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Abstract
To investigate the problem of secondary salinization in agricultural irrigated areas with shallow
buried groundwater, regression Kriging (RK) and geographically weighted regression Kriging
(GWRK) methods were applied using soil salinity in Da’an, western Jilin province, China. Digital
elevation model (DEM), Topographic Wetness Index (TWI) and Groundwater salinity were selected
as auxiliary variables based on correlation analysis and stepwise regression analysis. Results showed
that the RK and GWRK can both effectively predict the spatial distribution of soil salinity due to the
incorporation of auxiliary variables. In addition, the GWRK accuracy is improved by 23.2%, which
should be attributed to the consideration of sample spatial non-stationarity. According to qualitative
relationship of soil salinity and groundwater, when the groundwater depth was less than 5 m with the
similar groundwater salinity, the soil salinity increased with decreasing groundwater depth, while more
than 5 m the soil salinity remain unchanged. The relationship between soil salinity, groundwater depth
and salinity could be quantitatively expressed using multiple power functions through data fitting.
The results provide a scientific basis for regulating groundwater to control soil salinity to prevent soil
salinization, and quantitative analysis needs further research.
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Introduction

Soil salinization, which is one of the main forms of
soil degradation, usually occurs in areas with an arid
climate, strong soil evaporation capacity and shallow
groundwater, and is mainly influenced by natural
factors such as climate, geology, soil texture and
human activities [1-3]. Controlling and evaluating the
spatial and temporal distribution of soil salinization is
important in many fields. Hence methods producing
reliable maps of soil salinity are necessary.
The main methods for obtaining soil salinization
data include field sampling. It has large uncertainties,
because of data density and soil variability, which could
lead to significant errors in salinization distribution
prediction. It is influenced by regional topography
and land, and is closely related to many natural
geographical factors, such as elevation, slope, aspect,
water environment etc.. Geostatistics is the most widely
used method to investigate these characteristics [4].
Because of limitations of the interpolation methods,
scholars have incorporated environmental variables
into the interpolation model to estimate the principal
variables, such as cokriging, geographically weighted
regression (GWR), artificial neural networks (ANN),
regression Kriging (RK), Bayesian maximum entropy
(BME) interpolation [5-7]. RK is a spatial prediction
technique, which is combined with a regression
forecast of auxiliary variables and Kriging interpolation
of the regression residuals [8]. But soil is a highly
variable continuum, the global model of the ordinary
least square (OLS) method cannot capture the local
characteristics of soil variation, thus introducing the
GWR. Geographically weighted regression Kriging
(GWRK) is a combination of GWR and Kriging method.
The regression process of GWRK conforms to the local
trend around the prediction point. The nonstationary
relationship between spatial variables can be adapted.
Better explain the change of target variable in space
[9]. It has been widely used in earth science, especially
in the study of spatial distribution of soil properties
[7, 10-13]. Numerous environmental variables have
been employed to map soil attributes; however, spatial
distribution of soil salinity using GWRK relatively
rarely reported in literatures, so its accuracy needs to
be further studied.
The western of Jilin in northern China is an
agricultural irrigation area, among which Da’an city has
the highest degree of soil salinization [14]. To improve
salinized soil, water is controlled and salinity is
regulated through water diversion projects. Soil salinity
fluctuates seasonally due to irrigation and drainage
[15]. Surface water increased and underlying surface
conditions changed, which make groundwater depth and
water chemistry has changed. The water and salinity
of soil is directly affected according to the hydraulic
relationship between groundwater and soil water, which
may lead to secondary salinization of soil [16, 17]. Most
qualitative and quantitative analyses have investigated

between soil salinity and groundwater depth and
concentrated in the Yellow River Delta, Hetao irrigation
area, and arid areas such as northwest Xinjiang [3, 18,
19], in this region are rare.
Based on the above characteristics, this study
assess the performance of RK and GWRK in the soil
salinity interpolation processes to investigate the spatial
variation characteristics. Then, quantitative analysis the
relationship between soil salinity, groundwater depth
and salinity, exploring the empirical formula to control
soil salinity by groundwater regulated in Da'an, western
Jilin, China. It provides scientific basis for irrigation and
drainage system to effectively prevent soil secondary
salinization.

Material and Methods
Study Area
Da’an in western Jilin has a total area of 4924 km 2
(123°08’-124°21’E, 44°57’-45°45’N). The landform is
flat and open, showing higher eastern and western
regions and less relief (Fig. 1). Climate change are
obvious, with precipitation occurring in low amounts
with uneven spatiotemporal distribution. The average
annual rainfall in the region is about 422 mm,
while the average annual evaporation is 1681 mm, or
about 4.23 times greater than the level of precipitation.
The average annual transit water volume is
20.774 billion m3, and the surface water volume is
sufficient. The groundwater types are divided into
pore diving and pore confined water. The groundwater
is shallow with slow runoff [20]. The maximum
groundwater depth is 8.84 m, the minimum is
1.54 m and the mean is 4.19 m. The hydrochemical
types are mainly HCO3-Na, HCO3-Na· Ca and
HCO3-Na·Mg·Ca [21]. Because of the diversion
irrigation project, grassland degradation and cultivated
land area increase obviously in this area. Irrigation
water is used vertically and laterally through channels,
while groundwater is replenished by infiltration
and lateral infiltration after irrigation. Groundwater
replenishes the soil water in the zone through the action
of capillaries, after which vegetation absorbs soil water
through the root system.

Sampling and Testing
Based on the land use situation of Da’an and the
existing groundwater level data, 113 sampling points
(Fig. 1) were uniformly arranged by global positioning
system (GPS). The sampling was repeated three times,
and the average value was calculated as the value of
each point. Sampling was conducted in April 2018
and collected at a depth of 30cm, after which residual
plant roots, stone particles and other impurities
were removed. About 10 g were put into soil sample
bags for numbering and recording. GPS was also
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Fig. 1. Location of the study area and sampling points.

used to determine the location of the groundwater wells
near the sampling points to collect water samples and
depth.
Soil salinity, the ratio of the weight of soluble salinity
in the soil to the weight of dry soil, was expressed as
a percentage. To measure the groundwater depth, the
distance between the surface of the groundwater and
the ground was determined using a rope. The salinity
of groundwater was determined by the gravimetric
method.

Topographic Variables
A digital elevation model (DEM) with a cell size
of 30 m, was used to calculate the morphometric
spatial predictors in ArcGIS 10.0 software. DEM was
downloaded from the gscloud.cn website, and then
pre-processed by mosaicking and filling a sink to obtain
DEM files covering the study extent. Five topographic
variables: slope, aspect, topographic wetness index
(TWI), and roughness, amplitude of landforms (AL)
were extracted.

was established by OLS method. The trend term
representing the deterministic part and the residual
term representing the stochastic part are obtained. Then
the normal kriging method is used to interpolate the
residual and the two are added together to obtain the
regression kriging interpolation result. The process can
be expressed as:
(1)
...where m(x) is the deterministic part fitted by the
regression model, ε(x) is the interpolated residual
by ordinary Kriging (OK, a fundamental Kriging
method).
Interpolated residuals by OK can be expressed as:
(2)
...where λi (i = 1…n) is the OK kriging weights and n
is the number of locations, with a constraint Σλi = 1,
and ei is the regression residuals. The variance of
regression residuals is represented by:

Data Analysis
Regression Kriging
The optimal linear regression relationship between
dependent variables and independent variables

(3)
...where h is the vector of distance andγ (h) is the
semivariance function.
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Geographically Weighted Regression Kriging

Validation Techniques

GWRK replaces global fitting in RK method with
local fitting in GWR. Then the local fitting residual
of the interpolation points is interpolated by ordinary
Kriging. The GWR model is represented as follows:

In order to evaluate the interpolation by RK and
GWRK, verify the measured value and estimated value
of the sampling point for accuracy evaluation. The
corresponding evaluation indicators and their formulas
are as follows:

(4)
(6)

...where YGWR (x0) is the simulation value of the dependent
variable at x0; Xi(x0) is the measurement value of the i
independent variable at x0; β0(x0) is the coefficient of
local estimation, obtained by weighted least square
method, is the function of spatial position, and
the gaussian function is used to estimate the weight
matrix.
GWRK method is an extension and extension of
GWR method. OK method is used to interpolate the
residual error after fitting the local model GWR, and
then it is added to the fitting trend of GWR method, and
the expression is as follows:

(7)

(8)
(9)
RI is used to compare the accuracy improvement of
different interpolation methods in pairs
The ArcGIS 10.0 software was used to analyze
the spatial variability of the test data. The SPSS
software was used for descriptive and correlation
analysis of the sample data, and Excel 2019 was used
for drawing.

(5)
...where ε(x0) is the residual of GWR model after fitting
at x0, and OK method is adopted for interpolation.

Table 1. Statistical characteristic of soil salinity.
Index

Maximum

Minimum

Mean

Standard
deviation

Coefficient of
variation (%)

Coefficient
of skewness

Kurtosis
coefficient

K-S

Soil salinity
(g/kg)

18.840

0.550

3.700

6.182

167.294

2.718

7.522

0.005

Table 2. Pearson correlation matrix between Soil salinity (Soil-S) and environmental variables.
Variables

Soil-S

NS

WE

Aspect

Roughness

DEM

AL

Slope

TWI

Soil-S

1

NS

-0.24

1

WE

-0.20**

-0.04

1

Aspect

-0.07

-0.23**

0.26**

1

Roughness

0.02

-0.24**

-0.17**

0.17**

1

DEM

-0.04*

-0.33**

-0.24**

0.15**

0.42**

1

AL

0.03

-0.24**

-0.32**

0.08

0.85**

0.53**

1

Slope

-0.01

-0.11*

-0.18**

0.12*

0.65**

0.21**

0.47**

1

TWI

0.21**

0.02

0-.04

-0.14*

-0.29**

-0.07

-0.17**

-0.29**

1

GD

0.09

-0.21**

-0.22**

-0.16**

0.04

0.39**

0.15**

-0.12*

-0.04

1

GS

-0.26**

0.63**

0.24**

0.02

-0.24**

-0.35**

-0.20**

-0.15**

0.02

-0.44**

** correlation is significant at the 0.01 level (two-tailed); * correlation is significant at the 0.05 level (two-tailed)

GD

GS

1
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Results and Discussion

Spatial Characteristics of Soil Salinity with RK
and GWRK Models

Statistical Analysis of Soil Salinity
The results of statistical parameters are shown in
Table 1.
Soil salinity mean is 3.7 0g/kg, ranged from 0.55
to 18.84 g/kg, and standard deviation is 6.182. The
variation coefficient of 167.294% (>100%) was strong
variation. Evaluation of the skewness and kurtosis
revealed that the skewness of soil salinity was larger
and that there was significant positive skewness.
Evaluation of statistical distribution of soil salinity was
tested by k-s test revealed that at the test level of 0.05,
it was normally distributed. The findings presented
above indicated that the variability of soil salinity was
significantly greater, possibly because of the complex
factors affecting the distribution of salinity. Therefore,
it is necessary to analyze the correlation of soil salinity
and environmental factors.

Correlation Analysis of Soil Salinity
and Environmental Factors
Correlations between the soil salinity (Soil-S)
and the auxiliary variables, including DEM, Slope,
Aspect, Roughness, Amplitude of landforms(AL),
Topographic Wetness Index (TWI), Groundwater depth
(GD), Groundwater salinity (GS), Longitude(WE) and
Latitude(NS), these variables of aspect were tested by
Pearson correlation analysis (Table 2).
Soil salinity has a significant negative correlation
with latitude and DEM, and a very significant positive
correlation with TWI and groundwater salinity.
Based on the relationship between the above four
environmental factors and soil salinity, it can be
preliminarily inferred that areas with low topography,
high groundwater salinity and high soil moisture are
conducive to the accumulation of soil salinity. The
four environmental variables were used for stepwise
regression analysis.

Evaluation and process of Regression
Stepwise regression can not only ensure that the
auto variables significantly related to soil salinity enter
the regression model, but also remove collinearity
between the independent variables. Based on the results
of stepwise regression, the linear regression equation
used in this study is expressed as in Equation (10). The
significance of OLS regression parameters is given in
Table 3.

(10)
DEM, Groundwater salinity and TWI are the best
independent variables for interpolation of soil salinity
(Table 3). The P values of the predicted values of all
variables were less than 0.05, and the VIF values were
less than 10, so there was no multicollinearity. The
model determination coefficient (Adjusted R 2) is about
0.40, which can meet the basic requirements of the
statistical model to a certain extent.
Geographically weighted regression was also
implemented using the selected predictor as same as
OLS. The optimal bandwidth is 8.15 km in this study
when the Gaussian is used. The statistics of regression
coefficients of variables in the GWR model are shown
in Table 4 and is expressed as in Equation (11). The
GWR determination coefficient (Adjusted R 2) is 0.418.

(11)
Regression Residuals Interpolation
Descriptive statistics show that the residual values
after OLS fitting range from -2.48 to 3.51 g/kg, kurtosis

Table 3. Stepwise process of the multiple linear regression analysis of soil salinity.
Model
1

2

3

Variable

Unstandardized coefficient

Unstandardized coefficient

B

Beta

Constant

10.239

GS

-0.004

Constant

9.453

GS

-0.004

-0.274

TWI

11.919

0.224

Constant

25.739

GS

-0.005

-0.324

TWI

11.418

0.214

DEM

-0.117

-0.143

-0.269

Adjusted R
square

VIF

p

0.476

1.000

0.000

0.430

1.001
1.001

0.000

0.400

1.141
1.005
1.147

0.009
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Table 4. Stepwise process of GWR of soil salinity.
Variable

Unstandardized coefficient

Unstandardized coefficient

B

Beta

Constant

29.164

DEM

-0.145

-0.273

GS

-0.005

-0.415

TWI

12.098

0.711

Adjusted R square

P
.000

0.418

.000
.000
.000

Table 5. Descriptive statistic of OLS residuals and GWR residuals.
Variable

MIN.

MAX.

MEAN

skewness

kurtosis

OLS residuals

-2.48

3.51

0.437

0.048

-0.886

GWR residuals

-1.49

2.53

0.837

0.394

0.868

is -0.886, skewness is 0.048. GWR residual values range
from -1.49 to 2.53g/kg, kurtosis is -0.394, skewness is
0.868. Both have passed the k-s test and are suitable for
geostatistical interpolation (Fig. 2). The semi-variance
analysis of OLS and GWR residual is calculated
(Fig. 3 and Table 6).
Nugget (C0) reflects the degree of spatial variation
caused by random factors of regionalized variables.
The ratio of nugget and sill in the variogram model

(C0/(C0 + C)), represents the spatial dependence
structure, which can be explained as the proportion
of spatial heterogeneity caused by random factors.
When the ratio is less than 25%, regression residuals
are spatially dependent. If the ratios is 25%-75%,
residuals have a moderately strong spatially dependent
structure. Until the ratio reaches above 75%, the spatial

Fig. 2. Histogram of the soil salinity residuals from OLS and
GWR regression.

Fig. 3. Residual variograms and models fitted for RK a) and
GWRK b).
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Table 6. The semi-variation function parameters of OLS and GWR regression residuals.
ITEM

Theoretical
model

Nugget
C0

Sill
C0+C

Proportion (%)
C0/(C0+C)

Range

R2

OLS

Exponential

0.20

1.88

10.6

0.03

0.706

GWR

Exponential

0.092

1.35

6.8

0.019

0.710

dependence structure is very weak. In this study, the
nugget of OLS and GWR residuals is less than 1, which
shows that the spatial variability was predominately
caused by structural factors. The random factors of
soil variation have little influence, and the variation
is mainly controlled by structural factors. This also
indirectly confirms the feasibility of applying terrain
factors to assist interpolation. The C0/(C0+C) of OLS
residuals was 10.6%, and GWR residuals of 6.8%
signifies that spatial variability caused by random
factors in OLS residuals was greater than in GWR
residuals. These different degrees of spatial dependence
structure in the two regression residuals could be
induced by different degrees of trend elimination in
residuals of the two regression models. The coefficient
of determination is above 70%, and good fitting results
are obtained.

because of the strong evaporation, the capillary
water in the aerated zone raised, bringing the soluble
salinity in the groundwater to the soil surface. This
phenomenon is reasonable. The variation range
of soil salinity obtained by GWRK method was
0.357~11.6g /kg, and the overall distribution was
basically consistent with RK method. The range of
salinity predicted by RK is wider than the range
predicted by GWRK (Fig. 4). The salinity distributions
predicted by RK showed more spatial variation than
those predicted by GWRK. According to the five
evaluation indexes of MA, MAE, RMSE, R and RI
(Table 7), RK method and GWRK method with terrain
factor as auxiliary variable have higher accuracy
indexes, while the GWRK accuracy is improved by
23.2%. GWRK method is better than RK method in
simulating the spatial distribution of soil salinity.

Performance of RK and GWRK Model

Relationship of Groundwater on Soil Salinization

Based on the above analysis, the soil salinity,
OLS residual values and GWR residual values of
were interpolated by ordinary Kriging (OK), and
the spatial distribution of soil salinity was obtained
by RK and GWRK (Fig. 4). The variation range of
soil salinity obtained by RK method was
0.166~12.99g/kg. From east to west, the distribution
of soil salinity showed an overall trend, which is
“low on both sides and high in the middle”. The
high value appeared in the areas with more lakes,
which may be related to the drainage of irrigation
and salinity discharge in the study area. In addition,

Studies have shown that groundwater salinity is
an important source of soil salinity, and there is a
significant correlation between groundwater salinity
and soil salinity [22] (Table 2). After obtaining the
spatial distribution of soil salinity, it is generally
combined with groundwater to regulate soil salinity,
because it is necessary to understand the relationship
between groundwater and soil salinity. To quantitatively
analyze the relationship among these three factors, data
from the measured soil salinity, groundwater depth and
groundwater salinity test data of all sample points were
integrated for unified analysis.

Fig. 4 Soil salinity map predicted by RK a) and GWRK b).
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Table 7. Validation of RK and GWRK models.
METHOD

ME

MAE

RMSE

R

RK

-1.911

3.226

4.001

0.702

GWRK

-1.462

2.929

3.946

0.864

To further quantitatively analyze the relationship
of soil salinity on groundwater depth and groundwater
salinity, assuming that one variable was unchanged
first. Based on the data measured at the sampling sites
and the quality standard for groundwater (GB/T148482007), data were divided into two groups (>1 g /L and
<1 g/L) to analyze the relationship between soil salinity
and groundwater depth. Fitting the test data of sampling
points with different groundwater salinities revealed a
functional relationship (Fig. 5).
Through the sampling points of different
groundwater salinity test data fitting, it has a certain
functional relation, respectively:
(12)
(13)

Fig. 5. Fitting diagram of the relationship between soil salinity
and groundwater depth.

RI (%)
23.2

...where, y represents the soil salinity and x represents
the groundwater depth.
After the local groundwater depth increased to
a certain level, the soil salinity tended to remain
at a constant value (Fig.5 ). When the groundwater
salinity <1 g/L, the groundwater depth less than 5 m,
soil salinity decreased significantly with increasing
groundwater depth, indicating that shallow groundwater
was an important cause of salinity generation and
accumulation. The Equation (12-13) generated was
a power function with a negative exponent, and the
correlation coefficient was around 0.7. In the case of
similar groundwater salinity, shallower groundwater
with less than 5 m was associated with more salinity
and accumulation.
Based on previous analysis, the soil salinity changed
greatly before reaching 5 m; therefore, the groundwater
depth was divided into two groups (>5 m and <5 m),

Fig. 6. Fitting diagram of the relationship between soil salinity
and groundwater salinity.
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after which the data from each group were analyzed
separately (Fig. 6).
Through the sampling points of different
groundwater salinity data fitting, it has a certain
functional relation, respectively:

Evaluation of the Equation (12-15) revealed that they
all showed a good power function can be summarized
as follows:

(14)

...where, y represents the soil salinity and x represents the
groundwater depth or groundwater salinity. Therefore,
the three factors have the relationship depicted in Fig. 7.
The result is shown in Equation (17).

(15)
...where, y represents the soil salinity and x represents
the groundwater salinity.
When the groundwater depth was similar, the
soil salinity increased with increasing groundwater
salinity (Fig. 6). According to the Equation (14-15),
the correlation coefficient is around 0.7, and the fitting
precision is good.
The relatively low correlation coefficient may have
occurred because the soil texture conditions were
not very different, and natural conditions such as
topography, geomorphology, microclimate, hydrology,
as well as the complicated process of sample selection
and sampling, and some human factors are involved in
the interference. However, relevant data have shown
that there is an exponential relationship between soil
salinity and groundwater salinity in Xinjiang irrigation
areas, northwest China [23]. In the area investigated for
the present study, we found that there was a good power
exponent function relationship between groundwater
salinity and soil salinity.
Generally, existing studies only use an index of
groundwater depth or groundwater salinity separately
to fit the function with soil salinity [24], which brings
inconvenience to the analysis of soil salinity under
different groundwater environments. The relationship
among soil salinity, groundwater depth and groundwater
salinity can be determined through the equation.
Therefore, all data were further analyzed, and all the
conditions were repeatedly calculated and integrated to
achieve this goal with minimum error.

(16)

(17)
...where, z represents the soil salinity, x represents the
groundwater depth, and y represents groundwater
salinity.
Specifically it can express the relationship curve
between soil salinity, groundwater depth and salinity.
The correlation coefficient can reach >0.7 (Fig. 7).
These results showed that the multiple power function
can describe the relationship between soil salinity,
groundwater depth and groundwater salinity well.
Therefore, the relationship can be directly used to
predict soil salinity in this study area, while also
providing an example for research in similar areas.

Discussion
The spatial variation of soil properties is controlled
by various structural and random factors [25].
Topographic factors, i.e. slope, aspect, roughness,
etc., can regulate the redistribution of water, heat and
matter. Therefore, it affects the degree and intensity
of soil variation, and is the structural factor that has
the strongest effect on soil variation under natural
conditions. In this study, combining the characteristics
of the study area, terrain factors such as DEM, TWI
and groundwater salinity were selected as auxiliary

Fig. 7. Relationship between soil salinity, groundwater depth and groundwater salinity.
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variables to be included in the RK and GWRK
interpolation model, and to improve the accuracy of soil
salinity interpolation were discussed.
The RK can not only use the relationship between
variables and terrain factors to establish a global
regression model, but also make full use of sample
information for ordinary Kriging interpolation in the
presence of spatial autocorrelation of residuals [26].
But it does not take into account the effect of spatial
heterogeneity on model fitting, which has certain
limitations. The GWR relies on changes in the weight
function to capture local spatial information, eliminating
the effect of spatial heterogeneity on model fitting,
and improving the model’s estimation and prediction
capabilities. The GWRK extends the GWR. It takes
into account both the impact of spatial heterogeneity
on model estimation and the spatial correlation
structure inherent to the residuals of the GWR model to
improve accuracy. Scholars use GWRK to make spatial
prediction and mapping of soil properties. They proved
its superiority in improving interpolation accuracy and
capturing spatial non-stationarity [27-29]. This study
used the GWRK model to estimate soil salinity, and its
prediction accuracy was consistent with the results of
the above-mentioned scholars. This is a useful attempt
the five accuracy indicators of the model showed better
than RK. The value of GWRK in individual areas is
more abundant. However, with an increase in the size
of the study area and the complexity of the underlying
surface, the relationship between soil and auxiliary
variables will become more unstable. When selecting
topographic factors in this paper, some factors have not
been quantified and taken into account, such as land
use changes such as upland fields and paddy fields.
In addition, the sampling points need to be enriched
to improve the accuracy of the results. The drainage
direction of the irrigation is natural lakes in study area.
Due to the high temperature, little rainfall, and strong
evaporation in summer, soluble salinity in deep soil and
groundwater are accumulated in the topsoil by the rise
of capillary water in the aerated zone, thereby forming
a high-salinity partition, strong variability, consistent
with the results of combining GWRK. Groundwater
is closely related to soil salinity. From the correlation
between soil salinity and environmental factors
(Table 2), it can be seen that there is a correlation
between groundwater depth and salinity, and there is
a very significant positive correlation with salinity.
How to control groundwater to control soil salinization
is a difficult problem, and crops, climate, soil texture,
and human factors need to be considered at the same
time. This study preliminarily concludes that the three
can be expressed by a multivariate power function,
which can provide managers with a preliminary
judgment based on less other environmental
information. However, the experimental data is still
lacking a long series of observations, and it is necessary
to continue to improve and improve the accuracy of the
empirical equation.
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Conclusions
This article takes the saline soil area of western Jilin
as the research area, and uses the RK and GWRK to
study the spatial distribution of soil salinity. Through
correlation analysis and collinearity test, the optimal
auxiliary factors selected were DEM, TWI and
groundwater salinity, which all reached extremely
significant correlations. The RK and GWRK can
effectively predict the spatial distribution of soil salinity,
and the GWRK accuracy is improved by 23.2%, which
overcomes spatial non-stationarity. The mapping effect
has been improved, and the information of the image
in a small area is more abundant. The high value of
soil salinity appeared in the areas with more lakes,
because of the strong evaporation, the capillary water
in the aerated zone raised, bringing the soluble salinity
in the groundwater to the soil surface. According to
qualitative relationship of soil salinity, groundwater
depth and groundwater salinity, when groundwater
depth was generally less than 5 m, soil salinity
increases as groundwater depth decreases, then tends to
reach a constant value at depths greater than 5 m with
the similar groundwater salinity. On this basis, multiple
power functions were used to quantitatively express the
relationship. In this study, soil salinity can be predicted
and controlled through groundwater to provide a
scientific basis for the management of soil salinity in
salinized areas. At the same time, more questions about
improving the spatial interpolation accuracy of soil
salinity and the quantitative relationship between soil
salinity and groundwater should be further developed.
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