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Abstract: Accurate mapping of soil salinity and recognition of its influencing factors are essential for sustainable crop production and 

soil health. Although the influencing factors have been used to improve the mapping accuracy of soil salinity, few studies have consid-

ered both aspects of spatial variation caused by the influencing factors and spatial autocorrelations for mapping. The objective of this 

study was to demonstrate that the ordinary kriging combined with back-propagation network (OK_BP), considering the two aspects of 

spatial variation, which can benefit the improvement of the mapping accuracy of soil salinity. To test the effectiveness of this approach, 

70 sites were sampled at two depths (0–30 and 30–50 cm) in Ningxia Hui Autonomous Region, China. Ordinary kriging (OK), 

back-propagation network (BP) and regression kriging (RK) were used in comparison analysis; the root mean square error (RMSE), 

relative improvement (RI) and the decrease in estimation imprecision (DIP) were used to judge the mapping quality. Results showed that 

OK_BP avoided the both underestimation and overestimation of the higher and lower values of interpolation surfaces. OK_BP revealed 

more details of the spatial variation responding to influencing factors, and provided more flexibility for incorporating various correlated 

factors in the mapping. Moreover, OK_BP obtained better results with respect to the reference methods (i.e., OK, BP, and RK) in terms 

of the lowest RMSE, the highest RI and DIP. Thus, it is concluded that OK_BP is an effective method for mapping soil salinity with a 

high accuracy. 
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1  Introduction 

Soil salinity is a severe environmental factor limiting 
soil fertility in agricultural lands. It can damage sus-
tainable crop production and soil health. The production 
of agricultural crops is difficult in saline and sodic soils, 
which has attracted great concern from farmers, gov-
ernment and environmental scientists (Bilgili et al., 

2013; Chen et al., 2014; Zhao et al., 2016). Accurate 
mapping of the soil salinity and recognition of its influ-
encing factors are necessary for crop production and 
sustainable soil utilization (Ding and Yu, 2014; Taghi-
zadeh-Mehrjardi et al., 2016). 

Soil salinity is the combined effect of natural and an-
thropogenic processes. The natural factors influencing 
the spatial distribution of soil salinity include soil types 
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(Fang et al., 2005; Yu et al., 2014), soil water content (Wu 
et al., 2014), geology (Sheng et al., 2010; Yu et al., 2014), 
climate (Nosetto et al., 2008), normalized difference 
vegetation index (NDVI) (Yahiaoui et al., 2015) and soil 
texture (Wang et al., 2012; Zhao et al., 2016). The an-
thropogenic factors include irrigation practices (Ak-
ramkhanov et al., 2011), drainage systems (Mirlas et al., 
2012; Yu et al., 2015), groundwater table (Shah et al., 
2011; Wu et al., 2014) and land use (Akramkhanov et 
al., 2011; Nosetto et al., 2013). It is widely established 
that using correlated influencing factors as auxiliary 
variables can improve the mapping accuracy of soil 
properties (Liu et al., 2006; Zhang et al., 2013).  

Numerous methods have been developed to map the 
spatial distribution of soil properties. These methods can 
be classified into three categories: geostatistical meth-
ods, such as ordinary kriging (OK) (Mueller et al., 2004; 
Ye et al., 2016); hybrid models, such as regression 
kriging (RK) (Hengl et al., 2004; Ye et al., 2017); simple 
statistical methods, such as multiple linear regression 
(MLR) (Mora-Vallejo et al., 2008; Yang et al., 2014), 
artificial neural networks (Sarangi et al., 2006; Huang et 
al., 2017) and random forest (Were et al., 2015; Raczko 
and Zagajewski, 2017). 

Ordinary kriging (OK) is one of the most basic geosta-
tistical types, however, it does not consider the environ-
ment factors. Soil salinity variations do not always satisfy 
the stationary assumptions of kriging methods due to its 
complex variations. In addition, the environment factors 
at different local positions in the study area have different 
influences on the soil properties. The relationships be-
tween soil properties and environmental factors are rarely 
linear in nature, and vary in each region (Zhao et al., 
2010; Shahabi et al., 2017). Therefore, the hybrid models, 
such as RK, simply based on the same regression equa-
tion to explore the linear relationships between soil prop-
erties and environmental factors in the whole study re-
gion, lead to the prediction imprecision (McBratney et al., 
2003; Li et al., 2016). Accordingly, these methods are 
limited to model soil salinity variations.  

With respect to the simple statistical methods, artifi-
cial neural networks (ANNs) reveals much greater spa-
tial details and has better soil mapping (Zhu et al., 2000; 
Akramkhanov and Vlek, 2012; Dai et al., 2014; Huang 
et al., 2015). Firstly, the relationships between soil 
properties and environmental variables are assumed lin-
ear by linear regression. Actually, the relationships are 

not always linear for all locations in an entire area (Lark, 
1999). Secondly, although both ANNs and random forest 
are applied to explore the nonlinear and complicated rela-
tionships, the former ANNs presents higher quality and 
better performance than random forest in prediction and 
classification (Were et al., 2015; Raczko and Zagajewski, 
2017). Thirdly, ANNs is one of the most commonly used 
approaches in salinity studies, including soil salinity pre-
diction of crop root zone (Patel et al., 2002), saturated 
hydraulic conductivity (Motaghian and Mohammadi, 
2011; Sedaghat et al., 2016) and soil salinity mapping 
(Zou et al., 2010; He et al., 2015). Nevertheless, ANNs 
only consider the variations of the soil properties caused 
by the correlated environmental factors or the spatial 
autocorrelation of surrounding measured data (Park and 
Vlek, 2002; Takata et al., 2007). The use of ANNs com-
bined with both the spatial auto-correlative information 
and the environmental factors into mapping, however, has 
little been reported to date. 

The objective of this study is to examine whether the 
OK_BP can improve the mapping accuracy. Back- propa-
gation network (BP) is used to explain the spatial variability 
caused by the selected influencing factors, and OK is used 
to explore the spatial autocorrelation in BP prediction re-
siduals. OK, BP and RK are compared in order to verify the 
effectiveness of OK_BP. The mean absolute error (MAE), 
root mean squared errors (RMSE), the relative improvement 
(RI) and the decrease in estimation imprecision (DIP) are 
used to evaluate the performances of the different methods. 

2  Materials and Methods  

2.1  Study area 
The study is conducted in the Xidatan region 
(38°47′58″N–38°49′47″N, 106°24′48″E–106°26′10″E), 
which is situated in Pingluo County, Ningxia Hui 
Autonomous Region, Northwest China (Fig. 1). The 
study area is in a field of about 354 ha with arable 
land and low-lying abandoned land. A large area of 
highly saline-sodic soil exists in the field. Developed 
in alluvial deposits, the soil is classified as takyric 
solonetz (IUSS Working Group WRB, 2007). The soil 
salinization affects the sustainability of agricultural 
production in this area, where the groundwater level 
is closer to the surface accompanied with poor drain-
age and semi-arid climate. The evaporation rate is high 
(875 mm/yr) compared to precipitation (205 mm/yr). In  
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Fig. 1  Location of the study area, the spatial distribution of soil samples and crop types 

 
addition, the disorderly reclamation of farmland and 
extensive anthropogenic management contribute to in-
creasing the soil salinization. The soil salinity exhibits 
high spatial heterogeneity. 

2.2  Data and processing 
A 240 m grid sampling strategy was used to characterize 
saline-sodic soils, which was implemented by the fish-
net tool of ArcGIS 10.0 (ESRI, Inc., Redlands, CA, 
USA). 70 locations were sampled at two different depths 
(0–30 and 30–50 cm). A 10 fold cross validation ap-
proach was adopted to validate the accuracy of the algo-
rithms (Mirakzehi et al., 2018; Wang et al., 2018). Soil 
samples were collected at May, 2016. Each composite 
soil sample comprised four core subsamples that were 
collected at a distance of 5 m north, south, east and west 

of the center sampling points.  
The soil samples were crushed and mixed together to 

form one sample. Soil samples were dried, and ground to 
pass through a 2-mm sieve. Next, the ground and sieved 
soil samples were mixed with water at a 1 (soil sample): 5 

(water) ratio at a temperature of 25℃. The leaking liquid 

was extracted to measure the soil electrical conductivity 
as detailed in the Analysis Methods of Soil Agricultural 
Chemistry (Lu et al., 2000). 1 (soil sample): 5 (water) soil 
electrical conductivity and soil salinity are usually highly 
correlated, and the former is often used as a surrogate for 
the latter (Visconti et al., 2010; Zhang et al., 2009). This 
was indeed the case in this study, where the soil electrical 
conductivity and salinity measured from the samples 
were highly correlated (coefficients of determination R2 
are 0.889 at 0–30 cm depth and 0.929 at 30–50 cm 



 HUANG Yajie et al. Mapping Soil Electrical Conductivity Using Ordinary Kriging Combined with Back-propagation Network 273 

depth). Accordingly, soil electrical conductivity was used 
to represent soil salinity. 

Soil types, climate, soil texture are relatively unitary 
since the study scale is small. It is obvious that groundwa-
ter table and irrigation practices remain nearly consistent 
when sampling in study area, and therefore they cannot 
reflect the influence on spatial variability of soil salinity. 
Then, we select elevation, NDVI, land use types, drainage 
and irrigation as environmental factors for mapping soil 
electrical conductivity. The effectiveness of these factors 
on soil electrical conductivity will be further investigated 
by sensitivity analysis. The 30 m resolution Digital Eleva-
tion Model (DEM) was derived from a 1:10 000 scale 
topographic map provided by Chinese Bureau of Survey-
ing. To ensure that NDVI can adequately indicate soil sa-
linity, we downloaded it at July 17, 2016, without clouds. 
The NDVI at 30 m spatial resolution was derived from a 
Landsat 8 image (http://ids.ceode.ac.cn/index.aspx), and it 
had an obvious connection with the soil salinity. Accord-
ing to the field survey, the predominant crop type was 
maize. The rice, oil sunflowers and lycium barbarum were 
dispersedly distributed in study area. The irrigation and 
drainage were calculated by the shortest distances from 
the centers of fields to the irrigation ditches (or drainage 
ditches), which were implemented by analysis tool avail-
able in ArcGIS 10.0. 

2.3  Methods  
2.3.1 Ordinary kriging combined with back-propa-

gation network（OK_BP） 

BP as a simple structure of ANNs is used to simulate the 
nonlinear complex system. The BP normally includes 
three layers: input layer, hidden layer and output layer. 
Each layer is composed of neurons and fully connected 

to the preceding layer by interconnection weights ( iw ). 

At the input layers, when an input neuron receives a 

signal (xi), it is transmitted to the hidden layers as jz . 

At the hidden layers, each neuron computes the sum 

il jw z  and then applies a nonlinear activation func-

tion 2f  to produce an output signal ilz . The process 

can be expressed as: 

 5
1 1j ij i ji

z f w x b


   (1) 

 2 1

l
il il j lj

z f w z b


    (2) 

where, ix  is the input vector. In this study, the input 

vectors include the elevation (x1), land use (x2), 
NDVI (x3), distance to the drainage ditches (x4), and 

distance to the irrigation ditches 5( )x . ilz  as an output 

vector represents the soil electrical conductivity. ijw  is 

the interconnection weight between the input layer and 

hidden layer, while ilw  is the interconnection weight 

between the hidden layer and output layer. jb  is the 

bias parameter between the input layer and hidden layer, 

while lb  is the bias parameter between the hidden 

layer and output layer. i, l and j denote the number of 
input, hidden and output nodes, respectively. In general, 
the optimal number of hidden nodes can be defined as: 

( ) al i j     (3) 

where, a is the constant with the range of 0–10. The 
network is trained by a back-propagation algorithm and 
conjugate gradient learning algorithms, which adjusts 
the weights and biases to minimize the error. The error 
is calculated using the following equation: 
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where, EP is the error value. iz  represents the meas-

ured values of soil electrical conductivity. m is the sam-
pling numbers. 

In order to identify how the input factors exert their 
influence on the soil electrical conductivity, sensitivity 
analysis is trained by removing one input factor at a 
time while not changing any of another item for every 
pattern. The algorithm can be defined as: 

/i i aSI RMSE RMSE      (5) 

where, iSI  is the sensitive index. iRMSE and aRMSE are 

the root mean squared errors of the default ith input fac-
tors and all factors entering the input layer, respectively. 

The value of iSI  is larger, the input factor is more sensi-

tive. The detailed algorithm is explained elsewhere 
(Olden and Jackson, 2002; Mozumder and Laskar, 2015). 
The BP procedures are carried out in MATLAB 6.1 
(MathWorks, Inc., Natick, MA, USA).  

The preceding BP is used to explain the nonlinear re-
lationships between selected influencing factors and soil 
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electrical conductivity. OK is used to estimate residuals 
from BP. Then, the target variable (i.e., soil electrical 
conductivity) can be calculated as:  

ˆ( ) ( ) ( )o il o oz x z x r x    (6)  

where ( )oz x  is the estimated value of the target variable 

at location ox . ˆ ( )il oz x is the predicted value by BP 

based on the nonlinear relationship. ( )or x  is the OK 

prediction of the residual. The final estimated soil elec-
trical conductivity is obtained as the sum of BP esti-

mates ˆ ( )il oz x and OK estimates of the residuals ˆ ( )ok or x . 

It is expressed as follows: 

ˆˆ ˆ( ) ( ) ( )o il o ok oz x z x r x              (7) 

The processes are calculated using ArcGIS 10.0. The 
detailed steps are shown in Fig. 2. To assess the feasibil-
ity of OK_BP, other methods such as OK, BP and RK 
are used to evaluate their mapping performances. 
2.3.2  Ordinary kriging 
OK is used to estimate the residual. It depends on the 
fact that the closer observations are more correlated 
and similar. The core of geostatistics is the variogram, 
which expresses the spatial dependence between near 
observations (Isaaks and Srivastava, 1989).Detailed 
descriptions of OK can be found elsewhere (Eldeiry 
and Garcia, 2012). 
2.3.3  Multiple linear regression 
The multiple linear regression (MLR) aims to produce a 
dependent prediction between more explanatory vari-
ables and a response variable by fitting a linear equation 
to training sites. In this study, the environmental vari-

ables holding the strongest correlation with the pre-
dicted variable are determined as first inputs of MLR, 
and then the rest of the variables are examined and 
selected as inputs if they can increase the coefficient of 
determination of MLR. The detailed illustration of the 
computing methods can be found elsewhere (Zhang et 
al., 2012; Zhang et al., 2013). MLR analysis is per-
formed using SPSS 16.0 (SPSS Inc., Chicago, IL, 
USA). 
2.3.4  Regression kriging 
RK can consider the auxiliary variables at those location 
points for interpolation of the outputs, which is restricted in 
the simple kriging method (Hengl et al., 2007). It is based 
on the idea that the deterministic component of the target 
variable is explained by a MLR model, and is then formed 
by summing the regression prediction and the ordinary 
kriging prediction of the residual at points. The process of 
RK can be summarized as follows: 

* * *( ) ( ) ( )RK o o oZ x m x r x     (8) 

where, * ( )RK oZ x  represents the predicted value of the 

soil electrical conductivity by RK, *( )om x  is the pre-

dicted value of soil electrical conductivity by the regres-

sion model, and *( )or x is residuals of the regression by 

semivariogram and OK. 

2.4  Evaluation of mapping performance          
After 10 fold cross-validation, the mean error (ME), the 
root mean square error (RMSE), the relative improvement 
(RI) and the decrease in estimation imprecision (DIP) of 
methods relative to OK for the validation sites are  

 

Fig. 2  Schematic illustration of the procedure to run ordinary kriging combined with back-propagation network. BP, back-propagation 
network. 
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calculated to assess the accuracy of the mapping soil 
electrical conductivity. Detailed descriptions of these 
indexes can be found elsewhere (Pang et al., 2009; 
Mueller and Pierce, 2003; Liu et al., 2006). RI, IP and 
DIP are expressed as follows: 
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  (11) 

where, n is the number of validation points. RMSEref is 
the root mean square error of the given reference 
method (OK), while RMSEe is the root mean square er-
rors of the evaluated methods (i.e., BP, RK and 

OK_BP). ( )o refIP x is the value of IP given the refer-

ence method (OK), while ( )o eIP x is the decrease im-

precision (IP) of the evaluated methods (i.e., BP, RK 
and OK_BP). Positive values of RI and DIP indicate 
that the evaluated methods can improve the mapping 
accuracy of the soil electrical conductivity. 

3  Results  

3.1  Descriptive statistics for soil electrical conductivity  
The data presented in Table 1 showed that the averages 
of the soil electrical conductivity for training sites at 
0–30 cm and 30–50 cm were 1.03 dS/m and 0.55 dS/m, 
respectively. The soil electrical conductivity decreased 
with the increase of soil depth, which indicated that-
salts accumulated on the soil surface. According to the 

classification standard of variability by Nielsen and 
Bouma (1985), the soil salinity displays strong, me-
dium and weak variability when the coefficient of 
variations is < 10%, 10%–100% and > 100%, respec-
tively. Accordingly, there were strong and medium 
spatial variability at the soil depths of 0–30 and 30–50 
cm, respectively. The soil electrical conductivity for 
the training sites was positively skewed, while the 
log-transformed soil electrical conductivity showed 
approximately normal distribution. Therefore, the 
mapping of soil electrical conductivity was conducted 
by log-transformed values, and ultimately, the predic-
tion values of the soil electrical conductivity were 
back-transformed into the original values using the 
antilogarithmic function. 

3.2  Sensitivity analysis for soil electrical conduc-
tivity 
Sensitivity analysis showed that the response of BP was 
highly dependent on the influencing factors (Table 2). It 
provided a measure of the relative importance among 
the inputs of the neural model. In this study, when each 
input factor was removed at a time while not changing 
any of another item, each SI showed more than 1. It re-
vealed that all input factors exerted these influences on 
the soil electrical conductivity at 0–30 and 30–50 cm 
soil depths. According to the values of SI, the decreasing 
orders of input importance at 0–30 cm soil depth were 
as follows: land use types, the distance to irrigation 
ditches, elevation, distance to drainage ditches and 
NDVI. The decreasing orders of importance at 30–50 
cm depth were as follows: land use types, elevation, 
distance to the irrigation ditches, distance to the drain-
age ditches and NDVI.  

 
Table 1  Descriptive statistics of soil electrical conductivity (dS/m) at two soil depths  

Raw data Log-transformed data 
Layer 
(cm) 

Data sets Min Max Ave SD CV 

Skew Kurt Skew Kurt P 

Training sites 0.17 5.14 1.03 1.12 1.08 1.42 0.73 0.60 0.74 0.055 0–30 

Validation sites 0.22 5.03 0.87 0.57 0.66 1.59 0.44 0.49 –0.58 0.605 

Training sites 0.15 2.28 0.55 0.46 0.84 1.31 0.92 0.34 –1.02 0.319 30–50 

Validation sites 0.18 2.23 0.41 0.14 0.60 1.26 0.34 0.68 –0.06 0.606 

Notes: Min, minimum; Max, maximum; Ave, average; SD, standard deviation; CV, coefficient of variation; Skew, skewness; Kurt, kurtosis. 
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Table 2  Validation results of sensitivity analysis by back-propagation network 

Layer (cm) Item ME MAE RMSE SI Rank of sensitivity 

All factors –0.226 0.498 0.844 – – 

Elevation –0.025 0.564 0.986 1.169 3 

NDVI 0.056 0.505 0.904 1.071 5 

LU 0.168 1.123 1.656 1.962 1 

DD 0.126 0.632 0.977 1.158 4 

0–30 

DI –0.236 0.631 1.039 1.231 2 

All factors –0.180 0.302 0.572 – – 

Elevation 0.227 0.451 0.693 1.212 2 

NDVI 0.115 0.475 0.654 1.143 5 

LU 0.001 0.614 0.835 1.460 1 

DD 0.280 0.425 0.673 1.177 4 

30–50 

DI 0.195 0.434 0.681 1.191 3 

Notes: NDVI, normalized difference vegetation index; LU, land use types; DD, distance to the drainage ditches; DI, distance to the irrigation ditches; ME, mean error; 
MAE, mean absolute error; RMSE, root mean squared error; SI, sensitive index. ‘–’ as a standard of sensitive index represents all factors entering the input layer. 

 

3.3  Performance of BP and MLR models 
BP network was trained with the input factors. In par-
ticular, it is worth noting that the optimal number of 
hidden neurons influenced on the mapping accuracy of 
the soil electrical conductivity. On the basis of the hid-
den nodes in Eq. (3), the number of hidden layer neu-
rons was 1 to 12 (Fig. 3). When the number was less 
than 7, the prediction accuracy kept decreasing with 
increasing RMSE and MAE. On the other hand, BP 
could be over-fitted when the number of hidden layer 
neurons was larger than 7 (Fig. 3). Accordingly, on the 
basis of the minimum MAE and RMSE, the optimum 
structures of network were 5-7-1 at two soil depths, in-
dicating that there were five input nodes in the input 

layer, seven nodes in the hidden layer, and one node in 
the output layer. The best performance of BP was ap-
plied to map the soil electrical conductivity.  

The soil electrical conductivity was fitted with the se-
lected factors by the MLR model. As shown in Table 3, 
land use types and distance to the irrigation ditches entered 
into the regression equation at 0–30 cm depth, while land 
use types and NDVI entered into the equation at 30–50 cm 
depth. The relationships between soil electrical conductiv-
ity and its related influencing factors were extremely sig-
nificant (P < 0.001), which indicated that the selected fac-
tors could explain the variability of soil electrical conduc-
tivity. Therefore, these factors were selected to predict the 
spatial distribution of soil electrical conductivity. 

 

Fig. 3  Variation of the root mean squared error (RMSE) and mean absolute error (MAE) with increasing hidden neurons in the optimi-
zation of the back-propagation network (BP) model at 0–30 cm (a) and 30–50 cm (b) soil depths 
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Table 3  Fitted equations of multiple linear regression models for different soil depths 

Layer (cm) Fitted equations R2 F P 

0–30 EC=0.295×LU+0.005×DI–0.055 0.362 11.673 <0.001 

30–50 EC=0.157×LU+1.266×NDVI–0.224 0.323 10.643 <0.001 

Notes: EC, soil electrical conductivity; LU, land use types; DI, distance to the irrigation ditches; NDVI, normalized difference vegetation index. 
 

3.4  Semivariogram analysis 
The residuals of the soil electrical conductivity were ac-
quired for the training sites with combinations of different 
variables (residualsRK and residualsOK_BP) (Table 4). On the 
basis of the Kolmogorov-Smirnov test, the raw data of the 
prediction residuals for OK_BP were closer to normal dis-
tribution (P > 0.05). By logarithmic transformation, soil 
electrical conductivity and residuals of RK model followed 
normal distribution, at 0–30 cm depth, the P-values of the 
soil electrical conductivity and residuals of RK model were 
0.21 and 0.14; at 30–50 cm depth, the P-values are corre-
sponded to 0.21 and 0.14. At 0–30 cm depth, the exponen-
tial model provided the best fit to the semivariogram in OK 
and the residuals of OK_BP, while the spherical model 
provided the best fit in the residuals of RK. At 30–50 cm, 
the spherical model provided the best fit to the 
semivariogram in OK and the residuals of RK, while the 
gaussian model provided the best fit in the residuals of 
OK_BP. The ranges and ratios of nugget/sill varied sig-
nificantly. The values of the range varied from 429 m to 
1000 m, which indicated that the grid spacing (240 m) was 
adequate for the characterization of the spatial variability. 
Cambardella et al. (1994) classified the strong, moderate 
and weak spatial dependency based on the ratios of nug-
get/sill at < 25%, 25%–75% and > 75%, respectively. For 
all the models, there was a moderately spatial correlation, 
which demonstrated that both intrinsic and extrinsic factors 
influenced soil electrical conductivity. Emadi and 
Baghernejad (2014) proved that compared with the weak 

spatial correlation, the relatively strong spatial structure 
could create more accurate map. 

3.5  Mapping spatial distribution of soil electrical 
conductivity  
Fig. 4 revealed that the spatial distribution of soil electri-
cal conductivity was similar by all four methods. The 
higher soil electrical conductivity was generally distrib-
uted in the west and southeast of the study area, and the 
lower soil electrical conductivity was mainly distributed 
in central area. According to the classification standards 
of soil salinization and the corresponding soil electrical 
conductivity in Ningxia (He et al., 2010; Wu et al., 2014), 
the non-salinized, slightly salinized, moderately salinized, 
severely salinized and saline-sodic soil were classified 
based on the soil electrical conductivity of < 0.34, 
0.34–0.98, 0.98–1.87, 1.87–2.96, > 2.96 dS/m, respec-
tively. Furthermore, if this accumulation reached 0.8 
dS/m, salt toxicity occurred. At 0–30 cm soil depth, the 
central area was slightly salinized with soil electrical 
conductivity < 0.98 dS/m, which was mainly distributed 
in arable lands. The west and southeast area showed se-
verely salinized to saline-sodic soil with soil electrical 
conductivity > 1.87 dS/m, specifically of > 2.96 dS/m, 
which were mainly distributed in the lower lying unculti-
vated land. At 30–50 cm depth, the soil in most areas was 
non-salinized to slightly salinized. In some localized ar-
eas, it was moderately salinized with soil electrical con-
ductivity of more than 0.98 dS/m.  

Table 4  Semivariogram parameters of soil electrical conductivity  

Layer (cm) Items Model Range (m) Nugget Partial sill Nugget/sill (%) R2 

Log (soil electrical conductivity) Exponential 1000 0.715 1.325 35.05 0.643 

Log (ResidualsRK) Spherical 429 0.598 1.051 36.26 0.692 

0–30 

ResidualsOK_BP Exponential 911 0.979 1.417 40.86 0.792 

Log (soil electrical conductivity) Spherical 797 0.281 0.497 36.12 0.667 

Log (ResidualsRK) Spherical 430 0.106 0.176 37.59 0.757 

30–50 

ResidualsOK_BP Gaussian 863 0.705 1.095 39.17 0.829 

Notes: Log (soil electrical conductivity) is log-transformed values of the raw soil electrical conductivity. Log (ResidualsRK) is log-transformed value of prediction 
residuals by multiple linear regression. ResidualsOK_BP is raw value of prediction residuals by ordinary kriging combined with back-propagation network. 
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Fig. 4  Predicted spatial distribution of soil electrical conductivity (dS/m) using (a) ordinary kriging (OK), (b) back-propagation net-
work (BP), (c) regression kriging (RK) and (d) ordinary kriging combined with back-propagation network (OK_BP) at 0–30 cm depth, 
and (e) ordinary kriging, (f) back-propagation network, (g) regression kriging and (h) ordinary kriging combined with back-propagation 
network at 30–50 cm depth 

 
The differences between the mapping results were 

also obvious. At different soil depths, the mapping 
range of OK_BP was larger than that of other methods 
(i.e., RK, BP and OK). OK_BP effectively avoided 
underestimation of the higher values and overestima-
tion of the lower values. The mapping polygons by 
OK_BP were relatively fragmentized, while the pre-
diction maps by OK were smoother and integrated. 
Thus, OK_BP revealed more details of the spatial 
variation responding to the influencing factors. OK_BP 
provided more flexibility and capability for applying 
various influencing factors to the spatial prediction of 
soil properties. Furthermore, according to OK_BP 
mapping, it was obvious that the highest soil electrical 
conductivity was mainly distributed in the west part 
with the characteristic of the relatively lower terrain 
and NDVI, shorter distances from drainage ditches and 
uncultivated land distribution. Therefore, it can exhibit 
more realistic interpolation quality of OK_BP than that 

of other methods.   

3.6  Evaluating mapping accuracy of different 
methods  
Table 5 showed the mapping accuracy of soil electrical 
conductivity at validation sites for the different methods. 
Considering the influencing factors as auxiliary infor-
mation, the MEs of OK_BP were closer to 0 than those 
of other methods (i.e., OK, BP and RK) for mapping 
soil electrical conductivity. It suggested that OK_BP 
was a less biased model. OK_BP achieved the lowest 
RMSE of 0.340 dS/m and 0.171 dS/m at the two depths, 
respectively, which indicated a better agreement be-
tween the measured values with the predicted values 
than other mapping methods. Moreover, OK_BP 
achieved the highest RI and DIP among the four meth-
ods at the two depths, which suggested that the applica-
tion of OK_BP could significantly improve the mapping 
accuracy of soil salinity at small scale.  
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Table 5  Mapping accuracy test of soil electrical conductivity  

Layer (cm) Method ME (dS/m) RMSE (dS/m) RI (%) DIP (%) 

OK –0.071 0.630 – – 

BP –0.079 0.562 10.794 37.576 

RK –0.051 0.540 14.286 45.608 

0–30 

OK_BP –0.030 0.340 46.032 91.432 

OK –0.049 0.304 – – 

BP –0.032 0.278 8.553 28.227 

RK –0.100 0.245 19.408 69.115 

30–50 

OK_BP –0.037 0.171 43.750 90.412 

Notes: OK, ordinary kriging; BP, back-propagation network; RK, regression kriging; OK_BP, ordinary kriging combined with back-propagation network; ME, 
mean error; RMSE, root mean squared error; RI, relative improvement; DIP, decrease in the estimation imprecision. 

 

4  Discussion  

In this study, soil electrical conductivity at 0–30 cm soil 
depth is higher than that at 30–50 cm depth. This is due 
to the salt in the subsoil moving upward and accumulat-
ing in the topsoil as a result of evaporation (Jordán et 
al., 2004; Yu et al., 2014). This result is consistent with 
previous studies (Chi and Wang, 2010; Zhao et al., 
2016), which find soil salinity surface accumulation. 
Soil electrical conductivity at 0–30 cm soil depth shows 
strong spatial variation (Table 1), and the mapping ac-
curacies at 0–30 cm soil depth are lower than that of at 
30–50 cm soil depth (Table 5). This can be attributable 
to the fact that topsoil salts are dynamic in nature, and 
complicated anthropogenic activities such as cultivation 
and irrigation may contribute significantly to spatial 
variation (Akramkhanov et al., 2011). Previous studies 
also emphasized that the surface soil properties were 
most modified by land management practices (Moore et 
al., 1993). 

According to the sensitivity analysis, land use types, 
elevation, irrigation, drainage and NDVI are important 
factors influencing soil electrical conductivity. As 
shown in Table 2, land use types are the most sensitive 
to soil electrical conductivity. In another study (Nosetto 
et al., 2008; 2013), land use types is also found to be 
strongly sensitive to soil salinization. Land use is one of the 
most important anthropogenic causes of salinization, and 
has the potential to disrupt the water balance of a given 
territory and trigger salinization. Micro-topographic fea-
tures, such as lower lying areas, are vulnerable to 
salinization. The lower topography together with the 
uncultivated land constrains surface drainage, whereas 

high topography with the cultivated land employs 
drainage systems controlling salinization. Therefore, 
elevation variation may lead to different EC values, and 
is then determined sensitively. The distances from dif-
ferent sampling fields to the irrigation or drainage 
ditches present difference (Fig. 1). The irrigation net-
works and the existing drainage ditches are built to 
leach the soil salinity and lower the groundwater table 
respectively. The effects of the irrigation and drainage 
are directly reflected by changing the soil electrical 
conductivity (Akramkhanov et al., 2011). Therefore, 
irrigation and drainage are found to be moderately sen-
sitive to soil salinity. NDVI is useful to determine the 
production of green vegetation, and lower NDVI values 
may correspond to high soil electrical conductivity due 
to low plantation stand (Aldakheel et al., 2011; Yahiaoui 
et al., 2015). However, uncultivated land with reeds and 
cultivated land with crop may present similar vegetation 
coverage in this study area. Thus, approximate NDVI 
values in study area may be less sensitive to soil salinity. 

OK_BP is a hybrid model with more stable mapping 
performance and relatively higher mapping accuracy, 
which may be ascribed to the relationships between the 
soil properties and environmental factors that are rarely 
linear in nature (Zhao et al., 2010). First, on the basis of 
the relatively lower coefficient of determination (R2) 
(Table 3), the MLR does not fully explain the compli-
cated relationships. Meanwhile, the BP model has the 
ability of establishing nonlinear relationships through 
training directly. Accordingly, the BP is more appropriate 
than MLR to capture the relationships between the soil 
property and its influencing factors, which has been pre-
viously demonstrated (Zhao et al., 2010; Li et al., 2013; 
Shahabi et al., 2017). Second, OK_BP systematically 
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applies intrinsic and extrinsic factors to map soil electri-
cal conductivity, and can capture both aspects of spatial 
variations caused by the local influencing factors and the 
spatial auto-correlation. Third, BP can deal with several 
issues, namely the reasonable change of scales (Akram-
khanov and Vlek, 2012). Thus, OK_BP can effectively 
avoid underestimation of the higher values and overesti-
mation of the lower values of the interpolation surface.  

Before mapping soil salinity by OK_BP, the factors 
influencing soil electrical conductivity should be con-
firmed to be significant by sensitivity analysis or Pear-
son correlation coefficients. Factors such as climate, 
fertilization, groundwater table depth and groundwater 
quality may influence soil electrical conductivity at lar-
ger scales. In the future, further investigation of the in-
corporation of these factors into the OK_BP at larger 
scales is required. The auxiliary factors may further im-
prove the performance of the model, but these are on-
going research topics beyond the scope of this study. 
Nevertheless, the results of this study indicate that 
OK_BP has the potential for modeling soil salinity and 
environmental characteristics. 

5  Conclusions  

In this study, sensitivity analysis shows that soil electrical 
conductivity is collectively influenced by the important 
orders of land use types, the distance to irrigation ditches, 
elevation, distance to drainage ditches and NDVI at 0–30 
cm depth, and the important orders of land use types, ele-
vation, distance to the irrigation ditches, distance to the 
drainage ditches and NDVI at 30–50 cm depth. Com-
pared with other methods (i.e., OK, BP and RK), OK_BP 
systematically considers both aspects of spatial variations 
caused by influencing factors and its spatial autocorrela-
tions. The mapping using OK_BP can generate more de-
tails of the spatial variation responding to the influencing 
factors, and effectively avoid underestimation of higher 
values and overestimation of lower values than other ex-
isting methods. Furthermore, OK_BP can improve the 
mapping accuracy of soil electrical conductivity, not only 
exhibiting the lowest RMSE of 0.340 dS/m and 0.171 
dS/m among the four methods at the two depths, respec-
tively, but also improving the accuracy of 46.032% and 
43.750% compared with OK at the two depths, respec-
tively. Thus, OK_BP is confirmed as an efficient way to 
understand soil salinization mechanism and improve the 

mapping accuracy of soil salinity. 
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