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Abstract
Indirect measurement of soil electrical conductivity (EC) has become a major data source in spatial/temporal
monitoring of soil salinity. However, in many cases, the weak correlation between direct and indirect measurement
of EC has reduced the accuracy and performance of the predicted maps. The objective of this research was to
estimate soil EC based on a general linear model via using several soil properties. Through calibration equations,
the error involved in such model-based data was calculated and employed in mapping soil EC using kriging with
measurement errors (KME) method. The results were then compared with those of ordinary kriging (OK) and cokriging (CK). Soil samples were taken from the depth of 0-20 cm in 78 points with spatial intervals of 500 m from
an area of 40 km2, and they were analyzed for their electrical conductivity (EC) and certain other soil properties.
Measured soil EC data (hard data) and auxiliary soil data were further used to develop the semi-variance and crosssemi-variance functions; moreover, soil salinity prediction was done on a grid of 100 m with OK and CK methods.
Afterwards, the most optimal EC estimation model was developed using auxiliary soil data and GLM. As predicted
values always involve uncertainty, the error involved with the predicted values was calculated and then the
calibration equations were adjusted. Lastly, soil salinity was predicted using KME method. Results showed that the
OK method had the lowest MSE and RMSE values, 0.65 and 0.8 dS m-1, respectively. Furthermore, among the
auxiliary data, pH and silt content resulted in some of the best cross-semi-variance functions, among which, silt had
a better performance regarding the spatial prediction of soil EC. The GLM model developed with the calculated
error and KME resulted in predictions close to those of OK method (with MSE and RMSE of 0.74 and 0.86 dS m-1,
respectively). KME method provided the possibility of merging error resulting from the use of soft data, derived
from prediction equations; therefore, it successfully improved the spatial prediction of soil electrical conductivity.
Keywords: Co-kriging; Kriging with measurement errors; Soil salinity; Spatial dependency

1. Introduction
Over the past decades, spatial prediction
methods such as kriging have played a
significant role in reducing both the number of
samples necessary to monitor a large area and the
data gathering expenses, through predicting soil
variables in some un-sampled locations. Recent
improvements in the field of geostatistics and the
advances in calculating complex problems have
made it possible to analyze variables with spatial
correlation. Kriging methods have always had a
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widespread use in geostatistical modeling, which
has been discussed in detail in several studies
(Krivoruchko and Gribov, 2019; Shi et al., 2019;
Keskin and Grunwald, 2018; Li and Heap, 2011).
There have also been numerous attempts at
mapping the spatial variability of soil electrical
conductivity (EC) using kriging methods
(Triantafilis et al., 2004 ; Malins and
Metternicht, 2006; de Clercq et al., 2009;
Giordano et al., 2010; Acosta et al., 2011;
Hamzehpour and Bogaert, 2017; Zare et al.,
2019; Yang et al., 2019).
However, during the past few years, there
have been several studies that have essentially
focused on using soil properties and remote
sensing derived indices as covariates in modeling

88

Hamzehpour et al. / Desert 25-1 (2020) 87-99

and predicting soil EC (Rahmati and
Hamzehpour, 2017; Zovko et al., 2018;
Hammam and Mohamed, 2018; Abdullah et al.,
2019; Zare et al., 2019). For instance, Abdullah
et al. (2019) modeled soil salinity via the use of
five salinity indices and eleven environmental
variables. Based on their results, the most
optimal performance was obtained from the
combination of both salinity indices and indirect
variables. Zovko et al. (2018) defined and used a
spectral index which synthesized most of the
salt-affected soil properties in order to predict
soil electrical conductivity.
They further
compared it with the results of ordinary kriging
and a multivariate predictor utilizing certain soil
chemical properties. Juan et al. (2011) made use
of a spatial Gaussian linear mixed model to
calculate soil salinity using soil EC and Na
content. Clercq et al. (2009) employed a firstorder polynomial equation to map the spatial and
temporal variations of soil salinity. However,
none of these studies have accounted for the
uncertainty and error involved in the use of
model-derived estimations of soil electrical
conductivity, which are not the actual
measurements of soil EC.
Several researchers have tried to calculate the
errors attached to uncertain data in order to
improve the prediction accuracy (D'Or et al.,
2001; Bogaert and D,Or, 2002; Douaik et al.,
2005; Fazekas and Kukush, 2005; Brus et al.,
2008; Hamzehpour et al., 2013; Hamzehpour and
Bogaert, 2017 ). Hamzehpour and Bogaert
(2017) used calibration equations between fieldmeasured EC and laboratory-measured EC.
Then, they calculated the error in one-time
interval and used it in spatio-temporal prediction
of soil salinity at some other time intervals.
Hamzehpour et al. (2013) employed fieldmeasured EC to predict the top soil salinity using
kriging with measurement errors method. They
further made use of the calibration equations
between field and laboratory measured soil
salinity and defined probability density functions
to calculate the error of soft data used in
prediction. Nonetheless, there are not many
studies focusing on the spatial prediction of soil
properties using auxiliary soil data and their
uncertainty.
In almost all studies where EC values (or any
other soil variable) were calculated based on any
modeling type (linear/nonlinear) or any kind of
data (soil/remote sensing), the estimated values
were treated as error-free and used in spatial

prediction of target variables without considering
their uncertainty. In this paper, we attempted to
estimate soil EC using several soil properties and
the general linear model (GLM). Because
estimated EC values always involve uncertainty,
through calibration equations, their error was
calculated and used in the spatial prediction of
soil EC using kriging with measurement errors
method (KME). Therefore, the results were
compared with those of ordinary kriging (OK)
and co-kriging (CK). The present work provided
a framework for increasing the effectiveness of
auxiliary soil data in the spatial prediction of any
soil variable where there are limited available
data.
2. Materials and Methods
2.1. Study site
The study area is located southeast of Urmia
Lake, north-western Iran. The corresponding
area is located between 45o 58' 41" to 46o 02' 35"
E and 37o 16' 18" to 37o 20' 21" N (Figure 1),
including 40 km2 of lands with varying degrees
of soil salinity. The elevation variations over the
whole study area range from 1270 to 1283 m.
The mean annual precipitation and temperature
are 264.73 mm and 15 oC, respectively. The
potential evaporation in the area is between 900
and 1170 mm. Geologically, the study area is
composed of playa and alluvial deposits.
2.2. Data description
In total, during autumn 2014, 78 soil samples
were taken on a grid of 500 m, covering all of
study area. After passing soil samples through 2
mm sieve, soil EC, pH, Na+, and Ca2++Mg2+ were
determined in the saturated extracts of the soil
samples (Rhoades, 1996). Calcium carbonate
equivalent (CCE) was measured using back
titration of the remaining HCl (Page et al., 1982).
Soil texture was measured through the use of a
hydrometer method (Gee and Or, 2002). Soil
organic carbon (OC) was determined with acid
digestion (Nelson and Sommers, 1996). Sodium
adsorption ratio (SAR) was calculated using
equation 1 (soil survey staff, 2014):

𝑆𝐴𝑅 =

𝑠𝑜𝑢𝑙𝑎𝑏𝑙𝑒 𝑁𝑎 (𝑚𝑚𝑜𝑙 𝑙−1 )
−1
√(𝑠𝑜𝑢𝑙𝑎𝑏𝑙𝑒 (𝐶𝑎+𝑀𝑔)(𝑚𝑚𝑜𝑙 𝑙 ))
2

(1)

Hamzehpour et al. / Desert 25-1 (2020) 87-99

89

Fig. 1. (a) The location of the study area in southeastern Urmia Lake in Bonab plain; (b) the location of soil sampling points in
Bonab plain

2.3. Geostatistical analysis
In this study, ordinary kriging (OK), cokriging (CK), and kriging with measurement
errors (KME) were used to predict the soil
salinity using soil properties and soft data
derived from general linear model (GLM).
2.3.1. Semivariance and cross-semivariance
functions
The basic Kriging estimator is defined as
follows (Li and Heap, 2011):
𝑍(𝑥0 ) − 𝜇 = ∑𝑛𝑖=1 𝜆𝑖 [𝑍(𝑥𝑖 ) − 𝜇(𝑥0 )]

(2)

which can be extended to incorporate additional
information, as in equation 3:
𝑍̂1 (𝑥0 ) − 𝜇1 =
𝑛

∑𝑛𝑖11=1 𝜆𝑖

[𝑍1 (𝑥𝑖1 ) − 𝜇1 (𝑥𝑖1 )] +

𝑣
∑𝑛𝑗=2
∑𝑖 𝑗=1 𝜆𝑖𝑗 [𝑍𝑗 (𝑥𝑖𝑗 ) − 𝜇𝑗 (𝑥𝑖𝑗 )]
𝑗

(3)

where 𝜇1 is the stationary mean of the initial
variable, 𝑍1 (𝑥𝑖1 ) is the data at point 𝑖1 , 𝜇1 (𝑥𝑖1 ) is
the mean of samples within the search window,
𝑛1 is the number of sample points within the

search window for point 𝑥0 used for estimation,
(𝜆𝑖1 ) is the weight selected to reduce the
estimation variance of the initial variable, 𝑛𝑣 is
the number of secondary variables, 𝑛𝑗 is the
number of 𝑗𝑡ℎ secondary variables within the
search window, 𝜆𝑖𝑗 is the weight assigned to 𝑖𝑗 𝑡ℎ
point of 𝑗𝑡ℎ secondary variable, 𝑍𝑗 (𝑥𝑖𝑗 ) is the
data at 𝑖𝑗 𝑡ℎ point of 𝑗𝑡ℎ secondary variable, and
𝜇𝑗 (𝑥𝑖𝑗 ) is the mean of the samples of 𝑗𝑡ℎ
secondary variable within the search window.
Cross-semivariance can be estimated using
the following equation:
𝛾̂12 (ℎ) =

1
2𝑛

∑𝑛𝑖=1[𝑧1 (𝑥𝑖 ) − 𝑧1 (𝑥𝑖 ) − 𝑧1 (𝑥𝑖 + ℎ)][𝑧2 (𝑥𝑖 ) −

𝑧2 (𝑥𝑖 + ℎ)]

(4)

In the present research, Z1 refers to EC, and Z2
refers to the soil covariates.
2.4. Kriging with measurement errors
In an ordinary kriging, all of the
measurements that are considered as error-free
are called hard data. However, when the data
used in predictions are not the result of direct
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measurements (for example, calculated from a
model developed from other soil properties),
they are involved with uncertainty; moreover,
although they might be highly correlated with
direct measurements, they are not error-free
(called soft data). In our case, the residual
variation can be considered as a measurement
error which can be smoothed out through the
interpolation process. Ordinary kriging is briefly
modified to account for measurement errors
(Savelyeva et al., 2010).
It is assumed that 𝑍(𝑥𝑖 ) is a random field
where 𝑍𝑖 is the measured value at the sampled
location 𝑥𝑖 for this random field, and 𝜀𝑖 is the
corresponding error. Instead of the exact
measurement of𝑍𝑖 , we can measure 𝑍𝑖 + 𝜀𝑖 . The
assumptions for taking 𝜀𝑖 into account are: (1)
errors are not spatially correlated (i.e.,
Sij=E{ɛiɛj}=0), (2) errors are not correlated with
the true value (E{Ziɛi}=0), and (3) they have a
variance σi2.
Considering the conventional kriging, the
predicted value, 𝑍 ∗ (𝑥𝑖 ), at an unsampled location
𝑥0 is presented in equation 5. Here we consider
the estimation variance (𝜎𝑖2 ) to infer the amount
of error in variance equation:
𝑁(𝑥 )

𝑉𝑎𝑟(𝑍 ∗ (𝑥0 ) − 𝑍(𝑥0 ) ) = 𝐸(∑𝑖=1 0 𝜆𝑖 (𝑥0 )𝑍(𝑥𝑖 ) − 𝑍(𝑥0 )2 =

(5)
𝑁(𝑥0 )

𝑁(𝑥0 𝑁(𝑥0 )

∑ 𝜆2𝑖 (𝑥0 )(σ2𝑖 + 𝐶00 ) + 2 ∑ ∑ 𝜆𝑖 (𝑥0 )𝜆𝑗 (𝑥0 )𝐶𝑖𝑗
𝑖=1

𝑖=1

𝑁(𝑥0 )

𝑗=1
j≠i

−2 ∑ 𝜆𝑖 (𝑥0 )𝐶𝑖0 + 𝐶00
𝑖=1

, where

For more detail on the formulas and
theoretical framework of kriging with
measurement errors, refer to Fazekas and
Kukush (2005).
2.5. Validation and comparison criteria
In order to compare the results using crossvalidation procedure (Davis, 1987), soil salinity
was predicted at each observation location by
deleting the measured values. This resulted in
pairs of estimated-observed soil salinity. Among
these pairs of values, three global performance
criteria were computed, namely mean error
(ME), mean squared error (MSE), and root mean
square error (RMSE). They are defined as
follows:
ME =

∗
∑n
i=1[z(ui )−z (ui) ]

RME =

(8)

n
∗
∑n
i=1[z(ui )−z (ui) ]2

(9)

n
2

∗
∑𝑛
𝑖=1[𝑧(𝑢𝑖 )−𝑧 (𝑢𝑖) ]

𝑅𝑀𝑆𝐸 = √

n

(10)

Where Z(ui) is the measured value of z at location
ui, z*(ui) is the predicted value at the same
location, and n is the number of samples.
Therefore, accurate predictions are characterized
by ME, MSE, and RMSE values close to zero. In
addition, cross-validation is used as another
approach to assessing the predictive
capabilities of interpolators.
All the analyses were done using the BMElib
toolbox (Christakos and Serre, 2000) in Matlab
(MathWorks, 1999).
2.6. GLM model performance assessment

𝐶00 = 𝑉𝑎𝑟(𝑍𝑍)∀𝑍(𝑥), 𝐶𝑖𝑗 = 𝑉𝑎𝑟(𝑍𝑖 𝑍𝑗 ) =
𝑉𝑎𝑟 (𝑍(𝑥𝑖 )𝑍(𝑥𝑗 )),

To perform the regression analysis, the
measured soil properties significantly correlated
with soil EC at 1% probability level were
imported to SPSS. The following criteria were
applied to evaluate the regressions both in
training and testing data:

and 𝐶𝑖. = 𝑣𝑎𝑟(𝑍(𝑥𝑖 )𝑍(𝑥. ))0

Thus, the kriging system of equations is:
𝑁(𝑥 )

𝜆𝑖 (𝑥0 )(𝐶00 + 𝜎𝑖2 ) + ∑𝑗=10 𝜆𝑗 (𝑥0 )𝐶𝑖𝑗 = 𝐶𝑖0 + 𝜇, 𝑖 =
𝑗≠𝑖

1 … 𝑁(𝑥0 )

(6)

a) Coefficient of determination (R2)

𝑁(𝑥0 )

∑ 𝜆𝑖 (𝑥0 ) = 1
𝑖=1

Where 𝜎𝑖2 is the measurement error variance,
which may differ from one location to another,
and 𝜇 is the known stationary mean. The
corresponding kriging variance is given by:
σ2𝑘

= 𝐶00 −

0)
(𝑥 )𝐶
∑𝑁(𝑥
𝑖=1 𝜆𝑖 0 𝑖0

+ 𝜇.

(7)

Coefficient of determination depicts the
correlation coefficient between the measured and
predicted values, where zero indicates the worst
performance and 1 means the most optimal one.
The following equation was used to determine
R2:
𝑅2 = 1 −

𝑆𝑆𝐸
𝑆𝑆𝑇𝑂

(11)
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Where 𝑅2 , SSE, and SSTO are coefficient of
determination error, sum of squares, and total
sum of squares, respectively.

2
Where 𝑅𝑎𝑑𝑗
, N, and P are the adjusted coefficient
of determination, number of observations, and
independent variables, respectively.

b) Adjusted coefficient of determination (R2adj)

3. Results and Discussion

The magnitude of R2 typically increases with
the increase in the number of independent
variables. Adjusted coefficient of determination
(R2adj) was employed to compare several
methods with different numbers of independent
variables. The following equation specified R2adj:

3.1. Soil salinity prediction with ordinary
kriging



R adj  1  1  R
2

2

N 1

 N  P 1

(12)

The summarized statistics of the studied soil
properties are presented in Table 1. According to
Table 1, soil EC varied from 0.33 to 107.5 dS m1
with a mean value of 10.95 dS m-1. Due to the
high skewness and kurtosis of soil EC data, their
logarithmic form was used for further studies.

Table 1. Summary statistics of measured soil properties used as axillary data in soil EC prediction
Soil property
Unit
Mean
SD*
Max
Min
Skewness Kurtosis
EC
dS m-1
10.95
20.48 107.50
0.33
2.94
9.01
pH
8.16
0.44
8.97
7.10
-0.50
-0.24
Na
meq l-1
29.58
67.60 436.92
0.92
4.04
18.32
Ca+Mg
meq l-1
24.58
16.19 108.00
4.00
11.28
2.88
SAR
4.92
8.82
48.25
0.23
16.02
3.67
OM
)%(
0.60
0.32
1.92
0.00
1.09
2.56
CCE
)%(
18.57
3.91
30.58
12.64
0.72
0.95
Sand
)%(
61.55
18.19
90.00
14.00
2.41
1.39
Silt
)%(
26.70
13.03
56.00
6.00
-0.65
0.39
Clay
)%(
11.75
7.12
36.00
2.00
-0.34
-0.66
*Standard deviation

The best fitted semi-variogram to EC data set
and its parameters are displayed in Figure 2a.
Semi-variogram models with the smallest
residual sum of squares were selected as the best
fitting model. Figure 2 (b and c) shows the EC
prediction map with ordinary kriging method
along with cross-validation points. The fitted
semi-variogram model had two parts: a nugget
effect equal to 0.16 (dS m-1)2 and a spherical part,
with a range of 4580m and a sill of 5.25 (dS m1 2
) . The resulted semi-variogram was used in the
spatial prediction of soil salinity on a grid of 100
meters. Cross-validation results showed that
spatial prediction of EC with kriging method had
an acceptable performance with MSE and RMSE
of 0.65 and 0.8 dS m-1, respectively (Table 2).
3.2. Soil salinity prediction with co-kriging
In order to use a soil property as covariate in
the spatial prediction of a specific soil parameter
such as EC, the covariate should have a number
of significant correlations with the targeted
parameter. To investigate the role of the studied
soil properties in improving the spatial prediction
of EC, the Pearson correlation coefficient was
calculated between EC and the other studied soil
properties. Figure 3 presents the correlation
between the selected covariates and EC and the
linear models fitted between them. As observed,

at 1% probability level, EC had a significant
correlation with soil pH, soluble Na, soluble
Ca+Mg, SAR, CCE, clay, silt, and sand. EC was
negatively correlated with soil sand and pH. Aini
et al. (2014) also reported significant negative
correlation at 1% probability level between soil
EC and pH. Accordingly, these eight soil
parameters were selected as covariates in the
spatial prediction of EC.
Later, the selected soil properties were used as
covariates to calculate cross-semivariance
functions. Among all the properties, only pH and
silt resulted in the development of crosssemivariograms (Figure 4a and b) because only
these two properties showed some elements of
strong spatial dependency. Therefore, these two
parameters were applied to the spatial prediction
of soil EC with the co-kriging method. Studies
have shown that there is a significant correlation
between soil texture and soil EC (Jung et al.,
2005). Among soil texture fractions, sand content
is negatively correlated with soil EC while silt
and clay contents of soils have a positive
correlation. This could be due to the positive role
of silt and clay in increasing soil porosity in
comparison to sand content (Bernoux et al.,
1998; Corwin and Lesch, 2005). Increased soil
porosity can augment soil water holding
capacity, thereby raising soil salt content and
electrical conductivity (Inman et al., 2002;
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Brevik et al., 2006). The significant negative
correlation between soil pH and soil EC is
associated with the higher salt dissolution as soil
pH decreases, resulting in increased soil EC
(Mohd-Aizat et al., 2014; Aini et al., 2014).
Table 2 shows the cross-validation results of
the co-kriging of soil EC with pH and silt as

covariates, and Figure 4 (c and d) illustrates the
corresponding maps. Based on the results, using
soil pH, as covariate, reduced the accuracy of soil
EC predictions through smoothing out the effect
of points with significant differences with
neighboring sampling points.

Fig. 1. a) Spatial semi-variance function for laboratory measured soil EC. Dots correspond to the calculated values; solid line is the
corresponding fitted model. The number of pairs for variogram derivation is also provided next to the points; b: spatial prediction of
top soil salinity using fitted semi-variance function; and c: predicted soil EC map along with the validation points. The level of
colour reflects the top soil measured EC values in dS.m-1 in log scale. The similarity between points and background maps regarding
colour indicates the prediction accuracy
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Fig. 3. Plots of the correlations between EC and the selected soil properties as covariates. The correlations were significant at 1%
probability. OM: soil organic matter; SAR: sodium adsorption ratio; CCE: calcium carbonate equivalent
Table 2. Quantitative criteria to compare EC prediction with ordinary kriging and co-kriging methods with different covariates
CK
CK
Comparison criterion
OK
pH as covariate
silt as covariate
ME
-0.33
-0.69
-0.38
MSE
0.65
1.36
0.71
RMSE
0.80
1.17
0.84

Nazmul et al. (2015) also showed that despite
the high level of correlation between soil pH and
EC, soil pH, as covariate, was not able to
improve the spatial prediction of soil EC.
However, soil silt percentage resulted in a
prediction close to that of OK with MSE and
RMSE of 0.71 and 0.84 dS m-1, respectively
(Table 2). This could be attributed to its high
correlation with soil EC, its strong spatial
dependency, and the development of strong
spatially-dependent
cross-semivariogram
(Figure 4a).
Different studies have demonstrated the
superiority of co-kriging over ordinary kriging
(Stein and Coresten, 1991; Zhang et al., 1997;
Wu et al., 2009); as with co-kriging, additional
covariates can be used to predict the soil
variables. However, Alemi et al. (1988)

compared kriging and co-kriging methods in the
spatial prediction of soil salinity with clay as
covariate. They showed that the kriging method
had a better performance in comparison with cokriging. Juang et al. (2001) also reported that
concerning soil EC data normality, kriging
method also had a better performance.
Meanwhile, other studies have reported that
when auxiliary data are not highly correlated
with target variable, co-kriging might not
perform better than co-kriging (Martínez, 1996;
Triantafilis et al., 2001), highlighting the
importance of selecting the appropriate auxiliary
variables. It has further been shown that when the
correlation between auxiliary data and target
variable is higher than 0.5, co-kriging can
perform better than kriging (Yates and Warrick,
1987). However, in the present study, although
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silt had a lower correlation with EC than pH, its
higher spatial dependency dominated its lower

correlation coefficient, resulting in better EC
predictions.

Fig. 4. Cross-semivariance functions and spatial prediction of soil EC with covariates. a and b represent cross-semivariance
functions with pH and silt, respectively. The number of pairs for variogram derivation is also provided next to the points. c and d
present the spatial prediction maps of soil EC with pH and silt as covariates, respectively

3.3. Spatial prediction of soil EC using GLMderived soft data
3.3.1. Development of general linear model
(GLM) using auxiliary soil data
In order to develop the best soil EC prediction
model using all available soil parameters,
stepwise GLM was developed using soil
parameters having significant correlations with
soil EC at 1% probability level (Figure 3). The
developed regression model was defined as
follows:
EC (dS/m) = 95.71-(12.517*pH) + (0.99*Na)
+ (0.239* (Ca+Mg)) + (0.147* SAR) – (0.264*
CCE) + (0.132*clay) + (0.421*silt) –
(0.289*sand)

(13)

Further stepwise including/excluding of soil
parameters from GLM led to the equation

number 14 where CCE, sand, and clay
parameters were also excluded. This equation
had R and adjusted R2 of 0.81 and 0.65,
respectively, which is higher than that of
equation number 13 (R and adjusted R2 of 0.74
and 0.55, respectively) (Table 3). Although there
were no statistically significant differences
between these two equations, equation number
14 was selected for future use owing to the fewer
soil properties involved in its development,
hence the ease of use.
EC (dS/m) = 91.314-(12.34*pH) + (0.103*Na)
+ (0.231* Ca+Mg) + (0.142* SAR) +
(0.421*silt)

(14)

Several studies have reported low R2 values
between covariates and predicted soil EC
(smaller than 0.5) (; Douaoui et al., 2006;
Bannari et al., 2008; Bouaziz et al., 2011).
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However, Hammam and Mohamed (2018)
obtained an R2 of 0.58 between normalized
vegetation index (NDVI) and soil EC. Rahmati
and Hamzehpour (2017) further reported R2 of
0.807 for their constructed regression relations
for soil EC prediction. Nevertheless, one of these
studies neither calculated the error nor attached it
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to the estimated EC values while using them in
the spatial prediction of soil salinity. In the
present work, as the next step of mapping soil
EC, error was calculated and incorporated in the
predictions; in this regard, equation 14 was
robust enough for future use.

Table 3. Evaluation results for different constructed regression analysis between measured EC and different soil auxiliary data
R
Equation
R2adj
R2
0.74
13
0.55
0.55
0.81
14
0.65
0.65

3.3.2. Semi-variance function development using
GLM derived soft data
Figure 5 presents the semi-variogram best
fitted to soil EC data derived from equation 14.
The fitted semi-variogram model had two
distinctive parts: a nugget effect equal to 0.338
(dSm-1)2, a spherical part with a range of 4477 m,
and a sill of 1.97 (dS m-1)2. The semi-variance
function developed using the exact measurement
of soil EC (Figure 2a) was compared with the one

developed from EC-predicted values (Figure 5).
Based on the comparison, nugget/sill ratio (NE),
which indicates the spatial dependency of a semivariogram, was stronger in the former than in the
latter semi-variance function (3% versus 17%).
However, NE <25% is considered as a strong
spatial dependence and a reliable spatial
predictor of the target variable (Duffera et al.,
2007). Therefore, both developed semi-variance
functions were robust enough to be used in
predictions.

Fig. 5. Spatial semi-variance function for soil EC soft data derived from GLM. Dots correspond to the calculated values; the solid
line is the corresponding fitted model. The number of variogram derivation pairs is also provided next to the points

3.3.3. Definition of probabilistic type soft data
and error measurement
To go forward with soft data derived from
equation 14 and its use in the spatial prediction
of soil EC with KME, first, there should be
significant difference between direct EC
measurements (hard data) and those data gained
indirectly (soft data). Next, soft data should be
calibrated with hard data through calibration
equations. Results showed a significant
difference between hard and soft data (p-value
<0.05). The calibration plot between hard and
soft data and the fitted prediction line are shown

in Figure 6a. As seen, R2 of 0.65 for calibration
line was not strong enough; thus, it was expected
that the resulting calibrated data would involve
unneglectable error. Therefore, despite the
calibration of soft data, their use in the spatial
prediction of soil EC without accounting for
error, would involve large sources of uncertainty,
leading to the reduced accuracy of the predicted
maps.
Accordingly, as the next step in defining the
probabilistic soft data, the histogram of the
differences between calibrated data and actual
measurements was plotted (residuals), Figure 6b.
The normal distribution of residuals (the
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Kolmogorov-Smirnov correlation coefficient
was significantly higher than 0.05) showed that
the residuals of EC predictions with GLM and

auxiliary data had no trend; therefore, the
variance of the residuals was considered as error
in further calculations.

Fig. 6. (a) The correlation between EC measurements (hard data) and EC values form GLM (soft data). Dots correspond to the
measured values while the solid line is the corresponding fitted model; (b) histogram of the residuals between hard and soft data and
fitted probability density function (pdf)

3.3.4. Spatial prediction of soil EC with soft
data
In the following step, the spatial prediction of
soil EC was done on a scale of 100 m using semivariance function presented in Figure 5.
Predictions were done using the soft data defined
in the previous section, once by taking the error
into account and once without error involvement.
Equations 7 and 2 were used in predictions with
and without error involvement, respectively.
These results were then compared to EC map
which was generated using hard data (Figure 2).
Results of spatial prediction maps are presented
in Figure 7.

As observed in Figure 7, there were a couple
of distinctive differences between soil EC
predictions using only soft data (Figure 7a) and
that of soft data with error involvement (Figure
7b). However, the error calculated from the use
of soft data and KME method enhanced the
predictions (Figure 7b versus 7c). The validation
results revealed that KME method had an
acceptable prediction accuracy with MSE and
RMSE of 0.74 and 0.86 dS m-1, respectively,
which is close to that of silt as covariate. Among
the studied methods, however, EC predictions
with only soft data resulted in the weakest results
with MSE and RMSE of 2.47 and 1.6 dS m-1,
respectively.

Table 4. Quantitative criteria to compare three different methods used for soil EC prediction.
Comparison criterion
Soft data
Soft data with error
ME
-1.49
-0.45
MSE
2.47
0.74
RMSE
1.57
0.86

These results showed that although
GLM and auxiliary soil data resulted in
untrusworthy predictions of soil EC values
(Figure 7a), the error calculation and their
use in predictions with KME method,
could highly improve the spatial prediction
of soil EC.
Some researchers have reported the
passive role of error measurment and its
envolvement in predictions (Hamzehpour
and Bogaert, 2017; Hamzehpour et al.,
2013; Douaik et al., 2005), which is in line

Hard data
-0.33
0.65
0.80

with the present study. However, in almost
all these studies, the soft data used in
predictions was a simplified method for
measuring target soil variables such as EC.
In the present research, the soft data used
for predictions was estimated based on
other soil properities, hence involved with
more
error
and
higher
uncertainity
compared with previous works. Therefore,
although neglecting error during prediction
process led to the weak predictions, error
measurment and its involvement in the
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framework of KME method played a more
significant role in improving the spatial
prediciton of soil EC.
Therefore, through proposed method,
remote sensing data are also of high
capability of being used as soft data in
spatial
prediction of soil
properities.
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Several researches (e.g., Bilgili et al.,
2011; Gorji et al., 2015; Scudiero et al.,
2016; Rahmati and Hamzehpour, 2017)
have
developed
polynomial
fuctions
between soil EC and remote sensing data
which are capable to be used as saft data.

Fig. 7. Soil EC prediction maps with: a) using soft data without error; b) soft data with error; and c) hard data

4. Conclusion
There has been an increase in the
degradation of agricultural lands and soil
quality in Iran due to issues, such as
drought, secondary salinization caused by
saline irrigation water, and miss-cultivation
practices. Therefore, it is necessary to
constantly monitor soil properties such as
soil salinity in order to keep the
agricultural production yields at their
optimum levels with the least water usage
and minimum damage to the environment.
However, lack of information concerning
soil properties in target regions, have made

soil
monitoring
expensive
and
timeconsuming. In the present research, an
attempt was made to extract specific soil
property such as soil electrical conductivity
from other soil properties using general
linear model (GLM). However, with such
model derived data, there is still need for
their calibration with hard data and the
consideration of error involved in the data
of such ilk. In this regard, through
calibration
equations,
the
error
was
calculated,
and
using
kriging
with
measurement errors method (KME), the
spatial
prediction
of
soil
electrical
conductivity was successfully performed.
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This work is a step forward in the use of
soil auxiliary data where there is little
information available on
the parameter
under question. However, as of today, the
un-denaible error involved with such
model based data, has restiricted their use
as auxillary data source. KME method
seems to be a stong tool for using auxiliary
soil data in spatial predictions of soil
variables.
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