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Abstract: Large-scale surface soil moisture (SSM) distribution is very necessary for agricultural
drought monitoring, water resource management, and climate change research. However, the current
large-scale SSM products have relatively coarse spatial resolution, which limits their application.
In this study, we estimate the 1 km daily SSM in China based on ensemble learning using a multi-
source data set including in situ soil moisture measurements from 2980 meteorological stations,
MODIS Surface Reflectance products, SMAP (Soil Moisture Active Passive) soil moisture products,
ERA5-Land dataset, SRTM DEM and soil texture. Among them, in situ measurements are used
as independent variables, and other data are used as dependent variables. In order to improve
the spatio-temporal completeness of SSM, the missing value in SMAP soil moisture products were
reconstructed using the Discrete Cosine Transformation-penalized Partial Least Square (DCT-PLS)
method to provide spatially complete background field information for soil moisture retrieval. The
results show that the reconstructed soil moisture value has high quality, and the DCT-PLS method
can fully utilize the three-dimensional spatiotemporal information to fill the data gaps. Subsequently,
the performance of four ensemble learning models of random forest (RF), extremely randomized
trees (ERT), extreme gradient boosting (XGBoost), and light gradient boosting machine (LightGBM)
for soil moisture retrieval was evaluated. The LightGBM outperformed the other three machine
learning models, with a correlation coefficient (R2) of 0.88, a bias of 0.0004 m3/m3, and an unbiased
root mean square error (ubRMSE) of 0.0366 m3/m3. The high correlation between the in situ soil
moisture and the predicted values at each meteorological station further indicate that LightGBM can
well capture the temporal variation of soil moisture. Finally, the model was used to map the 1 km
daily SSM in China on the first day of each month from May to October 2018. This study can provide
some reference and help for future long-term daily 1 km surface soil moisture mapping in China.

Keywords: soil moisture; multi-source data; ensemble learning; China

1. Introduction

Surface soil moisture (SSM) is an important parameter in meteorology, hydrology,
agronomy, etc., and it affects global water and energy budgets by controlling the redistribu-
tion of rainfall into infiltration, runoff, soil infiltration, and evapotranspiration [1]. Accurate
estimation of soil moisture is very important, which can be used for agricultural irrigation
scheduling, rainfall estimation, and flood forecasting [2]. In addition, soil moisture can also
enhance our understanding of the land–atmosphere energy exchange process to help us
further improve physical models such as hydrology and climate [3].

Up to now, soil moisture observation methods mainly include in situ observations,
remote sensing observations, and land surface modeling. Conventional in situ observations
have high observation accuracy, but the high time and cost make it difficult to monitor soil
moisture in large areas. The high temporal and spatial heterogeneity of soil moisture due
to the influence of climate type, land cover, topography and other factors indicates that
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large-scale soil moisture monitoring is necessary [4]. Remote sensing technology, which
has the advantages of fast timeliness, wide monitoring range, and long-term dynamic
monitoring, solves the shortcomings of traditional methods and provides an effective
method for obtaining large-scale soil moisture information [5]. So far, many methods of
soil moisture estimation at different spatial and temporal scales have been developed,
including the methods based on the global scale [6,7], the watershed scale [8,9] and the field
scale [10,11]. In addition, these methods can also be classified into optical-based methods,
thermal-infrared-based methods, and microwave-based methods depending on the sensors
used. Optical methods (wavelengths between 350 and 2500 nm) mainly use the optical
reflectance characteristics of soil [12] or calculate related SSM indices [13,14] to retrieve soil
moisture. However, optical signals are easily affected by clouds and vegetation. Meanwhile,
most of the existing methods are based on empirical models, making it difficult to apply them
on a large scale. The thermal infrared methods (wavelength between 3500 and 14,000 nm)
mainly use thermal inertia or combines thermal infrared data and optical vegetation index
data for the estimation of soil moisture [15]. The methods of combining optical and thermal
infrared data have been widely used, including the triangulation method [16] and the
trapezoidal method [17]. However, due to the influence of spatial heterogeneity, constructing
an accurate feature space often requires some very complicated parameters. Microwave
methods (wavelength between 5 and 1000 mm) are divided into active microwave methods
and passive microwave methods, which have become the most important means of remote
sensing quantitative inversion of soil moisture. Satellite sensors that have been used for soil
moisture retrieval include Soil Moisture Ocean Salinity (SMOS) [18], Advanced Microwave
Scanning Radiometer 2 (AMSR2) [19], Soil Moisture Active Passive (SMAP) [20], and
Microwave Radiation Imager (MWRI) onboard the Fengyun-3D (FY-3D) satellite [21]. In
addition, soil moisture data sets can also be obtained based on land surface models or data
assimilation systems. Soil moisture products currently available based on these methods
include the Global Land Data Assimilation System (GLDAS) soil moisture data [22], the
China Meteorological Administration Land Data Assimilation System (CLDAS) soil moisture
data [2], ERA5-Land dataset [23], SMAP Level-4 (L4) surface, and root zone soil moisture
data [24]. The biggest advantage of land surface model estimation of soil moisture is that the
average soil moisture of each layer can be obtained. However, it usually has a coarse spatial
resolution and cannot provide finer soil moisture information, which limits its application.
Moreover, the model structure, meteorological forcing data, and model parameters also
make the soil moisture obtained using the land surface model have some uncertainties [25].

Each method has its own advantages and disadvantages, but it is difficult to meet the
needs of practical applications. At present, many studies have produced spatially complete
soil moisture products with fine spatial resolution by integrating multi-source observation
data and model output data. Jin et al. [26] proposed a Geographically Weighted Area-
To-Area Regression Kriging (GWATARK) algorithm to spatially downscale the passive
microwave remote sensing data, and combined the result with microwave assimilated soil
moisture data to obtain the time-continuous 1 km soil moisture product of the Qinghai-Tibet
Plateau. Djamai et al. [27] combined the DISaggregation based on Physical And Theoretical
scale Change (DISPATCH) and the Canadian Land Surface Scheme (CLASS) to estimate
the soil moisture with a spatial resolution of 1 km under cloudy weather. Long et al. [28]
integrated CLDAS soil moisture data, quality remotely sensed LST, and other surface
variables into a random forest model to obtain spatially complete daily-scale soil moisture
data in the North China Plain. These studies both proved the potential of multi-source data
integration to obtain spatially complete and time-continuous soil moisture.

In the past few decades, machine learning has been widely used in the field of soil
moisture due to its excellent nonlinear fitting ability, especially ensemble learning, which
reduces variance or bias through the integration of multiple machine learning models to
improve the predictive ability of the model [29]. Wei et al. [30] used the random forest
algorithm to downscale the SMAP soil moisture data of the Iberian Peninsula based on
MODIS optical thermal infrared data, and the results showed that RF could make a good



Remote Sens. 2023, 15, 2786 3 of 18

improvement on SMAP. Zhang et al. [31] integrated in situ measurement data, reanalysis
data, and remote sensing data to estimate soil moisture based on RF and XGBoost. The
results showed that XGBoost was slightly better than RF. Das et al. [29] used three ensemble
learning methods of bagging, boosting, and stacking to invert surface soil moisture in semi-
arid areas. The stacking method improved the prediction of the model by reducing model
overfitting and the deviation of each base learner. These studies demonstrate the reliability
of soil moisture estimation using ensemble learning methods. However, the performance
of ensemble learning models is limited by the accuracy of the training dataset, the accuracy
of soil moisture products can be better improved by integrating high-precision ground
measurement data [31]. So far, the existing research focuses more on the regional scale, and
there are few studies on the retrieval of large-scale soil moisture in China. Meanwhile, the
studies involving the Chinese region only used a small number of Chinese regional in situ
measurements to construct and evaluate these models, which cannot strongly prove the
performance of the model in the Chinese region.

In order to better take advantage of the high accuracy of in situ measurements, the
soil moisture data of 2980 stations provided by the China Meteorological Administration
and some auxiliary data were combined to generate spatially continuous and highly
accurate 1 km surface soil moisture products. The specific content include: (1) using
in situ measurements as the target variable, remote sensing data and reanalysis data as
auxiliary variables, based on random forest, extreme random tree, XGBoost, and LightGBM
to retrieve the soil moisture in China; (2) comparing the performance of the four models;
and (3) identifying the most important covariates for soil moisture estimation. The results
of this study are helpful for monitoring of spatially continuous surface soil moisture and
water resources management in China.

2. Materials and Methods
2.1. Data Source and Preprocess
2.1.1. Remote Sensing Datasets

Table 1 lists the information on the satellite observation data used in this study. Visible
and thermal infrared data were obtained using the Aqua MODIS eight-day reflectance
product (MYD09A1) from the Level-1 and Atmosphere Archive & Distribution System
(LAADS) Distributed Active Archive Center (DAAC) and TRIMS LST from the National
Tibetan Plateau Data Center (TPDC), respectively. The pixels with the highest quality in
MYD09A1 were selected through the quality control file to calculate Normalized Vegetation
Index (NDVI), Distance Drought Index (DDI), and Normalized Difference Water Index
(NDWI) in China. The Savitzky-Golay (S-G) filter was used to eliminate the noise in
the data. Subsequently, these filtered data are interpolated using the spline method to
obtain daily values. The TRIMS LST data adopt a satellite thermal infrared remote sensing-
reanalysis data integration method based on a new surface temperature time decomposition
model [32]. This method makes full use of the high-frequency component, low-frequency
component, and spatial correlation of surface temperature provided by satellite thermal
infrared remote sensing and reanalysis data, and finally reconstructs a high-quality all-
weather surface temperature dataset. In addition, the input data of this method are Aqua
MODIS LST products, so TRIMS LST and MYD09A1 match in time (01:30, 13:30).

Table 1. List of remote sensing data used in this study.

Dataset Source Spatial
Resolution

Temporal
Resolution Index Reference

MYD09A1 NASA LAADS DAAC 500 m 8d
NDVI (Tucker et al., 1980 [33])
NDWI (Gao et al., 1995 [34])

DDI (Qin et al., 2010 [35])
SMAP L3 SM NSIDC 36 km 1d SM (O’Neill et al., 2021 [36])
TRIMS LST TPDC 1 km 1d LST (Zhou et al., 2021 [37])
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Passive microwave products are from NASA National Snow and Ice Data Center
(NSIDC) SMAP L3 Version-8 soil moisture product. The data are obtained from the ob-
servation of the L-band (1.41 GHz) radiometer mounted on the SMAP satellite, which
provides daily soil moisture products of 0–5 cm on the soil surface, with a spatial resolution
of 36 km. Soil moisture is retrieved from the data of two different orbits, namely SMAP
AM (the descending orbit data at 6:00 AM local time) and SMAP PM (the ascending orbit
data at 6:00 PM local time). Although the SMAP soil moisture data have a relatively coarse
spatial resolution, it can still provide information about the average soil moisture conditions
over a large area [31]. Therefore, we also use it as the input variable of the model in this
study. Meanwhile, pixels with high quality flags are preserved based on quality control
files. Due to the orbit of the satellite and the influence of the earth’s rotation, the soil
moisture data provided by SMAP is always striped. It is difficult to obtain the soil moisture
data of the entire China region on the same day. Therefore, we used Discrete Cosine
Transformation-penalized Partial Least Square (DCT-PLS) [38] to interpolate the missing
areas of SMAP data (Section 2.2.1). Previously, Zhang et al. [39] used the DCT-PLS method
to reconstruct AMSR2 (Advance b d Microwave Scanning Radiometer 2) soil moisture data.
The results showed that this method better capture the spatial distribution characteristics of
soil moisture, and the reconstructed data improve the availability of soil moisture products.

2.1.2. ERA5-Land Reanalysis Data

ERA5-Land soil moisture data come from the European Center for Medium-Range
Weather Forecasts (ECMWF), which is a replay of the land part of the ERA5 climate
reanalysis [23]. Compared with ERA, ERA5-Land has a higher spatio-temporal resolution.
The development of ERA5-Land is not coupled with the atmospheric module of the ECMWF
Integrated Forecast System (IFS), so it can be updated quickly without data assimilation [40].
The ERA5 provides hourly soil moisture products with a spatial resolution of 0.1◦ × 0.1◦

at the depths of 0–7 cm, 7–28 cm, 28–100 cm, and 100–289 cm. Zhang et al. [31] generated
accurate surface soil moisture products on a global scale based on the ERA5-Land reanalysis
data. Therefore, the soil moisture of 0–7 cm was selected for the training and verification of
the model in this study, and the average value of the soil moisture at 13:00 and 14:00 was
calculated every day to match the time of other data. In addition, the accuracy of ERA5 soil
moisture data was evaluated based on the in situ measurements before inversion to ensure
the reliability of ERA5 soil moisture data in China.

2.1.3. Topographic Data

This study used DEM data (https://lpdaac.usgs.gov/, accessed on 18 April 2023) with
a spatial resolution of 90 m from NASA’s SRTM (Shuttle Radar Topography Mission) to
provide relevant topographic information for soil moisture inversion. The data cover 80%
of the land area except Antarctica and the land near the North Pole, which is incomparable
to the elevation data obtained using conventional ground measurement methods. The
SRTM DEM has been widely used in the field of soil moisture [26,29,30].

2.1.4. Soil Properties Data

The dataset of soil hydraulic and thermal parameters of Sun Yat-Sen University
Land-Air Interaction Research Group (http://globalchange.bnu.edu.cn/, accessed on
18 April 2023) provides various depths (0–5 cm, 5–15 cm, 15–30 cm, 30–60 cm, 60–100 cm,
100–200 cm) soil hydraulic and thermal parameter data in China. The dataset uses the
multiple PTFs (Pedotransfer functions) method to develop global high-resolution soil char-
acteristic data based on the GSDE and Soil Grids soil component database [41], which is
better than the traditional lookup table methods in capturing spatial heterogeneity. We
extracted the sand, silt, and clay data of 0–5 cm to construct the model in this study.

https://lpdaac.usgs.gov/
http://globalchange.bnu.edu.cn/
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2.1.5. In Situ Measurements

The soil moisture data measured at 2980 meteorological stations from the National
Meteorological Information Center was used to train and validate the soil moisture model.
These stations automatically monitor soil moisture at depths of 0–10 cm, 10–20 cm,
20–30 cm, 30–40 cm, 40–50 cm, 50–60 cm, 60–80 cm, and 80–100 cm. The distribution
of stations covers the whole of China (Figure 1), and most of them are distributed in the
North China Plain and the Sichuan Basin, while the stations in the Qinghai-Tibet Plateau
and Xinjiang are relatively sparse. We mainly used the data at the depth of 0–10 cm from
May to October 2018 for model training and verification. In addition, the daily soil moisture
measurements at 13:00 and 14:00 were also averaged to match the transit time (13:30) of the
MODIS Aqua satellite in the Chinese region.
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2.2. Model Design
2.2.1. Data Reconstruction Method

DCT-PLS was originally used to smooth missing data in one or more dimensions to
reduce experimental noise and small-scale information [38]. The algorithm is mainly based
on the residual sum of squares and the penalty term in the penalized least squares method
to balance the fidelity and roughness of the data. Garcia [38] et al. showed that for data with
equal intervals, penalized least squares regression can be performed using DCT. Compared
with the traditional left matrix division, this method has lower computational complexity.
In addition, the reconstruction of missing data can be achieved by assigning the weight
value of missing data to 0 (w = 0). The principle of DCT-PLS is briefly introduced below;
for details, please refer to Garcia [38] et al.

The main objective of the DCT-PLS method is to minimize

F(ŷ) =‖W1/2 · (ŷ− y) ‖2 +s· ‖ D · ŷ ‖2 (1)

where ŷ and y represent the predicted value of the model and the original values, respec-
tively. W represents the weight matrix specifying the weight values of different positions.
‖ ‖ denotes the Euclidean norm. s controls the degree of smoothness, and as s increases,
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the smoothness of ŷ increases accordingly. D represents a tridiagonal square matrix. When
dealing with data with uniform spatial distribution, D can be expressed as

D =


−1 1
1 −2 1

. . . . . . . . .
1 −2 1

1 −1

 (2)

The result after minimizing F(ŷ) is

H−1ŷ =
(

H−1 − A
)

ŷ + Wy (3)

where =
(

In + sDTD
)−1, which is the hat matrix. A ≡ sDTD + W and In is the n × n

identity matrix. The final solution of this formula can be expressed using DCT and IDCT as

ŷ{k+1} = IDCT
(

ΓDCT
(

W
(

y− ŷ{k}
)
+ ŷ{k}

))
(4)

where ŷ{k} represents the kth iteration value of ŷ. Γ represents the filter tensor, and the
three-dimensional filter tensor can be expressed as

Γi1,i2,i3 =

1 + s

(
∑3

j=1

(
2− cos

(
ij − 1

)
π

nj

))2
−1

(5)

where ij and nj is the ith component along the j dimension and the number of elements
along the j dimension.

The accuracy of the DCT-PLS method depends on the selection of smoothing parame-
ters, and a high s value will easily lead to the loss of high-frequency components, so the
value of s should be small enough when constructing the model. To further improve the
accuracy of the algorithm, we also chronologically integrated the SMAP AM and PM data
for reconstruction.

2.2.2. Machine Learning Models

The four models used in this study, including RF, ERT, XGBoost, and LightGBM,
belong to ensemble learning. The ensemble learning model improves the robustness and
accuracy of the model by integrating the results of multiple machine learning model. A
large number of empirical and theoretical studies have shown that ensemble models usually
achieve higher accuracy than single models [42]. The necessary condition for the ensemble
learning model to achieve better results than an individual learner is that each base learner
has good performance and is independent of each other. The following is divided into
two parts to briefly introduce the four ensemble methods used in this research.

(1) RF and ERT

RF and ERT have a similar structure, that is, they both use decision trees as the base
model. RF integrates multiple base learners based on Bagging (Boost Aggregation). The
steps of the Bagging method [43] are as follows. Firstly, a specific proportion of training
samples is randomly selected from the original training samples. Secondly, multiple “weak
learners” are trained based on multiple sets of training samples. Finally, the results of
each “weak learner” are predicted by averaging or voting to make predictions. Unlike RF,
ERT uses all samples to train decision trees. In addition, ERT selects the split nodes of the
tree in a completely random way. ERT model, which combine randomization of cut-point
and attributes with ensemble averaging, is able to reduce variance more robustly than the
weaker randomization schemes used by other methods [44].
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(2) XGBoost and LightGBM

XGBoost and LightGBM mainly improve the performance of the model through
boosting. Boosting aims to fit multiple “weak learners” in an iterative manner, reducing
bias by assigning larger weights to observations in the dataset that were poorly handled
with previous models [29]. Both are implemented based on Gradient Boosting Decision
Trees (GBDT). Compared with the GBDT algorithm, XGBoost [45] adds a regularization
term to the objective function to prevent overfitting, and performs second-order Taylor
expansion on the objective function to improve calculation accuracy. Furthermore, XGBoost
improves the operating efficiency of the algorithm through technologies such as Column
Block for Parallel Learning, cache-aware prefetching algorithm, Block Compression, and
Block Sharding. As for LightGBM [46], GBDT-based gradient-based one-side sampling
(GOSS) and exclusive feature bundling (EFB), were developed to improve the operating
efficiency and accuracy of the model. LightGBM excludes a large part of data instances with
small gradients to reduce the number of samples by using the GOSS algorithm, while using
the EFB algorithm to bundle mutually exclusive features to reduce the number of features.

2.2.3. Retrieval Model Design

In this paper, we used NDVI, NDWI, DDI, LST, soil properties data (sand, silt, and
clay), surface soil moisture background field information (surface soil moisture data pro-
vided by SMAP and ERA5-Land reanalysis data) and in situ measurements as the input
data of the four models. Among these data, the in situ measurements were used as indepen-
dent variables, and other data were used as dependent variables. Before the construction of
the model, we first evaluated the reliability of ERA5 and SMAP soil moisture data based on
the in situ measurements. The SMAP soil moisture data were also reconstructed using the
DCT-PLS method to provide the temporal and spatial continuous soil moisture background
field information. After that, all dependent variables were resampled to 1 km resolution. In
addition, according to the longitude, latitude, and time information of these sites, these
corresponding dependent variables were extracted to form input data set. Then, the input
data set was divided into training set and validation set according to the ratio of 4:1. The
hyperparameters of the four models were optimized using the grid search method and
10-fold cross-validation technology during the training phase. In addition, we also adopted
the early stopping method to optimize the number of trees in the models of XGBoost and
LightGBM to avoid overfitting. Finally, the results of the four models in the training phase
and the validation phase were evaluated based on the in situ measurements to obtain
the most accurate soil moisture at 1 km. In this study, all models were implemented in
the python3.8 environment with the help of third-party libraries such as numpy, pandas,
scikit-learn, xgboost, lightgbm, etc. Figure 2 shows the specific flowchart of soil moisture
retrieval in this study.

2.3. Evaluation Metrics

To fully evaluate the performance of DCT-PLS and the four machine learning models,
four performance metrics including coefficient of determination (R2), bias, root mean
squared error (RMSE), and the unbiased RMSE (ubRMSE) are used. The details of the
formula are as follows:

R2 =

[
∑
(

Fi − F
)(

Yi −Y
)]2

∑
(

Fi − F
)2(Yi −Y

)2 (6)

bias =
1
n ∑n

i=1(Fi −Yi) (7)

RMSE =

√
∑n

i=1(Fi −Yi)
2

n
(8)

ubRMSE =
√

RMSE2 − bias2 (9)
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where, Fi and Yi represent the ith estimated value and observed value, respectively, and n
represents the number of observed values.
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3. Results
3.1. Evaluation of Soil Moisture Products before and after Reconstitution

We evaluated the accuracy of original SMAP and ERA5 soil moisture data with in
situ SSM measurements at 2980 meteorological stations during March–October in 2018
(Figure 3). All evaluation results were carried out at a spatial resolution of 36 km, in
which the ERA5 soil moisture data were resampled to 36 km by using the nearest neighbor
method. In addition, the grid-based soil moisture data were compared with the average
from all interior stations. Only grids containing more than four meteorological stations
was used to evaluate. As shown in Figure 3, ERA5 soil moisture data are slightly better
than SMAP soil moisture data in terms of correlation coefficient and deviation, with a
correlation coefficient of 0.51 and an ubRMSE of 0.0862 m3/m3. The ERA5 soil moisture
product has a higher wet bias. In general, both products show a high correlation with
the in situ measurements. However, due to the influence of different spatial scales and
measurement depths, the soil moisture data of ERA5 and SMAP cannot completely match
the measured values. Compared with SMAP soil moisture products, ERA5 products do not
have more obvious advantages. The inversion of SMAP soil moisture is more susceptible
in areas of high organic layer and high vegetation [47]. Meanwhile, the ERA5 data are
also affected by the model structure and parameters, which may not be able to effectively
capture the heterogeneity of soil moisture in the irrigation area. Therefore, it is both reliable
and necessary to integrate data from multiple sources for soil moisture retrieval.
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Figure 3. Comparisons of the original SMAP (a) and ERA5 (b) SSM against in situ SSM measurements
at 2980 meteorological stations during March–October in 2018. (The “Number” is used to measure the
degree of density of each point in the scatter plot. The “Number” is larger, the density or frequency
of points with the same color in the scatter plot are higher).

Before the reconstruction of SMAP soil moisture data, the fraction of missing data of
SMAP AM and PM in the whole of China in 2018 was calculated (Figure 4a). The fraction of
missing data varies from 58% to 100% (white areas represent completely missing regions).
It can be found that the lack of data in the entire Qinghai-Tibet Plateau region is large, with
an average missing rate of 91%. The reason for this phenomenon is that there is a lot of
permafrost in the Qinghai-Tibet Plateau, which makes remote sensing inversion of soil
moisture more difficult. In addition, due to the influence of factors such as water bodies and
dense vegetation, there are also different data missing rates in other regions. In particular,
the data for the entire Hainan Province and Taiwan Province are completely missing. The
main reason is that these areas belong to the tropical and subtropical monsoon climate,
and the vegetation is very lush, making it difficult for the L-band to directly penetrate the
vegetation to directly invert the surface soil moisture.
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Before reconstruction, 20% of the pixels in the SMAP data set were randomly selected
as null values, and the accuracy of the algorithm was evaluated by comparing the values of
these pixels before and after reconstruction. The correlation coefficient (R2) of the original
value of the verification pixel and the predicted value of the algorithm was calculated to be
0.95. The results show that DCTPLS has good accuracy and robustness in reconstructing
missing SMAP data. Figure 3b shows the correlation coefficient (R2) for different validation
pixels. The pixels in most areas have high correlation coefficients, and the correlation
coefficients of about 75% of the pixels are greater than 0.80. The western part of the Qinghai-
Tibet Plateau has a lower correlation coefficient due to the high rate of data missing. In
addition, since the algorithm process involves discrete cosine transform, the smooth output
on the boundary may be slightly distorted [38], resulting in a relatively low correlation
coefficient at the eastern coastal boundary.

Taking the soil moisture data of China on 26 August 2018 as an example, we compared
the SMAP data before and after reconstruction (Figure 5). It can be found that the original
SMAP data present an obvious striped distribution, and there are no data in nearly half of
the areas. Therefore, it is necessary to integrate SMAP AM and PM data for reconstruction
to provide more relevant spatiotemporal information. The reconstructed SMAP data well
showed the spatial variation trend of soil moisture. The correlation coefficient (R2) of
0.96 also indicates the validity of the reconstruction results. Figure 6 shows the temporal
variation of predicted values and observations for pixels with different fraction of missing
data (60% and 70%). The two pixels are located in southern China (25◦N, 105◦E) and
northern China (34◦N, 113◦E), respectively. In two distinct regions, the predicted curves
nearly overlap the observed curves. The reconstructed data reproduced the change in soil
moisture over time very well.
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Figure 7 further evaluated the reconstruction results of SMAP soil moisture data based
on the in situ measurements. Figure 7a shows that the reconstructed SSM corresponding
to missing data regions obtained a 0.077 m3/m3 ubRMSE and a correlation coefficient of
0.58 against the in situ measurements. The DCT-PLS method can well reconstruct the soil
moisture in the data missing area. Similarly, the reconstruction of all SMAP soil moisture
data also further improved the accuracy of the original SMAP data, with a correlation
coefficient of 0.56 and an unbiased root mean square error of 0.0782 m3/m3 (Figure 7b).
The reconstructed SMAP accuracy is better than the original SMAP accuracy (Figure 3a). In
general, the reconstructed SMAP soil moisture data can provide complete and continuous
background field information for the construction of subsequent machine learning models.
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reconstructed SSM (b) against in situ SSM measurements at 2980 meteorological stations during
March–October in 2018.

3.2. Retrieval and Evaluation of 1 km Surface Soil Moisture

Based on the split training set and validation set, we calculated four metrics (R2,
bias, RMSE, ubRMSE) to evaluate the performance of different machine learning models.
Figure 8 shows the scatterplots of the four machine learning models during the training
and validation phases. During the training phase, RF and ERT had similar results, with a
correlation coefficient (R2) of 0.98 for both and RMSEs of 0.0158 m3/m3 and 0.0155 m3/m3.
Since the deviations of both are close to 0, the calculated ubRMSE results are consistent
with RMSE. The XGBoost model had the lowest prediction accuracy, with R2 and RMSE of
0.92 and 0.0302 m3/m3, respectively. Contrary to the results in the training phase, XGBoost
and LightGBM achieve better results than RF and ERT in the validation phase. Among
the four models, LightGBM shows the best performance in the validation phase (R2 = 0.88,
RMSE = 0.0366 m3/m3).

In the validation phase, the accuracy of the four models decreased to varying degrees.
In terms of correlation coefficients, the values of RF and ERT are reduced by 12% and
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15%, respectively, and the values of XGBoost and LightGBM are both reduced by about
6%. Compared with XGBoost and LightGBM, RF and ERT have obvious overfitting phe-
nomenon, that is, there is a large difference in model evaluation parameters between the
training data set and the verification data set. This may be due to the fact that the training
set obtained by using the random sampling method cannot fully reflect the properties of
the entire data set when training the model, resulting in overfitting [29]. In addition, the
slopes of all four models were less than 1, indicating that the models underestimated at
high soil moisture values and overestimated at low soil moisture values. Overall, the four
models showed excellent performance in soil moisture prediction. The better performance
in the validation phase and less overfitting suggest the better robustness of LightGBM. In
addition, LightGBM can take less time to train and validate than the other three models.
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Since LightGBM achieved good results in estimating soil moisture, we further calcu-
lated the R and ubRMSE of each station based on the results of LightGBM (Figure 9) to
evaluate the ability of the soil moisture predicted using the model to capture the temporal
dynamic changes of soil moisture. It is easy to find that most stations exhibit high R values,
especially in the North China Plain and the Sichuan Basin. There are some lower R values
in the Xinjiang Uygur Autonomous Region, the Northeast Plain, and the southern regions.
The specific reason may be that the distribution of stations in these areas is relatively sparse.
Figure 9b shows the spatial distribution of ubRMSE values at different stations. For the
convenience of representation, the color bar of Figure 9b is opposite to that of Figure 9a, red
represents low values with high accuracy, and blue represents high values with low accu-
racy. The average ubRMSE of all stations in the entire China region is 0.0313 m3/m3. In the
whole of China, Beijing, Shandong Province, and other regions have lower ubRMSE values.
Areas with sparse stations such as Xinjiang Uygur Autonomous Region and Qinghai-Tibet
Plateau also have low values of ubRMSE. The ubRMSE values in the Sichuan Basin is
relatively high, partly because the soil moisture in this area varies greatly, and there is
a deviation in the amplitude of the predicted soil moisture waveform, which leads to a
relatively large ubRMSE values [48]. On the whole, the soil moisture predictions of most
stations have satisfactory accuracy, and LightGBM can well capture the dynamic changes
of soil moisture in time.
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In order to further evaluate the effectiveness of 1 km surface soil moisture retrieval,
the spatial distribution maps of 1 km soil moisture in China on the first day of each
month from May to October 2018 were mapped (Figure 10). Compared with the SMAP
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soil moisture data, the 1 km surface soil moisture products retrieved in this study show
more detailed information on the spatial distribution of soil moisture. Consistent with
the spatial distribution trend of SMAP soil moisture (Figure 5b), high soil moisture values
were distributed in the Northeast Plain, the Jianghuai region, the Yangtze River Basin,
and the western Qinghai-Tibet Plateau. Low values mainly occurred in Xinjiang Uygur
Autonomous Region, Inner Mongolia Autonomous Region, and Gansu Province.

Figure 10. Spatial distribution map of 1 km surface soil moisture in China. (a–f) are the surface soil
moisture in China on the first day of each month from May to October 2018, respectively.

3.3. Relative Importance of Features

Figure 11 shows the feature permutation importance of four machine learning models,
calculated using the validation data in 2018. Compared with impurity-based feature
importance, permutation feature importance does not favor high cardinality features with
particularly low repetition rate and can be calculated based on the validation set [49]. It
should be noted that the importance of all input features in this study is calculated at a
spatial resolution of 1 km. Among the four machine learning models, DEM is the most
important feature variable. In the process of training the models, the input of DEM data
can provide relevant terrain information. Terrain characterization parameters such as slope,
aspect, and flow can be derived from DEM. Affected by various factors, differences in
altitude lead to differences in evapotranspiration and rainfall patterns, which affect changes
in soil moisture [50]. High importance scores of DEM in ensemble learning inversion of
soil moisture was also found in previous studies [31,51]. It is worth noting that the feature
importance score of DEM is higher than that of SMAP data and ERA5 data. This may be
attributed to the high correlation between SMAP data as well as ERA5 data. Because they
are all input into the models as soil moisture background field. The feature importance
score is mainly calculated based on the drop in prediction accuracy when the predictor
variables are randomly arranged. Therefore, when two variables are highly correlated,
their importance may decrease. In addition, the coarse spatial resolution of SMAP and ERA
is also one of the reasons for its reduced importance. Meanwhile, soil texture data such
as clay, sand, and silt also have high feature importance scores among the four models.
LST, DDI, NDVI, and NDWI are all at the bottom of the importance score, which may be
attributed to the limited role of vegetation on the 1 km scale [52].
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4. Discussion

This study mainly obtained the 1 km surface soil moisture in China by integrating data
sets from multiple sources and using machine learning methods. The final soil moisture
not only has a significant improvement in accuracy, but also can show more detailed
information in space. Before inversion, we first evaluated two important input variables,
including SMAP and ERA5 SSM data. The results show that the accuracy of SMAP data is
slightly better than that of ERA5 data. However, affected by different factors, the two types
of data show different performances in different aspects. Among them, the ERA5 data are
mainly affected by the model structure and parameters, which may not be able to effectively
capture the heterogeneity of soil moisture in the irrigation area [48]. SMAP cannot also
achieve accurate retrieval of soil moisture in areas with high vegetation coverage. Therefore,
it is necessary to integrate the two data to achieve complementary advantages.

In addition, the quality of input data has an important impact on the training of
machine learning models. In the study, we used DCT-PLS and spline methods to reconstruct
and interpolate SMAP soil moisture data and MODIS vegetation index to obtain spatially
complete data. As empirical methods, their accuracy depends on the number of samples.
For regions with a high missing data rate, the predicted results may not be accurate,
especially the Qinghai-Tibet Plateau. This will affect the robustness of the model, although
we still achieved high accuracy in the Qinghai-Tibet Plateau region. Therefore, increasing
the sample size of data or adopting other physical models to improve the accuracy of input
data is one of the main directions in the future. Meanwhile, it is also possible to directly
obtain high-quality vegetation index data by developing a surface albedo algorithm with
high temporal and spatial resolution. Up to now, many studies have reconstructed daily
surface reflectance data through multi-source data fusion methods or time series analysis
methods [53–55]. These methods performed the spatiotemporal reconstruction of missing
surface reflectance data efficiently. Compared with the original data, the reconstructed data
have good consistency in both spatial pattern and time variation.

Finally, this study also compared the capabilities of four different machine learning
methods for soil moisture retrieval in China. The LightGBM model is the optimal model
for large-scale soil moisture retrieval in China. The efficient algorithm of the LightGBM
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model can provide a certain basis for the inversion of large-scale soil moisture in long-term
series. However, the relationship between soil moisture and auxiliary variables is often
non-stationary in space. This limitation will affect the predictability of surface parameters
such as soil moisture in complex land–atmosphere interaction regions, leading to significant
uncertainty in the prediction of soil moisture [56]. Therefore, future work can focus on
dividing the whole of China into different regions by integrating different indicators, and
constructing corresponding machine learning models in different regions for soil moisture
inversion, so as to further improve the stability of the model.

5. Conclusions

In this study, we retrieve the daily soil moisture in China with a spatial resolution of
1 km based on ensemble learning by integrating multi-source remote sensing data (surface
reflectance, LST, SMAP SM), reanalysis data (ERA5 SM), auxiliary data (DEM, soil texture),
and in situ soil moisture data. Furthermore, the performance of four ensemble learning
models RF, ERT, XGBoost, and LightGBM in retrieval of soil moisture was evaluated to obtain
the final 1 km surface soil moisture product. The main findings of the study are as follows:

(1) Among the four ensemble learning models, LightGBM shows the best performance.
The R2, bias, and ubRMSE between the soil moisture predicted using LightGBM and
the validation data set were 0.88, 0.0004 m3/m3, and 0.0366 m3/m3, respectively.
Compared with RF and ERT, LightGBM shows less overfitting. Meanwhile, the
lower computational cost (faster speed and less memory consumption) makes it more
suitable for inversion of large-scale soil moisture.

(2) The LightGBM model can well capture the temporal variation and spatial distribution
trend of soil moisture. The average value of the correlation coefficient and ubRMSE
between the predicted value of the model and the in situ measurements of each station
are 0.075 and 0.0313 m3/m3, respectively. Meanwhile, compared with the SMAP data,
the obtained 1 km soil moisture product can show more detailed information on the
spatial distribution of soil moisture.

(3) Among all covariates, elevation was identified as the most important feature. Soil
texture, SMAP SM, and ERA SM also exhibit relatively high importance on the
construction of the soil moisture model. NDVI, NDWI, DDI, and LST had the least
impact on soil moisture prediction.

In general, it is entirely feasible to apply this method to 1 km daily soil moisture
retrieval in China. This methodological framework shows promise in the production of
long-term series soil moisture data sets in China in the future, and the product is significant
in the fields of agriculture, water resource management, and climate change.
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