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Regression Kriging-Based Upscaling of Soil
Moisture Measurements From a Wireless Sensor

Network and Multiresource Remote Sensing
Information Over Heterogeneous Cropland
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Abstract—The ground truth estimated by in situ measurements
is important for accurately evaluating retrieved remote sensing
products, particularly over heterogeneous land surfaces. This let-
ter analyzes the role of multisource remote sensing observations
on the upscaling of soil moisture observed by a wireless sen-
sor network at the pixel scale via the regression kriging (RK)
method. Three types of auxiliary remote sensing information are
employed, including Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) Temperature Vegetation Dryness
Index (TVDI; 90 m), Polarimetric L-band Multiband Radiometer
brightness temperature (700 m), and Moderate Resolution Image
Spectroradiometer TVDI (1000 m). Moreover, a comparison with
the ordinary kriging method is analyzed. The spatial inferences
show that the RK method is more accurate and that its spatial
pattern is more consistent with the auxiliary data when the trend
is successfully removed, particularly when spatial continuity is
destroyed by irrigation. The ASTER TVDI has a higher resolution
and stronger correlation with soil moisture and yields more accu-
rate interpolation results than the other types of remote sensing in-
formation. Although medium-resolution data do not substantially
contribute to capture the spatial patterns of soil moisture, such
data may still improve the prediction accuracy.

Index Terms—Regression kriging (RK), remote sensing,
soil moisture, spatial heterogeneity, upscaling, wireless sensor
network.

I. INTRODUCTION

SOIL moisture is an important variable in the water, energy,
and biogeochemical cycles within climate systems. The

quantitative estimation of soil moisture is meaningful for many
interrelated research and application fields, such as weather
predictions, hydrology, watershed management, and flood fore-
casts. Soil moisture is generally obtained through ground-
based observation networks, land surface models, and remote
sensing technology. Model simulations and remote sensing re-
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trievals may contain large uncertainties because of the inherent
complexity of physical processes and their parameterization
[1]. Therefore, grid-based approaches should be calibrated and
validated against ground-based observations, traditionally via
in situ measurements.

Recently, estimations of soil moisture at the grid scale based
on point measurements, which is also known as upscaling,
have received considerable attention. There are three general
methods of performing these estimations: 1) empirical methods,
such as the multipoint average within a pixel; 2) upscaling
methods based on time information, such as time stability
analyses; and 3) kriging methods, such as kriging technology
that considers the spatial autocorrelations of target variables.

Soil moisture shows strong spatial variability [2] that may
be caused by topography, soil texture, and vegetation coverage
[3]. Understanding the spatial characteristics of soil moisture is
helpful for estimating the soil moisture at heterogeneous remote
sensing pixels. Kriging based on the spatial autocorrelation the-
ory is an effective upscaling method for inferring soil moisture
estimations and variance [3], [4].

Most of the previous works on kriging-based upscaling of
soil moisture have been performed by directly interpolating
in situ measurements. Such upscaling strategies are applicable
when soil moisture is spatially continuous and satisfies the
assumption of second-order stationary processes. Otherwise,
mixed models that combine kriging and auxiliary information,
such as the regression kriging (RK) method [5], are more
instructive for spatial predictions. Because of the high correla-
tions between soil moisture and topography, terrain factors such
as slope and aspect are often used in combination with kriging
techniques [6]. Snepvangers et al. [7] have conducted meaning-
ful work in which soil moisture is predicted by employing the
net water input obtained through the water balance.

In this case, the strong heterogeneity of soil moisture in the
study area is primarily caused by irrigation. The spatial distribu-
tion of irrigation patterns changes with time and shows random-
ness. Therefore, to improve prediction accuracy, it is necessary
to incorporate additional information to capture soil moisture
patterns. Remote sensing information can collect the spatial
characteristics of a target variable because it has spatially con-
tinuous coverage. In this letter, multiresource remote sensing
information related to soil moisture is used to establish the
regression models that are combined with kriging techniques.
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Fig. 1. Map of the study area showing the location of the EHWSN nodes.

In addition, different prediction results based on diverse remote
sensing information are compared and analyzed.

II. STUDY AREA AND DATA

The study area is located in the middle reach of the Heihe
River Basin, which is situated in northwest China. The main
crop type in the study region is seed corn, which covers ap-
proximately 75% of the total area. Other plants, such as wheat,
vegetables, and fruits, are also present. There is a dense network
of canals that serve as the irrigation system in this region. Soil
moisture spatially varies because of the artificial allocation of
irrigation water to farmland.

The Ecological and Hydrological Wireless Sensor Network
(EHWSN), a multiscale observation network that is one of the
fundamental experiments of the Heihe Water Allied Telemetry
Experimental Research (HiWATER) project [8], is used to
capture the spatial heterogeneity of soil moisture in the middle
reach of the Heihe River Basin and produce accurate ground-
based observations to validate the soil moisture remote sensing
products (doi: 10.3972/hiwater.118.2013.db; 10.3972/hiwater.
120.2013.db; 10.3972/hiwater.119.2013.db). The EHWSN dis-
tributed 163 nodes that are positioned in 4 × 4 Moderate Res-
olution Image Spectroradiometer (MODIS) grids (see Fig. 1)
using the optimal spatial sampling method [9]. The instruments
observe soil moisture and temperature at depths of 4 and 10 cm
at 10-min intervals [10]. Because of the high temporal resolu-
tion of the EHWSN, the ground-based soil moisture observa-
tions can be precisely synchronized with satellite and airborne
remote sensing measurements.

Remote sensing can capture the spatial heterogeneity of
surface variables because of its continuous coverage of land
surfaces. To enhance the prediction accuracy, multiple-source
remote sensing information is employed that includes land sur-
face temperature (LST, MOD11A1) and the Normalized Dif-
ference Vegetation Index (NDVI, MOD13A2) from MODIS.

Another LST mapping with higher resolution is retrieved
using the algorithm developed by Li et al. [11] from the
Advanced Spaceborne Thermal Emission and Reflection Ra-
diometer (ASTER); the NDVI is also calculated from ASTER
data. The microwave brightness temperature (TB) with hori-
zontal polarization is obtained from the airborne Polarimetric
L-band Multiband Radiometer (PLMR) with a 7.5◦ incidence
angle (doi: 10.3972/hiwater.013.2013.db; 10.3972/hiwater.017.
2013.db; 10.3972/hiwater.021.2013.db).

The TB is directly used as auxiliary information because
of its strong correlation with soil moisture. The Temperature
Vegetation Dryness Indexes (TVDI) are calculated using the
LST and NDVI [12], which effectively indicate the spatial
patterns of soil moisture and are generally used to downscale
microwave soil moisture products.

III. METHODOLOGY

A. Prediction Method

Most environmental variables have spatial autocorrelation
characteristics. For such variables, the kriging estimation
method, which depends on variograms, can be used to predict
values at unobserved points or blocks. A spatial autocorrelation
variable could be modeled as the sum of a deterministic trend
m(u) and a random autocorrelated residual component ε(u)
[13], i.e.,

Z(u) = m(u) + ε(u). (1)

Remote sensing data can reflect the spatial heterogeneity of
variables at its observation scale. To improve the prediction
accuracy, remote sensing data are used to estimate a linear trend
model. The RK method combined with a linear trend model
is used to estimate target variables, and the advantages of this
approach have been verified in several studies [5], [14]. The
target variable, such as the soil moisture, at a new location u0

is estimated by adding the inferred residuals to the fitted trend
model. The residuals are interpolated using ordinary block
kriging (OBK), which converts the residuals to a grid of the
same size as the pixel of remote sensing data, i.e.,

z∗(u0) =

p∑
k=0

β∗
k · qk(u0) +

n∑
i=1

wi(u0) · ε(ui)

q0(u0) = 1 (2)

where p is the number of auxiliary variables, qk(u0) is the value
of the kth auxiliary variable at location u0, n is the number
of samples, and wi(u0) is the weighted coefficient used to
interpolate ε(u) using OBK. Moreover, β∗

k is the coefficient of
the estimated trend model and is fitted using the ordinary least
squares (OLS) method, i.e.,

β∗
OLS = (qT · q)−1 · qT · z (3)

where q is the [n, p+ 1] matrix of the auxiliary variables at all
EHWSN node locations, and z is the soil moisture observation
vector from the EHWSN.
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TABLE I
SIGNIFICANCE TESTS OF THE REGRESSION COEFFICIENTS

B. Evaluation

K-fold cross validation is a common method used to eval-
uate prediction accuracy. The EHWSN samples are randomly
divided into k equal size subsamples. K-fold cross validation
is performed by eliminating a single subsample at a time as
the validation data and subsequently predicting values of this
subsample by using the remaining k-1 subsamples. We examine
the difference between the observed and predicted values using
the mean error (ME), root-mean-square error (RMSE), and
correlation coefficient (r), i.e.,

ME =
1

N

N∑
i=1

[z(ui)− z∗(ui)] (4)

RMSE =

√√√√ 1

N

N∑
i=1

[z(xi)− z∗(xi)]
2 (5)

r =

N∑
i=1

[
z(ui)− z(ui)

] [
z∗(ui)− z∗(ui)

]
√

N∑
i=1

[
z(ui)− z(ui)

]2
·

N∑
i=1

[
z∗(ui)− z∗(ui)

]2
(6)

where z∗(ui) is the predicted value, z(ui) is the observed value,
and N is the number of samples. For k-fold cross validation, the
evaluation index is defined as follows:

Q =
1

k

k∑
i=1

Ii (7)

where k is the number of subsamples, and Ii may be the RMSE,
ME, or r of the ith subsample. A common choice for K-fold
cross validation is K = 10.

TABLE II
OLS REGRESSION MODELS AND TESTS

Fig. 2. Experimental semivariograms (circles) and soil moisture variograms
(dotted line) predicted by the EHWSN and residual variograms (solid line)
predicted by OLS under various environmental conditions (e.g., precipitation
and irrigation).

IV. RESULTS

A. Data Analysis and Regression Modeling of Trends

Kriging methods require that data conform to a normal distri-
bution. To enhance normality and symmetry, the soil moisture
raw data are transformed using logit transformation. The details
of this method can be found in [14].

The correlations between the logit transformation of soil
moisture and predictors (i.e., TB , TVDI, X , and Y coordinates)
are analyzed using the t-test statistic of the regressions (see
Table I) to determine the optimal predictor to remove the
trend. Most of the X coordinate coefficients are not statistically
significant at a less than 90% confidence level, which indicates
that the X coordinates have almost no correlation with soil
moisture. All of the predictor coefficients from the remote sens-
ing information exhibit statistical significance at a probability
of at least 0.9. Compared with MODIS, the coefficients of
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Fig. 3. Soil moisture interpolated using the RK and OK methods.

ASTER and PLMR have a higher confidence. Because artificial
irrigation was performed from June 20, 2012 to September 1,
2012, the soil moisture was spatially reallocated. The Y coor-
dinate is negatively correlated with soil moisture, particularly
during the latter period of irrigation (August 28, September 3,
and September 8).

The predictors with regression coefficients that exhibit low
statistical significance are removed, and the linear model is then
reestablished with the remaining predictors. The coefficient
of determination (R2) and test statistic (p value) are used to
verify the goodness of fit and significance of the regression
models, respectively (see Table II). Although the R2 values of
the regression models for July 7 and August 11 are very low,
these both regression models are still statistically significant at
the p < 0.05 level.

B. Variogram Analysis of the Random Residuals

Fig. 2 shows the variograms of both in situ soil moisture
measurements and the residuals predicted by OLS for vari-
ous environmental conditions, e.g., precipitation and irrigation.
The residuals are calculated by subtracting the EHWSN soil
moisture observations from the corresponding model predic-
tions according to Table II. Three universal variogram models,
including the Gaussian, spherical, and exponential models, are
compared, and the theoretical model with the smallest residual
sum of squares relative to the experimental semivariograms is
then selected. The soil moisture variogram is used for interpo-
lation with the OBK method, and the variogram of the residuals
is used in the RK method.

The variograms of the residuals represent smaller ranges of
spatial dependence and smaller sills than the variograms from
soil moisture, which suggests that the trend is successfully
removed. However, the soil moisture variograms for July 7
and August 11 are nearly identical to the residual variograms.
This similarity is caused by the trend models with low coef-
ficients of determination. The effect of removing the trend is
more remarkable for the ASTER and MODIS TVDIs than the
PLMR TB .

Local irrigation spatially redistributes soil moisture and en-
hances surface heterogeneity. This phenomenon damaged the
structure of the variograms for June 30 and August 28. As a

result of the increase in heterogeneity, the variograms display a
shorter range of spatial dependence than that under the precipi-
tation condition, which makes the ground more homogeneous,
and the variograms display a longer range of spatial depen-
dence, particularly for September 03. Without precipitation and
irrigation events, the variograms faithfully reflect the spatial
variability of soil moisture.

C. Bias and Prediction Accuracy

The estimated OLS residuals at the EHWSN nodes are
interpolated using OBK and added to the trend. The predicted
block size is consistent with the resolution of the remote sensing
data. The final predicted results using the RK method are shown
in Fig. 3, whereas the ordinary kriging (OK) results using only
the EHWSN observations are shown for comparison.

The OK maps exhibit smooth transitions relative to the RK
method. The RK maps exhibit more detailed spatial patterns
than the OK maps when the high-resolution ASTER TVDI is
used. Because of the higher correlation with soil moisture, the
RK results on June 24 are more similar to the auxiliary data
relative to the results on June 15 and August 11. With the
increasing size of the interpolation grid, the differences between
the RK and OK methods are small using the PLMR and MODIS
data. Therefore, the coarse-resolution auxiliary data provide
a smaller contribution when capturing soil moisture spatial
characteristics. However, low-resolution data remain effective
for improving the prediction accuracy.

Table III shows several assessment indexes used to evaluate
prediction accuracy. We expect the predictions to be unbiased;
if prediction values are unbiased, the ME should be approx-
imately zero. There are six cases where the RK biases are
smaller than the OK biases, and three of these cases use the
ASTER data. The degree of bias is described by the RMSE.
The RK RMSE is only worse than the OK RMSE for July
07, and the RMSE is much closed for August 11. To compare
the consistency between the measurements and predictions,
correlation coefficients are calculated. The RK method exhibits
a distinct advantage over the OK method, and the RK method
using the ASTER TVDI data yields the best results; the second
best case uses the MODIS TVDI data. Although the MODIS
data resolution is coarser than that of the PLMR TB , the Y
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TABLE III
VALIDATION OF BOTH THE RK AND OK METHODS

coordinate, which exhibits a strong correlation, is also used to
establish the trend model. Therefore, the accuracy of the RK
method using the MODIS TVDI data is higher than that when
using the PLMR TB .

V. DISCUSSION AND CONCLUSIONS

The OK method is based on strict second-order stationary as-
sumptions, but irrigation events may make it difficult to satisfy
this hypothesis. However, the RK method avoids this problem,
which is one of reasons why the accuracy of RK is generally
higher than that of OK. The differences between the RK and
OK methods are examined in this study. When high-resolution
data are used for the interpolations, the RK-interpolated results
exhibit more detailed spatial patterns and higher prediction
accuracy relative to the OK method. The contribution of coarse-
resolution data in capturing the structural characteristics of
the target variable is weak; however, such data may improve
the prediction accuracy. In addition, employing auxiliary data
does not substantially reduce the performance efficiency (see
Table III). The computational expense of the RK method is low;
thus, the assistant data should be properly considered.

Correlation analyses between the predictors and target vari-
ables are required. As the correlations between the target
variables and predictors increase, the effect of removing the
trend becomes more pronounced, which would improve the
interpolation accuracy. If inappropriate predictors are selected,
the RK method may produce estimates that are similar to or
even worse than the OK method.

RK relies on the data quality of the target variable. If the data
are from a biased sampling design, the prediction may be even
worse than with a simple method, such as the inverse distance
interpolation method. An incorrect data point may lead to a bad
regression model, which would affect the global predictions.
However, undersampling is another factor that might affect

the accuracy of RK. For variogram modeling, the number of
paired points must be adequate for various spacings, and at
least 50 points are recommended to estimate a variogram. For
regression modeling, more than 50 observations per predictor
are strongly advised to prevent overfitting [15]. The results are
not affected by the aforementioned factors because the data
quality has been controlled and the sampling design considers
both variogram modeling and spatial prediction accuracy [9].

Irrigation damages the structure of variograms, which in-
creases their uncertainty. Further research should introduce
irrigation data for upscaling. It is difficult to apply a single
upscaling method to all scenarios. Therefore, based on the
spatial data, the autoselection of a suitable method should be
an important component of future work.
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