had more accurate estimation for foreseeing
cited parameters than two other methods.

With respect to cited studies, the research presented in this paper attempts to study the
efficiency of some methods of geostatistical techniques such as IDW, cokriging, kriging, fuzzy kriging,
and regression kriging for evaluation of spatial changes of CEC in some soils of Guilan province of
northern Iran.

MATERIALS AND METHODS - STUDY AREA

The study area is located in northern Iran bordering to Caspian Sea in Guilan province of Iran. The
climate of the region is humid with the mean annual precipitation of 1,250 mm. The mean annual
temperature of the region is 15 °C. The mean humidity is 75% and the annual evapotranspiration is 850
mm. The highest point of this area is 40 m higher than sea level and its minimum height is -28 m under
sed level. Average annudl rain fall is 1294 mm, and average annual temperature is 15 °C. The soil moisture
and temperature regimes of the region by means of Newhall software are Udic or Aquic and Thermic,
respectively. The major geological formations are composed of thick sedimentary and metamorphic
rocks of Tertiary and Quaternary periods. The coastal plain lying between Alborz mountain ranges and
Caspian Sea is composed of marine, river and aeolian deposits of varying thicknesses. The
physiographical units of the region from south to north direction are river alluvial plains, river bank, low
lands, coastal lands and sand duns respectively. According to soil taxonomy system (USDA 2006) the soil
of the region are classified in three orders of Alfisols, Inceptisols and Entisols. In this area for
determining soil characteristics such as
cation Exchangeable capacity, soil texture
and organic carbon 153 samples were
colleted randomly. Figure (1) shows the ¢ @
study area and distribution of sampling :
points.

NORMALIZING OF DATA ;

The first step for using geostatistic :
methods is to study the existence of
spatial structure between data by analysis
variogram. The condition of this analysis is
that data must be normal. One of the ‘. ... ... .. .. . .
evaluation methods for  nominate Figure 1. Geography position of studied area together with
normality of data is usage of skewness distribution of sampling points
coefficient. When skewness coefficient is lower than 0.5 there is no need to convert data, but if this
coefficient is between 0.5 and 1, and more than 1 for normalizing data square root and logarithm must
be used, respectively [19]. In order to know the data were normal, Kolmogrof-Esmirove test was used.
ANALYSIS OF VARIOGRAM

In order to define the spatial continuation of a parameter it is necessary to draw its variogram.
Calculation of a variogram diagramed is the most important activities of geostatic which is ejaculated
by equation 1.
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In this equation y(h) is the variogram value for the double points which their distance is (h). n(h)
is the number of double points which their distance is (h). Z(x;) is the value of parameter (x) and Z(x;+h)
is the observed value of the parameter which its distance with (x) is (h). For drawing variogram first it
is needed to calculate the value of y(h) in lieu of various values of (h) and then dram the obtained
values in lieu of different distances of (h) in a diagram. The variogram which obtained with samples
measured is called expert mental variogram.

This variogram is a vectoral quantity and usually varies with distance parameter and orientation
which with due attention to it isotropy and anisotropy of variogram can be identified [10, 16]. Variorum
has characteristics such as sill, range effect and nugget effect [25], the value of sill is the greatest value
of variogram which indeed is the spatial variance of the concerned parameter. The least point of
variogram is nugget effect which presents error of measuring and range effect presents the distance
which at that variogram reaches to the greatest value [16]. The ratio of nugget effect to sill can consider
for valuation of spatial structure of data. When this ratio is smaller than 0.25 the concerned parameter
has a strong spatial steal structure, between 0.25-0.75 spatial structure is middle, and when it is greater
than 0.75 spatial structures is weak [21].

INVERSE DISTANCE WEIGHTS (IDW)

In interpolation with IDW method, a weight is attributed to the point to be measured. The
amount of this weight is dependent on the distance of the point to another unknown point. These
weights are controlled on the bases of power of ten. With increase of power of ten, the effect of the
points that are farther apart diminishes. Lesser power distributes the weights more uniformly between
neighboring points. We should keep in mind that in this method the distance between the points
count, so the points of equal distance have equal weights [10]. In this method the weight factor was
calculated with equation 2.

PR (2)

1 n
z -a
Di
i=1

where: J; is the weight of point, D; denotes the distance between point i and the unknown point and « is
the power ten of weight.
ORDINARY KRIGING

The presence of a spatial structure where observations close to each other are more alike than
those that are far apart (spatial autocorrelation) is a prerequisite to the application of geostatistics. The
experimental variogram measures the average degree of dissimilarity between unsampled values and a
nearby data value, and thus can depict autocorrelation at various distances. The value of the
experimental variogram for a separation distance of h (referred to as the lag) is half the average
squared difference between the value at Z(xi) and the value at Z(xi + h) (Equation 3).

=5 o)z o

where: n(h) is the number of data pairs within a given class of distance and direction. If the values at
Z(xi) and Z(xi + h) are auto correlated the result of equation 3 will be small, relative to an uncorrelated
pair of points.

From analysis of the experimental variogram, a suitable model (e.g. spherical, exponential) is then
fitted, usually by weighted least squares, and the parameters (e.g. range, nugget and sill) are then used
in the kriging procedure [2].

ORDINARY COKRIGIN

The “co-regionalization” (expressed as correlation) between two variables, can be exploited to
advantage for estimation purposes by the cokriging technique. In this sense, the advantages of
cokriging were realized through reductions in costs or sampling effort. The cross-semivariogram was
used to quantify cross-spatial auto-covariance between the original variable and the covariate [2]. The
cross-semivariance was computed by equation 4.

Auwh =§E[{zu (x)-z,(x+h)}{z, (x)-z, (x+h)] (4)
where: A,,(h) is cross-semivariance between u and v variable, Z,(x) is primary variable and Z,(x) is the
secondary variable.
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REGRESSION KRIGING

Usage of hybrid technique for modeling and determining of distribution pattern of soil
characteristics was introduced by [17] for the first time, and later was confirmed by [15]. In this
technique regression model is established between the main parameter and auxiliary parameters, then
by using kriging, residual of this regression model is surveyed and at the end by integrating these two
values, concerned parameter on various points is estimated. The general relationship used in this
method is presented in equation 5.

z(so)=m(so)+e(so)azp:ﬂk~nk(so)+ilf~v(sf) (5)

where z(s0) is the value of concerned from regression model on given point, e(so) is the value obtained
from regression model on given point, m(so) is the value obtained from regression model on given
point, By is the fixed coefficient of regression model on given point, n is value of auxiliary parameters
on given point and /; is the weights of kriging method.
Fuzzy KRIGING

This method is also one of the hybrid interpolation methods which in it two methods of kriging
and theory of fuzzy collections are used synchronously. In this method accurate measured data (fuzzy
numbers) together with inaccurate estimations are used. In most studies for fuzzy making of inaccurate
data triangle membership functions are used (Figure 2.a) [18]. Accurate numbers with a difference that
in values equal to the number itself, membership functions is (one) and in remaining values will be zero
(Figure 2.b). In this method offer conversion of data to fuzzy number, then calculations are carried out.
For calculating, first by using Alfa bresh a span [a,b] is obtained for every fuzzy number, then
calculations for every number is done by using this span, after calculating of fuzzy variogram,
theoretical variogram model is on it the final theoretical variogram model will be crisp.

Mt e T

y [ S ———

x 'U' 3 X
() 4 (b)
Figure 2. (a) Fuzzy number 4 with triangle membership function, and
(b) The way of defining of crisp number in Fuzzy form
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This research has been done in two DW Kriging Cokriging
phases: (1) All kinds of geostatistic methods ey wr— Regression — kriging
(interpolation techniques) were tested for
determining distribution pattern of CEC, and
criterions such as Root Mean Square Error l
(RMSE) and Mean Error (ME) were used for Best Model
comparison of methods, and (2) after chosing / 1 \.
the best conversion functions (developed by — “Taatiapom  ostactpemt . test Data (193 pointy
ANFIS) was tested in order to increase data ' !
number and reducing estimation error, hence Comparison
the best chosen model in phase (1) was Figure 3. Flow chart of study process

considered in three situations: (a) with all 153 data, (b) by omitting some of the data (data of the test)
and redoing the methods with remaining data (train data including 121 data) and (c) predicting of
omitted data by using ANFIS and reapplying surveying method of all data of train and data foreseen by
ANFIS (including 153 data). In figure 3 the process of study has shown schematically.

RESULTS - INVERSE DISTANCE WEIGHTS (IDW)

By using ArcGIS software and by means of Cross Weighing Validity Method (CWVM), inverse
distance method was done and its parameters such as square and correlation distance were improved.
Then the map of the distribution in studied area was drawn (Figure 4.a). The values of improved square,
RMSE and ME were 2.00, 1.52 and 0.013, respectively.
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b
Figure 4. Distribution of CEC map in studied area (a) with IDW method and (b) kriging metho(d)
RESULTS - ORDINARY KRIGING
For performing kriging method first variogram of related parameter (CEC) was drawn by using
software of variowin and then its parameters were improved by cross weighing validity method (Figure

5). Parameters of this variogram are shown in .
A

table 1. By means of software ArcGIS the 244 « o o
distribution of CEC obtained (Figure 4.b). By 241 /./'/'
comparing foreseen values for sampling points 181 /./

1.5

and real values of these points, values of RMSE ot
and ME for kringing method obtained that were 0.9 /

1.47 and 0.01, respectively. In continuation the 06
maps drown for two parameters effective on °'2' \ J . | J \
CEC (namly organic carbon and clay content), 0 2000 4000 6000 8000 10000 12000

(Figure 6) which the reversults indicated there "

was high conformity of the map of clay
distribution and CEC. With due altention to
statistic results, the clay correlation with CEC is higher than organic carbon correlation with CEC.

CEC ocC

Figure 5. CEC variogram drawn in kriging method by using
software variowin

Clay

0039298999 - 0 35385014 Prediction Map of clay
18.9-20 0350385014 - 0 574385524 12228622605
2.21 0574385524 - 0893770516 26622505 - 34 860255
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Figure 6. Comparison of kriging maps for CEC with kriging maps for organic carbon and clay content
RESULTS - ORDINARY COKRIGIN
With respect to that in this study clay content had higher correlation with CEC of soil, hence clay
was used as an auxiliary parameter in cokriging and CEC dispersion map was drown by cokriging method
(Figure 7. a) and obtained values of RMSE and ME were 1.45 and 0.02, respectively.

* Standard error map
a2
—1

(b)
Figure 7. (a) The map of CEC distribution in kriging method
by using auxiliary parameters of clay and (b) The map of kriging error
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RESULTS - FUZZY KRIGING

For doing this method first some of the sampling points must become fuzzy. Therefore, first
kriging error map was drawn (Figure 7.b). Then data (points) exited inside of area with maximum error
were chosen and by using triangle membership function were made fuzzy. With due altention to
standard deviation of concerned parameter (CEC) concered range for membership functions were
chosen. After that, by using software fuzzek, varigram theorical modle was on fuzzy data (Figure 8.a).
Then a regular network (10x10 with 83 points inside the area) on the area was established (figure 8.b),
until by using this software kriging surveying is done for the points of this network foreseeing by fuzzek
for network points was changed into restery picture by using ArcGIS, and then for calculating the
estimation error, values of sampling points were extracted from this restery picture, and were
compared with real values which on the basis of these values RMSE and ME became 1.2 and 0.015,
respectively.
RESULTS - REGRESSION KRIGING

For foreseeing CEC by means of kriging method, first it was necessary by using all data (simpling
points) to obtain the best linear regression relationship with few parameters between the main
parameter and auxiliary parameters related to it obtained in earlier study is presented in equation 6.

CEC=19.3 + 0.0779Clay + 2.28 log O.C (6)

Then residual values of the regression model (difference between real values and obtained values
from regression model) for all sampling point were obtained. Then, calculating of experimented
variogram for residual regression models was done, and by using variowin software the fitting of
theoretical model was done on it (Figure 9), and parameters values of this variogram also obtained by
using eross weighing validity (Table 1). Comparison of the residual regression model and variogram of
the main parameter (CEC) show that these two varigvaram have similar model (diagrammatical), but
the values of sill parameters and effect ray in residual variograms compared with variogram of the main
parameter (CEC) is lower (Table 1). This situation is observed experimentally in most studies, also as

figure 10 shows conformity of obtained variogram from this study with their typical is seen.
I Kriging (CEC) BEE
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Figure 8. (a) The theoretical model of variogram on fuzzy data by using software fuzzek

and (b) Reqular network (10x10 with 83 points inside the area) done on the area

¥ (IhD)
4 After  drawing  variogram the

+ . distribution map of residual values of
regression model was drown in kringin
method. With respect to the kriging map,

1F + - Y
08 -

0.6 [

e residual values extracted for sampling points
0z and added to foreseen for regression model of
0 ‘ : . : : .= these points. Finally for obtaining estimation
u] 2000 4000 BO00 8000 10000 12000 .
Il error these values were compared with real
Figure 9. Variogram of the residual regression model after  values and RMSE and ME were obtained 0.96
drawing variogram model and -0.014, respectively.

Table 1. Variogram parameters of residual of regression model
Variable Model G, C+C Range Co/ (Co+Q)
CEC Exponential 0.75 2.25 5571 0.33
Rresidual of Regression Exponential 0.53 1.01 4645 0.52
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Figure 10. Compadrison of variogram of regression model residual and variogram of the main parameter (CEC)
DiscussIONS
With respect to the values of RMSE index it can be said that usage of two method hybrid
regression and fuzzy kriging in comparison with other methods caused sensible reduction in estimation
error. But generally ability of regression kriging method for foreseeing CEC distribution pattern in
studied region was more than other methods. In consequence this method was used to study the
exploitation possibility of the best conversion functions (developed by ANFIS) in order to increase data
number and decrease estimation error. Hence S
. L. . Comparision of Reduction in RMVSE in diffrent methods
regression kriging methods was used in tow
conditions: (a) by omitting some of the data

(test data) and redoing method with residual w0 |

data (train data including 121 data) and (b) | ;

foreseeing of omitted data by using ANFISand | 5 |

reapplying of surveying method for all train

data and foreseen data by ANFIS (153 data). ~

The results related to error indexes and rate of

every method in comparison with method S e B : : :
K Ce E FK

which had maximum RMSE are shown in table EE(TrD) RE(ANFLS) — RK

Reduction Percent

2 and figure 11. Methad )
The result of comparison of methods Figure 11. Comparison of reduction rate of RMSE
shown that by increasing the number of data in different methods

from 121 to 153 by using conversion functions developed by ANFIS can reduce the error rate in
comparison with situation that the number of data was smaller (Train data with 121 data). Sumfleth and
Duttmann [23] proved similarly that the error of regression kriging method for surveying carbon, total
nitrogen and percent of soil silt were 14, 13 and 10, respectively lower than that of kriging. Also they
suggested that by using this method it is possible to reduce population of samples without any
significant error. Also, Eldeiry and Garcia [8] showed that regression kriging method in comparison with
cokriging method for foreseeing soil salinity had higher efficiency. Hengl et al. [12] identified regression
kriging with height as auxiliary parameter more suitable for surveying soil organic matter than kriging
method. Hegedus [11] showed that integration of kriging method with theory of fuzzy collection caused
mandgement results to be improved especially in desert condition which available data have high in
consistency. Between maps of crop yield and maps of soil fertility drawn by fuzzy kriging method there
was so adjustment that this map could foresee 88-97% of geld changes.

Table 2. Results related to error indexes and reduction percent of RMSE (Ri) in different methods

Method ME RMSE Ri Ri(%)
IDW 0.013 1.52 0 0
K 0.02 1.47 0.032 3.289
CoK 0.024 1.45 0.046 4.605
FK 0.025 1.2 0.210 21.05
RK(Tr.D) 0.035 1.03 0.322 32.23
RK(ANFIS) -0.03 1.012 0.334 33.42
RK -0.014 0.96 0.368 36.84
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