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• One artiﬁcial neural network-based approach for ﬁlling spatial gaps of
satellite-derived soil moisture was proposed.
• Estimated accuracy of soil moisture presented signiﬁcant discrepancy under
high- and low-density vegetation.
• Machine learning technology displayed
competitive advantage in reconstructing
soil moisture relative to ordinary kriging.
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a b s t r a c t
Soil moisture (SM) is a vital variable for controlling water and heat exchange between the atmosphere and land surface. Spatiotemporally continuous satellite-derived SM information is urgently needed for large-scale meteorological and hydrological applications. This study proposes the application of a spatial gap-ﬁlling method using an
artiﬁcial neural network (ANN) to reconstruct missing records of daily surface SM from the Climate Change Initiative
program of the European Space Agency (ESA CCI) in the growing seasons of 1982–2015 across China. Ten environmental variables were taken into consideration, including meteorological forcing, geographic and topographic features, vegetation conditions, and soil texture. The ANN-reconstructed SM and RF-reconstructed SM were
validated using the ground-based observations and three global reanalysis SM datasets. The gap-ﬁlling results by
the ANN model were compared to that by the original kriging (OK) model under three simulation scenarios: SM images with removed swaths, varying vegetation densities, and different percentages of data gaps. The results showed
that the ANN-reconstructed SM was in good agreement with in-situ SM observations, with the CC more than 0.607
and the RMSE less than 0.074 m3/m3 over the northwestern and eastern parts of China. Compared with the original
ESA CCI SM, the ANN model performed better than the OK model in reconstructing SM with absent swaths and in
densely and sparsely vegetated regions. Speciﬁcally, the ANN-reconstructed SM provided a higher estimation accuracy in regions with low-density vegetation than in those with high-density vegetation. The weaker performance
may due to the complex interactions between surface SM and various environmental variables underneath the
dense vegetation. In addition, the ANN model signiﬁcantly outperformed the OK model by accurately estimating
SM when the percentage of data gaps succeeded 40%. Our study is valuable for providing an alternative reference
to reconstruct satellite-derived SM and highlights the potential of using the ANN model.
© 2021 Elsevier B.V. All rights reserved.
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Despite the ability of active and passive microwave remote sensing
to provide SM data on large scales, gaps in satellite-based SM products
are common. These gaps are predominantly caused by satellite orbit
changes, radio-frequency interference (RFI), or physical limitations of
satellite sensors (Dorigo et al., 2017; Xiao et al., 2016). Fig. 4(c) shows
the percentage of data gaps derived from the ESA CCI SM during the
growing seasons of 1982–2015. The average percentage of data gaps
across China was more than 50% and reached over 75% in the western
part of Tibet. To reduce the data gaps, Jing et al. (2018) implemented
the random forest (RF) regression algorithm to reconstruct the monthly
ESA CCI SM at a global scale. They were able to improve the spatial resolution of monthly ESA CCI SM by taking advantage of optical remote
sensing products with a high spatial resolution. Llamas et al. (2020)
compared and tested three approaches, that is, ordinary kriging (OK),
regression kriging (RK), and generalized linear models, to ﬁll the spatial
data gaps of ESA CCI SM from January 2000 to September 2012 across
the Midwest of USA. The presence of data gaps limits the practical application of the ESA CCI SM product in several ﬁelds (e.g., climatic modeling, drought monitoring, water resource management) that require
spatially and temporally complete SM datasets.
Several approaches have been used to ﬁll the gaps in satellite-derived
datasets. These methods can be classiﬁed into four categories: statistical,
interpolation, machine learning, and others. Statistical methods
(e.g., multiple linear regression, non-linear regression) mainly rely on
the linear or non-linear relationship of input and target data. Wang
et al. (2012) introduced a three-dimensional method—a penalized least
square regression—based on the discrete cosine transform (DCT-PLS)
method to utilize the statistical relationship of SM information derived
from both time and space to ﬁll data gaps in the global SM datasets. Traditional geostatistical interpolation methods (e.g., inverse distance
weighting (IDW), OK) are widely used to ﬁll missing data depending on
the spatial pattern of the target variable (Llamas et al., 2020). Machinelearning technologies (e.g., ANN, RF, support vector machine (SVM),
Long Short-Term Memory (LSTM)) usually learn complex relationships
between input and target variables and simplify the physical processes
and calculations. Other methods have been used for ﬁlling data gaps of remotely sensed products. For example, Turlapaty et al. (2011) used an improved singular spectral analysis to ﬁll the inherent gaps in the advanced
microwave scanning radiometer (AMSR-E) SM dataset. All the methods
mentioned above have been widely used for estimating the missing
values of various hydrological and climate variables, including precipitation (Coulibaly and Evora, 2007), streamﬂow (Ng et al., 2009), total
water storage (Sun et al., 2020), evapotranspiration (Cui et al., 2020),
and air temperature (Schneider, 2001). However, limited studies have
been published on ﬁlling missing SM values, especially for ANN.
This study proposes a spatial gap-ﬁlling method to produce a
spatially-complete and temporally-continuous surface SM dataset derived from the ESA CCI product v4.4. Speciﬁcally, we used the ANN
model to reveal the relationship between the ESA CCI SM and ten environmental variables, including meteorological forcing, geographic and
topographic features, vegetation conditions, and soil texture. Section 2
provides a brief description of the study region, data acquisition
methods, and processing. The gap-ﬁlling methods, evaluation metrics,
and general framework are described in Section 3. Section 4 validates
the ANN reconstructed SM results against in-situ observation and
other SM sources, and compares the performance of this model with
that of the RF and OK models. Section 5 discusses the performance of
the reconstruction work and the limitation in this study. The main conclusions are given in Section 6.

1. Introduction
Soil moisture (SM) has widely been recognized as a key variable in
the climate system, given its important role in controlling the exchanges
of water, energy, and carbon ﬂuxes between the land surface and atmosphere (Long et al., 2019; Ochsner et al., 2013; Peng et al., 2017;
Shefﬁeld and Wood, 2008; Yuan et al., 2015). As a result, SM has been
used for a wide range of applications, including climate prediction
(Teuling, 2018), drought monitoring (Liu et al., 2020b; Zhang et al.,
2019; Wei et al., 2019), ﬂood forecasting (Wanders et al., 2014), and
water resource management (Dobriyal et al., 2012). It is also one of
the 50 essential climate variables that are considered crucial by the Intergovernmental Panel on Climate Change (IPCC) and United Nations
Framework Convention on Climate Change (UNFCCC, Wagner et al.,
2012). A long time series of continuous SM data in time and space scales
can help us understand meteorological and hydrological processes.
Therefore, reliable, accurate, and complete SM information is urgently
needed.
As an important environmental variable, SM can be obtained from
in-situ measurements, simulated by land surface modeling or retrieved
from satellite remote sensing observations (Robock et al., 2000;
Dirmeyer et al., 2004; Njoku et al., 2003). Each method has its advantages and limitations. The ground-based measurements have a reliable
estimation at the point scale and reﬂect the temporal variability of the
average SM value at a smaller scale (Ngunyen et al., 2017; Wagner
et al., 2008). There are many in-situ monitoring networks organized at
the national, regional, and global scales, for instance, China—the crop
growth and farmland SM database (An et al., 2016), North America—
the North American Soil Moisture Database (NASMD, Quiring et al.,
2016), and worldwide—the International Soil Moisture Network
(ISMN, Dorigo et al., 2011). Despite these national to global efforts, it
is still challenging to obtain spatially-continuous SM data over large regions owing to the limited ground-based measurements. Apart from the
ground-based observations, SM can be simulated using land surface
modeling. For example, the Global Land Data Assimilation System
(GLDAS, Al-Yaari et al., 2014) and Modern-Era Retrospective Analysis
for Research and Applications-Land (MERRA-Land) have sufﬁcient spatial coverage, but their estimation accuracy is highly affected by the uncertainties originating from external forcing, model parameterization,
and model structure (Raoult et al., 2018). In the last few decades, satellite remote sensing has been deemed an effective and powerful tool for
retrieving surface SM (usually depth of 0–5 cm) with the development
of sensor technologies and retrieval algorithms using active (radar) or
passive (radiometer) microwave instruments (Loew et al., 2006; Zeng
et al., 2015). Several observation systems use higher C-band and Xband microwave frequencies, such as the Advanced Microwave Scanning Radiometer-Earth Observation System (AMSR-E), Advanced
Scatterometer (ASCAT), WindSat, and FengYun-3B. These observation
systems are easily inﬂuenced by vegetation cover and atmospheric factors (Albergel et al., 2012; Gruhier et al., 2010). Other SM-dedicated satellites (e.g., the Soil Moisture and Ocean Salinity, Soil Moisture Active
and Passive) are equipped with a lower L-band radiometer. They are
recognized as the most promising satellite-based SM sources owing to
the L-band capacity to better penetrate vegetation and image SM. Moreover, the Climate Change Initiative of the European Space Agency (ESA
CCI) has produced a complete and consistent (temporal coverage
more than 30 years) global SM dataset by blending active and passive
microwave products, the so-called ESA CCI SM product (Liu et al.,
2011). Satellite remote sensing observations provide global coverage
as well as near-real-time and consistent SM estimates compared with
the traditional in-situ measurements (Barrett et al., 1990; Heumann,
2011). Besides, satellite-derived SM datasets provide higher accuracy
than the modeled datasets, particularly where models' inputs have
higher uncertainties (Cammalleri et al., 2017). Therefore, microwave remote sensing has signiﬁcant advantages in providing surface SM estimations over ground-based measurements and model simulations.

2. Study area and data
2.1. Study area
China is located between 3°51′N–53°33′N and 73°33′E–135°05′E,
covering an area of approximately 9.6 × 106 km2 (Fig. 1). Five basic
2
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Assimilation System v2.1 (GLDASv2.1), which can be downloaded
from the website (https://disc.gsfc.nasa.gov/datasets/). The Noah
model was generated jointly by the scientists from the National Aeronautics and Space Administration (NASA) Goddard Space Flight Center
(GSFC) and the National Oceanic and Atmospheric Administration
(NOAA) National Center for Environmental Prediction (NCEP, Rodell
et al., 2004). The variable inﬁltration capacity (VIC) model—a land surface model—is included in the GLDAS v1 (GLDASv1) product. The SM
data from the ﬁrst soil layer with a depth of 1.75–10 cm is available
from GLADS-VIC. Herein, we collected the daily averaged SM data
with a spatial resolution of 0.25° from the ﬁrst soil layer (0–7 cm)
from 1982 to 2015. We also used the original GLADS-Noah SM data
from the ﬁrst layer (0–10 cm) at a resolution of 0.25°. The surface
(0–10 cm) SM from GLADS-VIC was resampled from 1° to 0.25° in this
study.

terrain types (i.e., plain, plateau, mountain, hill and basin) are presented
in this region, with an elevation gradually decreasing from west to east.
The vast territory and diverse terrains lead to signiﬁcant differences in
temperature and precipitation (An et al., 2016). Therefore, ﬁve climate
zones have been identiﬁed in China, including cold temperate, temperate, warm temperate, subtropical, and tropical climates.
2.2. Data acquisition and processing
2.2.1. ESA CCI soil moisture (SM)
The ESA CCI SM product was released by the Climate Change Initiative program of the European Space Agency (http://www.esasoilmosture-cci.org/) and aimed at providing a complete and consistent
global SM dataset. The product was generated by combining the
satellite-derived SM records from multiple active and passive microwave sensors in a synergistic manner (Liu et al., 2011; Wagner et al.,
2012). The ESA CCI SM is updated at regular intervals by introducing a
new satellite sensor-based dataset and is modiﬁed by users' feedback
(Dorigo et al., 2017). Based on the ESA CCI product speciﬁcation documents, the version of the ESA CCI SM (v4.4) was updated using three active (i.e., AMI-WS, MetOp-A ASCAT, and MetOp-B ASCAT) and seven
passive (i.e., SMMR, SSM/I, TMI, AMSR-E, AMSR-2, MIRAS, and WindSat)
microwave instruments. Three types of daily products are provided, including merge active, merge passive, and active-passive combined microwave products, covering the period from 1978 to 2015, with a
spatial resolution of 0.25° and in units of m3/m3. Although the ESA CCI
SM provides wide spatiotemporal coverage, data gaps are the major
challenge caused by the physical limitations of satellite sensors. This
study employed the active-passive combined ESA CCI SM datasets
(v4.4) for 1982–2015 to evaluate the performance of ANN method for
reconstructing the missing records of satellite-derived data. Given the
important role of SM in the growth stages of crops (i.e., emergence, pollination, grain ﬁlling), we mainly focused on China's growing season
(April–October).

2.2.3. In-situ observation SM
The observed SM data over the whole of China was collected from a
crop growth and farmland SM dataset, which was released by the China
Meteorological Data Sharing Service System (http://data.cma.cn/). The
SM contents were measured at ﬁve depths (i.e., 10, 20, 50, 70, and 100
cm), with a temporal resolution of ten days and a unit of saturation degree (%). These ground-based SM from 226 observation sites, spanned
from January 1991 to December 2012, were selected out of 778 stations
in consideration of the higher spatial and temporal coverage. The spatial
distributions of these agricultural stations are shown in Fig. 1. We only
employed the top layer (0–10 cm) SM to validate the accuracy of the
gap-ﬁlling results based on the ANN model. For matching the unit of
SM, the degree of saturation (%) was converted to volumetric SM (m3/
m3) using the following conversation equations:
θv ¼ s

f
,
100

ð1Þ

where θv denotes the volumetric water content (m3/m3), s represents
the degree of saturation (%), and f is a map of the porosity (Hillel,
1982; An et al., 2016).

2.2.2. Global reanalysis SM products
ERA-Interim is a global atmospheric reanalysis dataset produced by
the European Center for Medium-Range Weather Forecast (Dee et al.,
2011). This product is based on a sequential data assimilation scheme.
ERA-Interim has a spatial resolution of about 80 km and is available at
00:00, 06:00, 12:00, and 18:00 coordinated universal time (UTC) from
1979 to the present. The volumetric SM data from ERA-Interim are provided for four soil depths (0–7, 7–28, 28–100, and 100–289 cm).
GLADS-Noah is the Noah model driven by the Global Land Data

2.2.4. Auxiliary data
(1) Meteorological forcing
We employed daily meteorological observations, including precipitation and average temperature, collected between 1982 and 2015

Fig. 1. Spatial distribution of (a) national meteorological and agricultural stations, and (b) administrative divisions in China.
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and resampled the data into a 0.25° spatial resolution using the nearest
neighbor method.

from the 756 national meteorological stations (Fig. 1). The meteorological data was downloaded from the China Meteorological Administration website (CMA, http://data.cma.cn/). The gridded precipitation and
temperature data with a spatial resolution of 0.25° were generated by
the IDW interpolation method with 756 ground-based meteorological
gauges.

3. Methodology
3.1. Artiﬁcial neural network

(2) Geographic and topographic features

ANN is a type of machine-learning algorithm based on the biological
neural network of the human brain. The back-propagation neural network (BP-NN)—the most commonly used ANN type—is a multilayer supervised learning technology. It has been widely applied because of its
strong self-learning ability and robust capacity in resolving non-linear
problems (Rumelhart et al., 1986; Wang et al., 2019). This algorithm
can achieve the minimum sum of square errors by the steepest gradient
descent method and error back-propagation, constantly adjusting the
weights and thresholds of neurons (Zhang and Wu, 2009). Theoretically, a three-layer neural network can approximate a non-linear function with any precision, as long as enough neurons are equipped.
In this study, three layers (i.e., input, hidden, and output) in BP-NN
were used (Fig. 2). Two neurons of each adjacent layer were directly
connected with a weighted value, which presented the relational degree between the neurons. Ten neurons in the input layer represented
the factors that might affect SM regarding four aspects: geographic
and topographic features (i.e., central latitude, central longitude, DEM,
slope, and aspect), meteorological forcing (i.e., precipitation and temperature), vegetation conditions (i.e., NDVI and LAI), and soil texture.
The number of neurons in the hidden layer was determined using the
following empirical formula:
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
h ¼ m þ n þ α,
ð2Þ

Five types of geographic and topographic data, i.e., central latitude,
central longitude, DEM, slope, and aspect, were employed in this
study. China's DEM with a spatial resolution of 0.08333° was obtained
from the shutter radar topography mission digital elevation model
(SRTM, http://srtm.csi.cgiar.org/). The gridded slope and aspect of the
study area were derived from DEM on the geospatial information system platform. All these data were resampled to 0.25° using the nearest
neighbor method.
(3) Vegetation conditions
a. Normalized difference vegetation index (NDVI)

The third-generation NDVI (NDVI3g) dataset was released by Global
Inventory Modeling and Mapping Studies (GIMMS) and can be retrieved from the NASA Ames ecological forecasting lab (http://ecocast.
arc.nasa.gov/da-ta/pub/gimms/3g.v1/). The dataset is the latest version
of the GIMMS NDVI product with the longest time series in comparison
with other types of NDVI datasets. The new GIMMS NDVI product provides higher quality data for regions in mid-high latitudes when compared with its older version (Zhu et al., 2013). The dataset covers the
period from 1982 to 2015 with a temporal resolution of 15 d and a spatial resolution of 0.0833°. In this study, the NDVI3g dataset was
resampled into a spatial resolution of 0.25°and daily NDVI3g was estimated using the original data with a 15-d temporal resolution. For example, if the NDVI3g value on March 15 was 0.45, then the values of
daily NDVI3g from March 1 to March 15 were assumed to be 0.45.

where h denotes the number of hidden neurons; m is the number of input neurons; n is the number of neurons in the output layer; and α is the
constant ranging
1pto
to Eq. (2), the distribution inhpﬃﬃﬃﬃﬃfrom
i
ﬃ
ﬃﬃﬃﬃﬃ10.
ﬃ According
terval of h is
11 þ 1, 11 þ 10 . Finally, the number of hidden neurons was set to 13, according to the minimum value of the mean
square error (MSE). Similarly, the gradient descent of the momentum
method (i.e., traingdm) was chosen as the training method. The learning rate, maximum interaction, and target error were set to 0.01,
1000, and 0.001, respectively. The error function (E) was calculated
using the following equations:

b. Leaf area index (LAI)
The global land surface satellite leaf area index (GLASS LAI) product
was generated from the advanced very high-resolution radiometer
(AVHRR) LAI (1981–2000) and Moderate Resolution Imaging
Spectroradiometer (MODIS) LAI (2000–2015) (Liang et al., 2013).
GLASS LAI was released by the Center for Global Change Data Processing
and Analysis of Beijing Normal University (http://www.bnu-datacenter.
com/). It has a spatial resolution of 1 km and a temporal resolution of 8
d. Compared to other LAI products, GLASS LAI has the advantages of
collecting more precise, temporally-continuous, and spatiallycomplete data (Xie et al., 2019). Herein, the daily LAI data from 1982
to 2015 with a spatial resolution of 0.25° were generated by resampling
the original GLASS LAI product. The estimation of daily LAI was similar
to that of daily NDVI3g.

f ðxÞ ¼ ½1 þ exp ð − xÞ−1 ,

ð3Þ



n
yk ¼ f ∑ j ¼ 1 wjk r j − θk ,

ð4Þ



m
b ¼ f 0 ∑k ¼ 1 wk yk − θ ,

ð5Þ

E¼

1
0 2
b−b ,
2

ð6Þ

where f(x) is the sigmoid function used in the training process between
the neuron input and output in the hidden layer; f0 is the linear function
between the neuron input and output in the output layer; rj(j = 1,2,...,n)
represents the input data; wjk(j = 1,2,...,n;k = 1,2,...,m) represents the
connection weights between jth neuron in the input layer and kth neuron
in the hidden layer; θk(k = 1,2,...,m) represents the bias of the kth neuron
in the hidden layer; yk(k = 1,2,...,m) is the output of kth neuron in the
hidden layer; wk(k = 1,2,...,m) denotes the weight values between the
kth neuron in the hidden layer and the output layer; θ denotes the neuron
bias in the output layer; b is the neuron output in the output layer; and b′
is the expected output of the network. The connection weights and bias
values were modiﬁed to minimize E using the following equations:

(4) Soil texture
The soil texture used in this study was from the Harmonized World
Soil Database (HWSD) v1.1 (Nachtergaele et al., 2009) developed by the
Food and Agriculture Organization (FAO) and the International Institute
for Applied Systems Analysis (IIASA) in Austria (http://webarchive.iiasa.
ac.at). HWSD is a 30 arc-second spatial resolution database that provides soil parameters from the top (0–30 cm) to the deep (30–100
cm) soil proﬁles for several research ﬁelds (Saxton and Rawls, 2006).
According to HWSD v1.1, soil texture can be classiﬁed into 13 categories,
depending on the relative proportion of soil separates (i.e., clay, silt, and
sand). In this study, we extracted China's soil texture pixels from HWSD



wkðt − 1Þ ¼ wkðt Þ þ ηδyt þ α wkðt Þ − wkðt − 1Þ ,
4

ð7Þ
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Fig. 2. Sketch of the back-propagation artiﬁcial neural network (BP-NN) used for training, testing, and reconstructing with ten input variables, one hidden layer, and one output variable for
daily soil moisture estimation. wih and who are the weights from the input layer to the hidden layer and the hidden layer to the output layer obtained during the training process.



wjkðt − 1Þ ¼ wjkðt Þ þ ηδk yt þ α wjkðt Þ − wjkðt − 1Þ ,

ð8Þ



θðt − 1Þ ¼ θðt Þ þ ηδ þ α θðt Þ − θðt − 1Þ ,

ð9Þ

θkðt − 1Þ



¼ θkðtÞ þ ηδk þ α θkðt Þ − θkðt − 1Þ ,

unobserved location based on a linear weighted average of observations
in its neighborhood within a given area using the following equation:
Z ⁎ ðx0 Þ ¼ ∑i ¼ 1 λi Z ðxi Þ,
n

ð10Þ

ð11Þ

where Z ∗(x0) is the estimated value at prediction location x0; Z(xi) are
the observed values from surrounding locations x0; n denotes the number of the closest neighboring observations used for the estimation; and
λi represents the weight assigned to value Z(xi), which can be obtained
from the unbiased estimation of kriging interpolation and minimum
variance, and they sum to 1, as shown in the equation below:

where η denotes the learning rate; α is the momentum constant; and t
represents the iteration. As shown in Fig. 2, weights and thresholds obtained in the training process of neural network were also used for testing the network and reconstructing SM.

(

3.2. Radom forest





n
∑i¼1 γ xi − xj λi þ μ ¼ γ x0 − xj ð j ¼ 1, 2, :::, nÞ
n

∑i ¼ 1 λi ¼ 1

Random Forest (RF), ﬁrst proposed by Breiman (2001) and improved by Cutler et al. (2011), is an ensemble machine-learning technology, which can be popularly applied in classiﬁcation, regression,
and other tasks. This model has some advantages in working with
large and high-dimensional datasets and modeling complicated, nonlinear relationships between the predictors and the input variables
(Hutengs and Vohland, 2016).
The detailed process of the RF model is as follows: ﬁrstly, the RF
model divides the input data into multiple decision trees. Each decision
tree is made up of a root node, internal nodes, and leaf nodes, which is
built from an independently random subset of training data during the
process of bootstrap sampling. The left samples in the process act as
the out-of-bag (OOB) samples, which will be not used in the model construction but to validate the performance of the constructed model
based on the mean squared error (MSE). Then, all the decision trees
make up a forest. In the forest, each tree has a predicted value. Finally,
the output of the RF method is the average prediction value of all the individual trees for a regression task. For the RF model, two important parameters are required to select by the modeler, i.e., the number of trees
and the number of variables (Rahmati et al., 2020). In our study, the
number of variables and the number of trees was set to 3 and 1000,
respectively, according to a number of testing results and the stable feature of the OOB error.

,

ð12Þ



where γ xi − xj represents the semi-variance between the ith and jth


observation points; γ x0 − xj denotes the semi-variance between the
prediction point and the jth observation point, both of which can be obtained by the ﬁtted variogram; μ is the Lagrange multiplier; and n is the
number of observation points used in the calculation process.
Variogram modeling was used to describe the spatial structure of the
variable's distribution in the geostatistical analysis as follows:
γ ðhÞ ¼

1
N ðhÞ
2
ðZ ðxi Þ − Z ðxi þ hÞÞ ,
∑
2NðhÞ i ¼ 1

ð13Þ

where γ ðhÞ is the value of variogram at a particular point; xi and xi + h
are the point locations separated by distance h; N(h) is the number of
point pairs separated by distance h; Z(xi) and Z(xi + h) are the observed
values of variable Z at the corresponding locations. In this study, we
considered the spherical, Gaussian, and exponential models for
ﬁtting variograms of daily SM and ﬁnally chose the Gaussian
model to depict the SM spatial structure variation. Then, we applied
the OK method to ﬁll the missing values of ESA CCI SM based on the
given model parameters as provided by the experiments in
ArcGIS 10.2.
3.4. Evaluation metrics

3.3. Ordinary kriging
To quantify the estimated SM deviation of the ANN and OK methods
against the original ESA CCI SM, four evaluation metrics were employed:
correlation coefﬁcient (CC), root mean squared error (RMSE), relative

Ordinary Kriging (OK) is one of the most basic and systematically
studied kriging methods. It provides a variable estimation at an
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for 1982–2015 into several accumulation datasets. For example, the
datasets from April 1 to April 10, 1982, and April 11 to April 20, 1982,
were classiﬁed into two accumulation datasets, similar to the study by
Cui et al. (2016), where they considered a large grid cell (1° × 1°)
with all available remote sensing SM pixels within one year. Next, the
valid SM pixels from these accumulation datasets (~80% of the sample)
were used to train the models. The remaining available SM pixels (~20%
of the sample) were used to test the trained model performance. After
that, the missing records of the ESA CCI SM were predicted using the
trained models. Finally, the gap-ﬁlling results were validated by comparison with the in-situ observations and three global reanalysis SM
datasets (i.e., ERA-Interim, GLADS-VIC, and GLADS-Noah).
To evaluate the performance of ANN and OK models for estimating
SM, three simulation scenarios were employed for further study. As
shown in previous studies, the ANN model is difﬁcult to be trained thoroughly and effectively because of the limited valid values that exist in
the original dataset (Yuan et al., 2020). Thus, a relatively complete SM
series in space scale with less than 10% of data gaps were considered
herein. The simulation scenarios used are presented below.

bias (BIAS), and mean error (ME). The ANN performance in the training
and testing processes was also evaluated using these statistical metrics.
The equations for CC, RMSE, BIAS, and ME are given below:
0
1



n
∑i ¼ 1 Oi − O M i − M
B
C
C,
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CC ¼ B
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1 n
∑
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BIAS ¼

n

∑i ¼ 1 Oi

where Mi represents the estimated ESA CCI SM by the ANN, and OK
methods in grid i; Oi denotes the original ESA CCI SM in grid i; M and
O is the average value of Mi and Oi, respectively, from the corresponding
data arrays; and n is the number of samples.

(1) Removing swaths scenario. Swaths are normally observed in
passive-active retrieved products (e.g., ESA CCI SM) mainly due
to the ascending or descending satellite sensors (Mao et al.,
2019; Xiao et al., 2016). According to the original ESA CCI SM images, we noted several different swath patterns in the study area.
As shown in Fig. 4(a), we selected four swath patterns across the
entire study region: swaths I, II, III, and IV.
(2) Vegetation cover scenario. During different vegetation growth
periods, soil evaporation can change signiﬁcantly based on vegetation cover and meteorological conditions. The change of soil
evaporation can lead to the variability of SM. Therefore, vegetation cover is an important factor that may lead to changes in surface SM. In our study, we selected two areas of 1250 × 1250 km
to represent the densely vegetated regions (DVR, see blue rectangles in western China in Fig. 4(b)) and the sparsely vegetated

3.5. General framework
A general ﬂowchart for the ESA CCI SM reconstruction is presented
in Fig. 3. We used the ESA CCI SM and ten environmental variables as
the forcing data in this study. The ANN, RF, and OK models were utilized
to reconstruct the ESA CCI SM. The former two were equipped with
extra environmental variables in comparison with the latter using the
ESA CCI SM as the input. The process for ﬁlling the ESA CCI SM gaps
based on the ANN and RF model was as follows. First, we determined
SM temporal consistency for approximately 10-day, according to the
comparison experiments. Then, we combined a 10-day (consecutive)
time series from each dataset in the growing season (April–October)

Fig. 3. Flowchart of ESA CCI SM reconstruction and performance evaluation.
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Fig. 4. Spatial patterns of (a) four selected swaths (I–IV), (b) annual mean vegetation cover fraction, and (c) mean percentage of the ESA CCI SM data gaps for the growing seasons of
1982–2015. The blue rectangles represent densely vegetated region (DVR, right) and sparsely vegetated region (SVR, left). (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

For comparing the performance of the ANN model in different periods,
Fig. 5 further displays the box plots of CC and RMSE of the estimated results against the original ESA CCI SM in two phases during the 1980s,
1990s, 2000s, and 2010s. We found that the percentage of data gaps
(PDG) during different periods were signiﬁcantly different. The average
PDG during the 1980s and 1990s were 89% and 77%, which were higher
than that during the 2000s and 2010s, with the value of 62% and 37%, respectively. As shown in Fig. 5, the average CC in two phases was generally increased since the 1980s, though the CC value during the 2000s
was slightly decreased compared with that during the 1990s. In terms
of the error, the average RMSE in the training and testing phases were
signiﬁcantly reduced from the 1980s to the 2010s. Generally, the ANN
model performed well in both phases with higher CC and lower RMSE,
even in the circumstances of the lower PDG. All these above results suggest that the trained neural network performed well, and it can be used
to ﬁll the ESA CCI SM missing values.

regions (SVR, see blue rectangles in northern China in Fig. 4(b))
according to the mean vegetation cover conditions in China.
(3) Data gaps scenario. The ANN model requires sufﬁcient data for
training neural networks, while the OK model additionally depends on the spatial distribution and self-correlation of valid
values in the ESA CCI SM. The estimation results of the ANN
and OK models depend on the percentage of data gaps. The percentage of the ESA CCI SM missing values in the growing seasons
between 1982 and 2015 is presented in Fig. 4(c). To analyze the
sensitivity of estimation accuracy to the percentage of data gaps,
we collected several ESA CCI SM images with different percentages of data gaps (10%–90%).
4. Results
4.1. Performance of ANN model in the training and testing phases

4.2. Validation and comparison of the gap-ﬁlling results based on the ANN
and RF models

Table 1 shows an overall comparison of the estimated SM against the
original ESA CCI SM in the training and testing phases. It can be seen that
the ANN model performed well in estimating SM in both phases. From
the mean of the statistical indices, CC and RMSE of the simulated SM
in the training phase were 0.906 and 0.036 m3/m3, respectively, while
those in the testing phase were 0.902 and 0.037 m3/m3, respectively.

To validate the reliability of the reconstructed SM based on the ANN
model, we compared the gap-ﬁlling results with SM data derived from
ﬁve sources: RF-based reconstruction results, ground observations,
ERA-Interim, GLADS-VIC, and GLADS-Noah. Table 2 shows the error
metrics between reconstructed SM by the ANN and RF model against
in-situ observations, and three global reanalysis SM dataset in two selected regions (R1 and R2, see blue rectangle in Fig. 6) that contained
enough observation stations. It can be seen that SM could be well reconstructed based on the ANN and RF model against the in-situ observations, with the CC more than 0.607 and the RMSE less than 0.074 in
both regions. The gap-ﬁlling results also had a good agreement with
ERA-Interim SM and GLADS-Noah SM data, with the CC varied between
0.609 and 0.742 and the RMSE ranged from 0.021 to 0.029 m3/m3. However, the weaker correlations were found when compared with GLADS-

Table 1
Statistics comparison of estimated SM in the training and testing phases against the original ESA CCI SM.
Index

Max
Mean
Min

Training phase

Testing phase

CC

RMSE

BIAS

ME

CC

RMSE

BIAS

ME

0.948
0.906
0.806

0.047
0.036
0.025

0.003
0.000
−0.001

0.001
0.000
0.000

0.946
0.902
0.776

0.049
0.037
0.029

0.017
0.000
−0.010

0.003
0.000
−0.002
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Fig. 5. Box plots of the CC and RMSE of the estimated SM against the original ESA CCI SM in the (a) training and (b) testing phases during the 1980s, 1990s, 2000s, and 2010s. Changes of
average (c) CC and (d) RMSE in the training and testing phases during the 1980s, 1990s, 2000s, and 2010s. PDG represents the percentage of data gaps. (For interpretation of the references
to colour in this ﬁgure, the reader is referred to the web version of this article.)

gaps (PDG = 85%), and exhibited the spatial pattern of the original
ESA CCI SM, reconstructed SM by the ANN and RF model, ERA-Interim
SM, GLADS-VIC SM, and GLADS-Noah SM on April 23, 1982. As shown
in Fig. 7(a)–(f), the gap-ﬁlled ESA CCI SM based on the ANN and RF
model displays a similar spatial distribution. The spatial pattern of the
gap-ﬁlled ESA CCI SM was also generally in accordance with that of
three reanalysis SM data. In addition, area with lower values in the
interpolated ESA CCI SM was generally higher than that of the GLADSVIC SM and GLADS-Noah SM, but was lower than that of the ERAInterim SM. Fig. 7(g)–(j) shows the boxplots of CC and RMSE of the
ANN-based and RF-based reconstruction results against three analysis
SM data. It can be seen that the gap-ﬁlled ESA CCI SM using the ANN
model presented a good agreement compared with GLADS-Noah SM,
with an average CC of 0.838 and an average RMSE of 0.051, which is better than that relative to the ERA-Interim SM and GLADS-VIC SM, with an
average CC of 0.670 and 0.803, respectively, and an average RMSE of
0.067 and 0.062 m3/m3, respectively. Compared to the RF model, the
ANN model showed a similar performance with an easier algorithm
and less afford time on the platform of MATLAB. Based on the above
analysis, it can be seen that the ANN-reconstructed ESA CCI SM was reasonable and reliable. In the following paragraph, we would employ
three simulation scenarios to further evaluate the performance of the
ANN model against one traditional geo-statistic technology (i.e., OK
model) for SM estimation in a thorough and analytic manner.

VIC SM. Furthermore, Fig. 6 shows the changes of area-averaged SM in
the northwestern (R1) and eastern (R2) parts of China in the growing
seasons of 1992 and 2000. We can clearly know that the estimated SM
of the ANN model was close to that by the RF model. Both ANN and RF
model generally underestimated SM relative to the in-situ observations.
For further evaluating the reconstruction work, we compared
the spatial variability of the ANN gap-ﬁlled results against RFreconstructed SM, and three global reanalysis SM products. As an example, we presented one SM image with the higher percentage of data
Table 2
Error metrics of the reconstructed SM based on the ANN (RF) model against the ground
observations, ERA-Interim, GLADS-VIC and GLADS-Noah, respectively, for the northwestern (R1) and eastern (R2) parts of China during the growing seasons in 1991–2013. CC1
(CC2) is the correlation coefﬁcient and RMSE1(RMSE2) is the root mean squared error
over the region of R1(R2).
ANN-reconstructed SM
CC1
In-situ SM
ERA-Interim
SM
GLADS-VIC SM
GLADS-Noah
SM

RMSE1 CC2

RF-reconstructed SM
RMSE2 CC1

RMSE1 CC2

RMSE2

0.610 0.074
0.676 0.035

0.637 0.051
0.703 0.023

0.607 0.073
0.701 0.035

0.661 0.051
0.742 0.021

0.311 0.049
0.681 0.029

0.388 0.043
0.609 0.025

0.323 0.048
0.692 0.028

0.413 0.042
0.640 0.023
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Fig. 6. Time series of averaged values of the in-situ SM, ANN-reconstructed SM, RF-reconstructed SM, ERA-Interim SM, GLADS-VIC SM, and GLADS-Noah SM over the northwest (R1) and
eastern (R2) parts of China during the growing seasons in 1992 and 2000.

Fig. 7. (a)–(f) Spatial comparisons of the original ESA CCI SM, In-situ SM, ANN gap-ﬁlled ESA CCI SM, RF-reconstructed ESA CCI SM, ERA-Interim SM, GLADS-VIC SM, and GLAD-Noah SM on
April 23, 1982; (g)–(j) Boxplots of spatial CC and RMSE of the reconstructed SM by the ANN and RF model against other SM sources from ERA-Interim, GLADS-VIC, and GLADS-Noah in the
growing seasons (April–October) of 1982–2015. PDG is the percentage of data gaps.
9
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4.3. Performance of ANN and OK models for estimating SM with removed
swaths

4.4. Overall performance of ANN and OK models in densely and sparsely
vegetated areas

We took one ESA CCI SM image with the lowest PDG as an example
(Fig. 8(a)–(k)) and compared the performance of the ANN and OK
models for reconstructing SM using four types of swaths (I, II, III, and
IV) removed from the selected ESA CCI SM images on May 8, 2012.
The spatial pattern of the ANN reconstructed SM was consistent with
the original ESA CCI SM (Fig. 8(b), (f), (j), and (n)). The scatters were
well distributed on two sides of the 1:1 line (Fig. 8(c), (g), (k), and
(o)), with the CC ranging from 0.852 to 0.947 and the RMSE ranging
from 0.032 to 0.035 m3/m3. Although the spatial distribution of the reconstructed SM using the OK model was generally consistent with the
original ESA CCI SM (Fig. 8(e), (i), and (m)), there was a signiﬁcant discrepancy when a swath IV was removed from the original data (Fig. 8
(p)), with a CC of 0.344 and a RMSE of 0.077 m3/m3.
For the selected ESA CCI SM images, we constructed the CC and
RMSE boxplots of the reconstructed SM by removing swaths I–IV
against the original ESA CCI SM (Fig. 8(r) and (s)). As shown, the ANN
reconstructed SM was in good agreement with the original ESA CCI
SM, with the average CC varied from 0.801 to 0.911 and the average
RMSE ranged from 0.035 to 0.037 m3/m3. In terms of the OK model,
we found a certain relationship between the estimation accuracy and
the swath location in this study. For example, the OK model performed
signiﬁcantly better in reconstructing missing SM values of swaths I, II,
and III than that of swath IV. Overall, compared with the OK model,
the ANN model provided a higher accuracy for reconstructing SM independent of the swath's location.

Fig. 9 (a)–(i) compare the reconstructed SM of the ANN and OK
models against the original ESA CCI SM in the DVR and SVR on May 8,
2012. The spatial pattern of the estimated SM of the ANN model and
the original ESA CCI SM were consistent (Fig. 9(b), (c), (f), and (g)).
The overall CC, RMSE, BIAS, and ME of the estimated SM using the
ANN method in the DVR (SVR) equaled 0.718 (0.813), 0.027 m3/m3
(0.031 m3/m3), 0.003 (−0.017), and 0.001 m3/m3 (−0.002 m3/m3), respectively. Compared with the ANN reconstructed SM, the OK model
showed an inconsistent spatial pattern with the original ESA CCI SM:
SM in eastern Guizhou and northern Guangxi provinces was
underestimated (Fig. 9(d)), whereas it was overestimated in southern
Tibet (Fig. 9(h)). The scatterplots constructed for the OK estimated SM
and the original ESA CCI SM (Fig. 9(e) and (i)) show that the overall
CC, RMSE, BIAS, and ME in the DVR and SVR equaled 0.613 and 0.610,
0.036 and 0.058 m3/m3, −0.039 and 0.256, and −0.014 and 0.033 m3/
m3, respectively. In addition, the estimated SM values of the ANN and
OK models at high SM values were underestimated, but they were
overestimated at low values of SM.
Fig. 9(j) and (k) further display the performance of the reconstructed SM based on the ANN and OK models against the original ESA
CCI SM for the selected ESA CCI SM images in the DVR and SVR. The estimated SM of the ANN model correlated well with the original ESA CCI
SM in the densely and sparsely vegetated areas of southern China, with
an average CC of 0.636 and 0.741 and an average RMSE of 0.032 and
0.036 m3/m3, respectively. The estimated SM of the OK model showed

Fig. 8. (a)–(q) Spatial patterns and scatterplots of the reconstructed SM by removing swathes I, II, III, and IV based on the ANN and OK (R-SM-ANN and R-SM-OK) models against the
original ESA CCI SM on May 8, 2012; (r) and (s) the CC and RMSE boxplots for reconstructing all relatively completed ESA CCI SM images by removing the swathes based on the ANN
and OK models relative to the original ESA CCI SM.
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Fig. 9. (a)–(i) Spatial comparisons and scatterplots of the reconstructed SM using the ANN and OK models (i.e., R-SM-ANN and R-SM-OK) against the original ESA CCI SM in the densely and
sparsely vegetated regions (i.e., DVR and SVR) on May 8, 2012; (j)–(k) the CC and RMSE boxplots for reconstructing all selected ESA CCI SM images based on the ANN and OK models
relative to the original ESA CCI SM in the densely and sparsely vegetated areas.

results showed that the ANN model provided a high estimation accuracy, with the average CC ranging from 0.811 to 0.923, and the average
RMSE ranging from 0.036 to 0.045 m3/m3. On the other hand, the SM estimation accuracy of the OK model increased with decreasing data gaps,
with the average CC rising from 0.738 to 0.932, and the average RMSE
decreasing from 0.062 to 0.035 m3/m3. A lower PDG did not signify a
higher SM estimation accuracy against the original ESA CCI SM. Moreover, the ANN model displayed a signiﬁcant advantage over the OK
model in rebuilding SM when the PDG succeeded 40%. The average CC
and RMSE of the ANN model were 0.904 and 0.037 m3/m3, respectively,
which showed better performance than the OK model, with an average
CC and RMSE of 0.836 and 0.048 m3/m3, respectively. The ANN model
performance was slightly weaker than that of the OK model when the
PDG was less than 40%. Overall, the ANN model showed a better ability
for reconstructing SM, especially when the PDG was over 40%.

a relatively weaker correlations relative to the original ESA CCI SM in
two regions, with an average CC of 0.513 and 0.574 and an average
RMSE of 0.042 and 0.050 m3/m3. The estimated SM of the ANN model
in the SVR was more precise than that of the OK model in the DVR.
We also noted that the reconstructed SM of the ANN model performed
better in the SVR than in the DVR. The average CC and RMSE of the former were determined to be 0.741 and 0.035 m3/m3, respectively, and
those of the latter constituted 0.636 and 0.032 m3/m3, respectively. In
general, the ANN model performed better than the OK model in
reconstructing SM in both the DVR and SVR. Moreover, ANN provided
a better estimation accuracy of SM in the sparsely vegetated areas
than in the densely vegetated ones.
4.5. Sensitivity analysis of models' simulation accuracy to the percentage of
data gaps

5. Discussion

We analyzed the sensitivity of the estimation accuracy of the ANN
and OK models to the PDG by comparing the performance of these
models. We reconstructed SM using the ANN and OK models by removing different percentages (10%–90%) of a given SM image on May 8,
2012 (Fig. 10). The spatial pattern of the original ESA CCI SM was highly
consistent with the reconstructed SM of the ANN model for different
PDG. In contrast, the spatial distribution of the OK estimated SM was
very different from the original ESA CCI SM, and the spatial consistency
was signiﬁcantly improved with a decrease in the PDG. To further show
the dynamic changes between the gap-ﬁlling accuracy and PDG, we
prepared the average CC and RMSE plots of the reconstructed SM
based on the selected ESA CCI SM images (Fig. 10(ac) and (ad)). The

In this study, we applied the ANN model to reconstruct missing
values of the ESA CCI SM and generate spatially-complete and
temporally-continuous satellite-derived SM. The presented method
mostly depends on the non-linear relationship between the surface
SM and related environmental variables (e.g., NDVI, precipitation).
The interpolated results were veriﬁed with three global reanalysis
datasets (i.e., GLADS-Noah, GLADS-VIC, ERA-Interim) and exhibited
good spatial consistency. Compared with the traditional geostatistical
method (i.e., OK), the ANN model showed better performance when
reconstructing SM with absent swaths. In the DVR and SVR of China,
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Fig. 10. (a)–(ab) Spatial comparisons of the reconstructed SM using the ANN and OK models (i.e., R-SM-ANN and R-SM-OK) against the original ESA CCI SM considering the different percentages of data gaps (PDG) on May 8, 2012; (ac)–(ad) changes in the SM estimation accuracy using the ANN and OK models according to the percentage of data gaps (10%–90%).

the ﬁelds of hydrology, ecology, and agriculture. Among the published
papers on gap-ﬁlling of satellite-derived SM, very few studies have concentrated on the capability of interpolated methods in reconstructing
SM with absent swaths. Herein, we compared the performance of the
ANN and OK models for estimating SM with removed swaths, and the
ANN model provided a higher estimation accuracy compared to the
original ESA CCI SM. This may be related to the algorithms used in the
models. The ANN model was able to simulate SM by taking into consideration several related environmental information, while the OK model
merely depended on valid pixels around missing SM values.

the ANN model performed better than the OK method. ANN provided
better estimation accuracy in the SVR than in the DVR. In addition, the
estimation accuracy of the ANN model was less sensitive to the PDG
than that of the OK model. Speciﬁcally, the ANN model presented significant advantages over the OK model as the PDG succeeded 40%. However, there are three issues related to our study that need further
discussion: (1) model performance when reconstructing SM with removed swaths, (2) inﬂuence of vegetation cover on model simulation
accuracy, and (3) advantages and limitations of the proposed method.
5.1. Models' performance in reconstructing SM with removed swaths

5.2. Inﬂuence of vegetation coverage on model simulation accuracy
Swaths are commonly observed in satellite-derived SM products.
The swaths are mostly attributed to the ascending or descending satellite sensors. They also appear due to the physical limitations of microwave remote sensing in providing accurate information under snow/
ice cover, frozen soil, and dense vegetation (Dorigo et al., 2017; Xiao
et al., 2016). The missing swaths signiﬁcantly reduce the spatial coverage of remotely sensed SM and severely restrict its wide application in

We compared the performance of the ANN and OK models in the
DVR and SVR of China (Fig. 8). The ANN model performed better than
the OK model in both vegetation modes. This may be related to the
ten environmental variables that were considered in the ANN model.
For example, NDVI was identiﬁed as an essential variable that could reﬂect vegetation status (Park et al., 2017), and precipitation was the key
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Long et al., 2019). While, this study implemented the evaluation between the ANN and OK model under three simulation scenarios: removing swaths scenario, varying vegetation densities scenario, and different
percentages of data gaps scenario. Firstly, the swaths are common issues
for satellite-derived soil moisture data. Secondly, vegetation coverage is
one of the important variables to affect the dynamic changes of soil
moisture. Thirdly, the estimation accuracy of the ANN model is sensitive
to the percentage of data gaps. Compared to the former studies, this
study concentrated on some practice problems when conducting SM
gap-ﬁlling work. Comparing with the performance of the ANN model
in previous studies, our approach has a good estimation accuracy of
SM, with the CC more than 0.607 and the RMSE less than 0.074 m3/m3
against the in-situ observations over the northwest and east of China.
This correlation result was generally comparable to other researches
over the Tibetan Plateau (e.g., the minimum CC value is 0.56 and the
highest RMSE value is 0.1 m3/m3 by Cui et al., 2016).

factor that led to changes in surface SM (Long et al., 2019). The OK model
only depended on the spatial pattern and autocorrelation of valid ESA CCI
SM pixels (Liu et al., 2006; Llamas et al., 2020). Similar results were reported by Ford and Quiring (2014). They found that the accuracy of
ANN was signiﬁcantly higher than that of the OK method, although
their study focused on the temporal interpolation of daily SM data. Furthermore, our study results showed that the ANN model provided a better
SM estimation accuracy in the sparsely vegetated areas compared with
the densely vegetated ones. This might be caused by the extremely complex interaction between the surface SM and vegetation. During different
vegetation growth periods, soil evaporation varies greatly under various
vegetation coverage with different root depths. The variability of soil
evaporation can lead to changes in surface SM (Chen et al., 2007; Fan
et al., 2015; Pollen-Bankhead and Simon, 2010). In this study, due to the
relatively simple vegetation type and negligible difference in root depth,
it was easier for the ANN model to describe the non-linear relationship
between SM and related environmental variables and obtain higher estimation accuracy in regions with low-density vegetation than in those
with high-density vegetation.

5.5. Advantages and limitation of this study
The ANN model combined with several input variables, particularly
the ESA CCI SM and multiple surface SM background ﬁelds, was successfully employed to generate a spatiotemporally continuous 0.25° × 0.25°
SM product. The ANN gap-ﬁlled SM and the RF-reconstructed results
were compared and validated against the in-situ observations and
three global reanalysis SM products. The performance of the ANN
model was also thoroughly evaluated with that of the OK model
under three simulation scenarios. As presented herein, the improved
dataset could be applied in several ﬁelds (e.g., drought monitoring,
water resources management) that require continuous SM information
over large areas. Moreover, our work provides an alternative reference
for ﬁlling the gaps in any remotely sensed SM dataset and highlights
the potential of ANN in reconstructing missing SM values. In contrast
to previous studies (Ford and Quiring, 2014; Long et al., 2019; Mao
et al., 2019), our study employed three scenarios of simulation experiments to evaluate the performance of the ANN and OK models for SM
estimation in a thorough and analytic manner. However, some limitations of this study are as follows: (1) the results may be affected by
the discrepancy of grid-based ESA CCI SM data and point-based in-situ
SM data; (2) the accuracy difference of the gap-ﬁlled ESA CCI SM against
these reanalysis SM may due to different observation depths of SM derived from different datasets; (3) the error of satellite remote sensing
may have some inﬂuence on the consistency of ESA CCI SM data and
in-situ SM observations.

5.3. Dependence of models' performance on the quality of environment data
The ANN model used in this study made use of several environment
variables. It is worth mentioning that the model's performance would
signiﬁcantly depend on the quality of these environment data. Generally, the precision, respective feature, and sufﬁcient amount of environmental data can provide the high accuracy of the SM estimation. Firstly,
the precision of environmental data can directly affect SM estimation
accuracy. These environmental data with the quality control could
avoid inferior samples (Liu et al., 2020a). Secondly, representative samples can effectively reﬂect the spatial variability of SM in a given region.
However, it is difﬁcult to select typical samples to train the ANN model,
thus, randomly selected samples in these environmental data might be
the more reliable choice (Mariethoz et al., 2012). The randomization of
samples and variables would greatly alleviate the problems of
overﬁtting and sensitivity (Long et al., 2019). Thirdly, the performance
of ANN algorithm can be very sensitive to the size of training samples
and testing samples. In other words, the more training samples that
are available, the better the model ﬁts the data. (Xing et al., 2017;
Abbaszadeh et al., 2019). A large number of samples could also have
the ability to reﬂect a whole various characteristic of a dataset (Liu
et al., 2020a). In a word, the samples' precision, the respective feature
and the amount of available sample, would affect SM reconstruction results. Three aspects need to be considered when we applied the ANN
model to reconstruct missing records of satellite data.

6. Conclusions

5.4. Comparison with other methods and results in previous literature

We proposed a new gap-ﬁlling method for missing values of ESA CCI
SM based on the ANN model. We were able to generate spatiallycomplete and diurnally-continuous 0.25° × 0.25° ESA CCI SM by integrating the ESA CCI SM and related environmental variables, including
meteorological forcing (i.e., precipitation and temperature), geographic
location (i.e., central latitude and longitude), topographic features
(i.e., DEM, slope, and aspect), land cover patterns (i.e., NDVI and LAI),
and soil texture. The gap-ﬁlled ESA CCI SM based on different data combinations showed spatial consistency with the global reanalysis SM derived from GLADS-Noah, GLADS-VIC, and ERA-Interim, reﬂecting
consistent spatial variability in surface SM. Compared with the OK
model, the ANN model effectively reconstructed the satellite-derived
SM and displayed signiﬁcant advantages in the three simulation scenarios. The major conclusions are as follows:

To maximize the advantages of satellite-derived data, many approaches have been used to ﬁll the missing records, including linear regression, geo-statistics, and machine learning methods. These studies
had similar measures to estimate the vital variable mainly depend on
available remotely sensed data and related environment variables.
However, two aspects were different: one is the selection of input variables, the other is the perspective of model evaluation. Table 3 shows
the different auxiliary data used in some of the previous studies. For instance, Llamas et al. (2020) employed precipitation and minimum temperature to link the relationship with ESA CCI SM. Liu et al., 2020a
applied several environment variables, namely, NDVI and four types of
land surface temperature (LST) to reconstruct SM based on the RF
model in Oklahoma, USA. In our study, given the complex underlying
and diverse meteorological conditions, we chose more auxiliary variables relative to previous researches, as shown in Table 3. Especially,
the slope, aspect, and soil texture of China were also employed. With respect to model evaluation, the previous studies mainly focused on the
comparison of the entire time series of soil moisture (Cui et al., 2016;

(1) The ANN model performed well for estimating SM against the
original ESA CCI SM in the training and testing periods. The average CC and RMSE of the ANN model in the training period were
0.906 and 0.036 m3/m3, respectively, while those in the testing
period equaled 0.902 and 0.037 m3/m3, respectively. The ESA
13

L. Zhang, Y. Liu, L. Ren et al.

Science of the Total Environment 782 (2021) 146602

Table 3
Comparison of reconstruction variable and auxiliary variables in some of the previous studies.
Model

Study area

Reconstruction variable

Auxiliary variablesa

Reference

MLR, RK, OK
RF, Tri
ANN
ANN

Midwest of the USA
Oklahoma, USA
TP, China
China

ESA CCI SM
ESA CCI SM
FY-3B SM
ESA CCI SM

PRE, TEMmin
NDVI, LST, daytime LST, nighttime LST, daily average LST, diurnal LST
Snowcover, LST, NDVI, Albeo, DEM, Lat, Lon, DOY
PRE, TEM, NDVI, LAI, DEM, Slope, Aspect, Lat, Lon, Soil texture

Llamas et al. (2020)
Liu et al., (2020a)
Cui et al. (2016)
Our study

a
PRE: precipitation; TEMmin: minimum temperature; TEM: temperature; NDVI: normalized difference vegetation index; LST: land surface temperature; Lat: latitude; Lon: longitude;
DOY: day of year; Tri: triangular feature space-based.
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CCI SM was well reconstructed by the ANN model against the
ground observations in the northwestern and eastern parts of
China, with the CC more than 0.607 and the RMSE less than
0.074 m3/m3 during the growing season of 1991–2013. The
gap-ﬁlled ESA CCI SM displayed a generally consistent spatial
pattern compared with the ERA-Interim SM, GLADS-VIC SM,
and GLADS-Noah SM, with an average CC of 0.670, 0.803, 0.838
and, respectively, and an average RMSE of 0.067, 0.062, and
0.051 m3/m3, respectively. Besides, the performance of the ANN
model was similar to that of the RF model.
(2) The ANN model successfully reconstructed SM values with removed swaths. The average CC ranged from 0.801 to 0.911, and
the average RMSE varied from 0.035 to 0.037 m3/m3 in the
ANN model, presenting better estimation accuracy than the OK
model, with the average CC ranging from 0.500 to 0.905, and
the average RMSE ﬂuctuating between 0.037 and 0.064 m3/m3.
The ANN model simulation results were nearly unaffected by
the removed swath's location in the ESA CCI SM image.
(3) The reconstructed SM of the ANN model presented a higher consistency in the sparsely vegetated region (SVR) than in the
densely vegetated region (DVR) relative to the original ESA CCI
SM. The average CC and average RMSE of the ANN model in the
SVR were 0.741 and 0.036 m3/m3, respectively, whereas those
in the DVR were 0.636 and 0.032 m3/m3, respectively. Additionally, the gap-ﬁlling results of the ANN model were superior to
those of the OK model in both two regions.
(4) Compared with the OK model, the sensitivity of the SM estimation
accuracy of the ANN model against the percentage of data gaps
(PDG) was relatively weak. The average CC and RMSE of the gapﬁlled ESA CCI SM based on the different PDG (10%–90%) ranged
0.811–0.923 and 0.036–0.045 m3/m3, respectively, presenting better performance than that of the OK model. The OK model was
characterized by the average CC ranging from 0.738 to 0.932, and
the average RMSE varying from 0.035 to 0.062 m3/m3. The estimation accuracy of ANN was signiﬁcantly better than that of the OK
model when the PDG was more than 40%.
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