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A B S T R A C T   

As a key variable used to characterize the climate process between the land surface and atmosphere, the surface 
soil moisture (SM) plays an irreplaceable role in the fields of hydrology, meteorology and agriculture. However, 
the relatively coarse spatial resolution of SM products currently limit the application in water resource man-
agement at the field scale. In this study, we proposed a high-spatial-resolution SM retrieval framework based on 
the random forest algorithm (RF-SM) to integrate in situ SM dataset from in the International Soil Moisture 
Network (ISMN), Landsat 8 optical and thermal observations, soil properties from SoilGrids V2.0, meteorological 
variables from the fifth generation of the European ReAnalysis (ERA5) dataset and four coarse-scale SM products 
including the Soil Moisture Active/Passive (SMAP), the Soil Moisture and Ocean Salinity (SMOS), European 
Space Agency Climate Change Initiative (ESA CCI) and U.S. National Climate Assessment Land Data Assimilation 
System (NCA-LDAS). Compared to three other machine learning (ML) algorithms [extremely randomized trees 
(Extra-Trees), gradient boosting regression tree (GBRT) and extreme gradient boosting (XGBoost)], the random 
forest (RF) algorithm exhibited the best performance against a subset of 100 validation sites with a Kling–Gupta 
efficiency (KGE) of 0.69 and root-mean-square-error (RMSE) of 0.063 m3/m3. In terms of different land cover 
types and typical sites, RF-SM also showed a better accuracy than any of the individual SM product. Finally, the 
retrieval framework was applied to map the 30-m resolution SM spatial distributions in five substudy areas in the 
U.S. The results suggest that it is feasible to retrieve accurate SM at a 30-m spatial resolution from multiple 
satellite datasets based on the RF algorithm, which has important practical significance for agricultural drought 
monitoring at the field scale.   

1. Introduction 

Soil moisture (SM), at the heart of biological, physical and chemical 
processes on the land surface (Dorigo et al., 2017), drives complex 
climate processes and feedback loops between the ground and the at-
mosphere by affecting the regulation of water and the distribution of 
energy fluxes (Peng et al., 2017; Seneviratne et al., 2010; van der Molen 
et al., 2011). SM has become a crucial variable in hydrology (Brocca 
et al., 2017; Purdy et al., 2018; Sadeghi et al., 2020), meteorology 

(Alizadeh and Nikoo 2018; Baldocchi et al., 2022; Berg and Sheffield 
2018) and agricultural water management (Holzman et al., 2018; Parida 
et al., 2008; Rahman et al., 2017). Traditional SM observations rely on 
ground measurement equipped with professional instruments and 
mature technology (Garrido et al., 1999; Topp and Reynolds 1998; 
Valente et al., 2006; Zhou et al., 2001), which are the most accurate data 
sources for surface model calibrations and satellite-based SM retrievals 
(Robock et al., 2000). However, due to the limitations associated with 
the number and cost of monitoring equipment, it is difficult to provide 
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SM information in remote areas and over complex ground surfaces, and 
point-based observation databases cannot dynamically reflect spatial 
heterogeneities at relatively large scales (Peng et al., 2017). Therefore, 
there is an urgent demand for a scientifically feasible framework for 
accurately retrieving and mapping SM at relatively high spatial resolu-
tion that can be applied to agricultural drought monitoring and water 
resource management at the field scale (Martínez-Fernández et al., 
2016; Seneviratne et al., 2010). 

Remote sensing has solved the observation bottleneck at the point 
scale to obtain spatiotemporally continuous SM data from the field scale 
to the regional and global scales (Mohanty et al., 2017). Optical and 
thermal infrared remote sensing can reflect rich spectral and thermal 
information about the land surface at a high spatial resolution (Verrelst 
et al., 2015). Various drought indices (Ghulam et al., 2007; Wang et al., 
2007) and thermal inertia models (Kang et al., 2017; Lu et al., 2018) 
have been proposed for SM retrieval. However, these methods have 
limited ranges of applicability due to cloud-contaminated images and 
the specificity of the surface conditions and humidity background (Attila 
et al., 2014; Price 1985). Microwave remote sensing is most suitable for 
generating operational all-weather SM products. To date, global SM 
datasets based on passive microwave sensors have been produced, such 
as the Advanced Microwave Scanning Radiometer-Earth Observing 
System (AMSR-E) (Njoku et al., 2003), the Soil Moisture and Ocean 
Salinity (SMOS) (Kerr et al., 2016) and the Soil Moisture Active/Passive 
(SMAP) products (Chan et al., 2018). However, the spatial resolution of 
these products is relatively coarse (25–50 km) and cannot meet the re-
quirements of research and application at the field or regional scales 
(several kilometers or even meters) (Li et al., 2021; Peng et al., 2017). In 
addition, numerical simulations and data assimilations can also provide 
spatiotemporally continuous SM data. Land surface data assimilation 
systems, such as the Global Land Data Assimilation System (GLDAS) 
(Rodell et al., 2004) and the U.S. National Climate Assessment Land 
Data Assimilation System (NCA-LDAS) (Kumar et al., 2019), combine 
SM from satellite observations with the information from land surface 
process models and their associated meteorological forcing to improve 
the estimation accuracy of satellite data or a single model (Reichle and 
Koster 2005; Reichle et al., 2004). Although data assimilation methods 
can reduce coarse-scale observations to several to tens of kilometers, the 
quality of the forcing datasets and targeted bias correction methods 
must be considered under the assimilation framework (Lievens et al., 
2015; Peng et al., 2017). 

In agricultural monitoring and water resource management at the 
field and regional scales, the requirements for the quality and applica-
bility of SM products are relatively high. Therefore, numerous studies 
have focused on the disaggregation or downscaling of coarse-spatial- 
resolution SM data (Sabaghy et al., 2018). Based on the studies of pre-
decessors, the following three groups can be roughly delineated: (1) 
satellite product-based methods, (2) surface property-based methods, 
and (3) data assimilation-based methods (Peng et al., 2017; Sabaghy 
et al., 2018). Satellite product-based methods take full advantage of 
high-spatial-resolution remote sensing datasets to estimate downscaled 
SM. In terms of microwave remote sensing, exploiting the strength of 
active microwave sensors is the first choice for downscaling passive 
microwave remote sensing products. For example, Tomer et al. (2016) 
proposed the Merge Active and Passive microwave Soil Moisture 
(MAPSM) algorithm by combining RADARSAT-2 with high-spatial- 
resolution data and SMOS with high-temporal-resolution data to 
represent the direction and amplitude of drying and wetting changes in 
SM and accurately estimate SM at a spatial resolution of 500 m. In 
contrast, optical/thermal remote sensors have fine spatial resolutions 
and many studies have used surface parameters such as vegetation 
variables and the land surface temperature (LST) to downscale 
microwave-based SM (Colliander et al., 2017). For instance, Chauhan 
et al. (2003) downscaled a product at a 25-km resolution to 1 km by 
relating low-resolution SM from microwave radiometers to LST, albedo 
and vegetation index values in a “universal triangle” approach (Carlson 

et al., 1994). Similarly Merlin et al. (2008) proposed a physics-based 
downscaling algorithm based on the linear relationship between the 
soil moisture index and surface SM to capture the spatial variations in 
SM in the top 0–5 cm at a fine scale (Merlin et al., 2009, 2010; Merlin 
et al., 2005). 

Surface property-based methods often take into account the effects of 
attributes such as the soil texture and vegetation coverage on the spatial 
structure of SM in downscaling strategies. For example, Ranney et al. 
(2015) considered the spatial variation characteristics of vegetation and 
soil properties based on the Equilibrium Moisture from Topography 
(EMT) model (Coleman and Niemann 2013), and improved the SM 
downscaling ability of the model by inputting fine-resolution auxiliary 
datasets. Subsequently, Guevara and Vargas (2019) provided a predic-
tion approach for SM spatial patterns relying on geomorphology-derived 
terrain parameters to improve the spatial resolution of SM data derived 
from passive satellite observations with a coarse grid to a 1-km resolu-
tion. Surface hydrological models form the core of data assimilation- 
based methods and are also an important basis for high-resolution SM 
estimations (Reichle et al., 2001). For instance, Sahoo et al. (2013) used 
three-dimensional ensemble Kalman filter technology to assimilate the 
AMSR-E coarse-resolution product into the Noah land surface model and 
estimated fine-scale (1-km) SM at the watershed scale. Additionally, 
Kornelsen et al. (2015) developed an SM-downscaling technique based 
on bias correction in data assimilation systems and successfully applied 
the technique to satellite observations at subpixel scales. 

Recently, machine learning (ML) methods, capable of characterizing 
complex relationships between multiple input features and target vari-
ables, have been widely used to downscale SM from satellite products 
(Ali et al., 2015; Peng et al., 2021). For instance, Im et al. (2016) 
examined the abilities of three ML algorithms including the random 
forest, boosted regression tree and Cubist to downscale of AMSR-E SM 
data by using Moderate Resolution Imaging Spectroradiometer (MODIS) 
products (surface albedo, land surface temperature, vegetation indices 
and evapotranspiration data at 1-km resolution) and found that the 
downscaling SM with 1 km resolution showed a higher correlation with 
ground measurements than the original AMSR-E data. Similarly, Zhao 
et al. (2018) proposed a SMAP SM- downscaling study based on the 
random forest (RF) algorithm by integrating optical/thermal infrared 
observation products from MODIS and topographic data, which pre-
sented high spatial heterogeneities and detailed temporal patterns at a 1- 
km spatial resolution. However, water resource management at the field 
scale requires more detailed SM data (Vergopolan et al., 2020). To 
retrieve SM data with a high precision and spatial resolution, an 
increasing amount of auxiliary information and refined surface param-
eter datasets have been incorporated. Recently, Zhang et al. (2022) 
developed a high-resolution (30-m) SM retrieval framework that in-
tegrates band reflectance from Landsat and SMAP products, the fifth 
generation of the European ReAnalysis (ERA5) dataset, and ancillary 
datasets including topography, precipitation and soil properties. How-
ever, different SM products have their own strengths due to differences 
in the retrieval and estimation algorithms (Al-Yaari et al., 2019; Cui 
et al., 2017; Zhang et al., 2021). The performance of SM retrieval is 
limited by data quality and inherent uncertainties when a single product 
is introduced as an average moisture conditions over large areas. 
Moreover, the accurate retrieval of SM state requires consideration of 
various meteorological stresses in the process of land–atmosphere 
interaction (Entekhabi et al., 1996). Therefore, it is particularly urgent 
to develop a downscaling framework from high-spatial-resolution sat-
ellite data, coarse-scale SM products and multiple auxiliary datasets 
based on ML algorithms to obtain SM with an increased accuracy and 
higher spatial resolution. 

In this study, we developed an SM retrieval framework based on the 
RF algorithm (RF-SM) by integrating in situ observations, Landsat 8 
surface reflectance and temperature, a soil properties dataset, the ERA5 
meteorological reanalysis dataset (containing relative humidity, atmo-
spheric temperature at 2 m, wind speed at 10 m and 24-h total 
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precipitation) and four coarse-resolution SM products (SMAP, SMOS, 
ESA CCI and NCA-LDAS). Our objectives were to (1) evaluate the per-
formance of the retrieval model against the in situ SM under different 
surface conditions; (2) construct an RF-SM framework based on com-
parisons between the RF algorithm and three other ML algorithms 
[extremely randomized trees (Extra-Trees), gradient boosting regression 
tree (GBRT) and extreme gradient boosting (XGBoost)] using in situ SM; 
and (3) map the SM spatial distribution at a 30-m resolution at the field 
scale. 

2. Data 

The four categories of datasets used to develop the SM retrieval 
framework are listed in Table 1. These datasets are categorized as fol-
lows: (1) SM products including an in-situ SM dataset from the Inter-
national Soil Moisture Network (ISMN), three satellite-based SM 
products (SMAP Level-3 SM, SMOS-IC SM and ESA CCI V.6.1 SM) and 
NCA-LDAS SM based on the model, (2) Landsat 8 surface reflectance 
data from both the Operational Land Imager (OLI) and Thermal Infrared 
Sensor (TIRS), (3) soil properties from SoilGrids V.2.0, and (4) meteo-
rological variables from ERA5. 

2.1. In situ SM dataset 

The ISMN collects and harmonizes in-situ SM datasets from global 
operational networks (Dorigo et al., 2011) that hold data from 786 sites 
operated by 6 different networks in the U.S. during 2016 (https://ismn. 
geo.tuwien.ac.at). In this study, considering the relatively shallow 
detection depth of Landsat 8 sensors, only the sites capable of measuring 
the surface SM (at a depth of<5 cm) were selected (Zhang et al., 2022). 
Moreover, the SM measurements from these stations were filtered based 
on the quality flags generated by the ISMN, retaining the records with 
the “G” flag (Dorigo et al., 2013). Finally, a total of 334 sites from 5 
networks were used to retrieve the regional SM (Fig. 1). 

2.2. Landsat 8 OLI and TIRS level-2 dataset 

OLI and TIRS are the two sensors on board the Landsat 8 satellite. 
The OLI collects image data in nine shortwave spectral bands, while the 
TIRS collects image data in two thermal bands (Irons et al., 2012). In this 
study, we used Landsat 8 Collection 2 Level-2 datasets produced by the 
United States Geological Survey and selected two visible and near- 
infrared bands (i.e., SR_b4 and SR_b5), two shortwave-infrared bands 
(i.e., SR_b6 and SR_b7) and surface temperature data (i.e., SR_b10) ob-
tained by thermal band processing. The Landsat 8 dataset provides 
image data of the above five bands at a spatial resolution of 30 m and the 
information of the cloud state produced by the C Function of Mask 
(CFMASK) algorithm, thereby providing convenience for data screening 
and use (Acharya and Yang 2015; Foga et al., 2017). With the help of the 
Google Earth Engine platform (https://earthengine.google.com), we 
extracted the band values of these datasets at the locations of selected 

ISMN sites and retained the records on clear-sky days based on quality 
control attributes. 

2.3. Soil properties dataset 

SoilGrids is a Global Soil Information System that integrates 
approximately 240,000 soil observation locations worldwide and more 
than 400 auxiliary environmental covariates and is released by the In-
ternational Soil Reference Information Centre (ISRIC). This system 
produces maps of global soil properties at a 250-m spatial resolution by 
using advanced ML methods (Hengl et al., 2017; Poggio et al., 2021). We 
used SoilGrids version 2.0 products as a source of soil property datasets 
to extract the mean clay, sand and silt contents at depths of 0–5 cm at the 
ISMN sites. 

2.4. ERA5 reanalysis dataset 

ERA5 is the fifth generation global climate and weather reanalysis 
dataset produced by the ECMWF (Hersbach et al., 2019). ERA5 provides 
hourly estimates for a large quantity of atmospheric, ocean-wave and 
land-surface variables from 1950 onward, at a higher spatiotemporal 
resolution than its predecessor, ERA-Interim (Hersbach et al., 2020). 
The dataset has been regridded to a regular grid of 0.25◦ and is freely 
available from https://cds.climate.copernicus.eu. In this study, we used 
the atmospheric temperature at 2 m (T2m) and 24-h total precipitation 
(Precipitation) on single levels and the relative humidity (RH) at various 
pressure levels and obtained the speed of the horizontal 10-m wind by 
combining the U component and V component of 10-m wind (Wind). 

2.5. Soil moisture products 

2.5.1. Satellite-based SM products  

(1) SMAP SM. The SMAP mission was launched as an L-band satellite 
on January 31st, 2015, by the National Aeronautics Space 
Administration (NASA) and scans the Earth’s surface in both 
ascending (6:00 P.M.) and descending (6:00 A.M.) modes on a 
Sun-synchronous orbit. The SMAP SM product adopts a V-pol 
single channel algorithm (SCA-V) as a baseline retrieval algo-
rithm, utilizing enhanced Radio Frequency Interference (RFI) 
mitigation methods to provide estimates of SM at a depth of 5 cm 
based on brightness temperature (O’Neill et al., 2010). Validation 
for 191 ground stations worldwide considering the conditions of 
climate zone, soil properties and land cover types revealed the 
high mean temporal correlation (0.667 and 0.651, respectively) 
and low mean unbiased root mean square error (ubRMSE) (0.055 
and 0.054 m3/m3, respectively) for the descending and ascending 
products (Zhang et al., 2019). In this study, we acquired an SMAP 
passive Level-3 product posted on a 36-km grid using Equal-Area 
Scalable Earth Grid, Version 2.0 (EASE-Grid 2.0) from the Na-
tional Snow and Ice Data Center (https://nsidc.org/data/smap). 

(2) SMOS SM. The SMOS satellite is the first global observation sat-
ellite to obtain measurements in the microwave L-band, suc-
cessfully launched by the European Space Agency (ESA) on 
November 2nd, 2009, in northern Russia (Kerr et al., 2001). 
SMOS has a 3-day revisit period at the equator while delivering 
on SM information over land and sea surface salinity over the 
oceans at 6:00 A.M. for the ascending mode and 6:00P.M. for the 
descending mode (Kerr et al., 2012). According to validation for 7 
stations located in Northeast Brazil, SMOS-IC data conformed to 
the in situ measurements with the correlation coefficient (R) 
between 0.53 and 0.86, and ubRMSE between 0.0298 m3/m3 to 
0.0545 m3/m3 (Araújo et al., 2018). In this study, we used the 
SMOS-IC product which is independent of auxiliary data such as 
the SM simulated from ECMWF and vegetation indices obtained 
from other remote sensing observations (Fernandez-Moran et al., 

Table 1 
Multiple datasets used to develop SM retrieval framework.  

Dataset Details Spatial 
resolution 

Temporal 
resolution 

Soil moisture products ISMN Point scale Hourly 
SMAP Level-3 36 km Daily 
SMOS-IC 25 km Daily 
ESA CCI 
V.6.1 

0.25◦ Daily 

NCA-LDAS 0.125◦ Daily 
Landsat 8 OLI and TIRS 30 m 16 d 
Soil properties SoilGrids 

V.2.0 
250 m – 

Meteorological 
variables 

ERA5 0.25◦ Hourly  
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2017) and provides global daily SM data projected on EASE-Grid 
2.0 25-km coordinates (Wigneron et al., 2021; Wigneron et al., 
2018).  

(3) ESA CCI SM. ESA CCI is a remote sensing monitoring project 
initiated by the European Space Agency Climate Change Associ-
ation to monitor the global key climate variables that have 
feedback effects on climate change; SM was included in this 
project in 2010. The ESA CCI soil moisture production system 
provides a global daily SM datasets at a 0.25◦ spatial resolution 
(Liu et al., 2012a). With the introduction of new satellites, ESA 
CCI products have been continuously upgraded; version 06.1 was 
released in April 2021 and includes active, passive and combined 
products. The active dataset is derived from three active micro-
wave products (i.e., ERS-1/2, AMI and ASCAT), and the passive 
dataset is derived from ten passive microwave products (e.g., 
SMMR, SSM/I, TMI, SMOS, SMAP and FengYun-3B). Based on 
their respective sensitivity to vegetation density, the combined 
dataset is produced by the blending weights from the error 
variance expressed by the signal-to-noise ratio (SNR) (Dorigo 
et al., 2017; Gruber et al., 2019). The product was evaluated at 
596 stations distributed through 28 SM networks worldwide and 
the average R between ESA CCI data and ground-based SM ob-
servations was 0.46 (ubRMSE = 0.05 m3/m3) for all stations in 
the period of 1979–2012 (Dorigo et al., 2015). In this study, we 
used the combined ESA CCI SM product of version 06.1 for 2016 
from https://www.esa-soilmoisture-cci.org. 

2.5.2. NCA-LDAS SM product 
NCA-LDAS is a multisensor, multivariable land data assimilation 

product that assimilates SM, snow depth, snow cover and irrigation in-
tensity data into the Noah land surface model for North America from 
1979 to 2015 based on the NASA Land Information System (LIS) as an 
enabling tool for the U.S. National Climate Assessment (NCA) (Kumar 
et al., 2019). In the model configuration of NCA-LDAS, the sensitivities 
of seven microwave remote sensing sensors (i.e., SMMR, SSM/I, AMSR- 
E, ASCAT, ASMR-2, SMOS and SMAP) to SM in the low-frequency range 
are used to retrieval SM (Jasinski et al., 2019), which provides marginal 
improvements on the already established estimation of SM. Comparison 
of measured and NCA-LDAS product at five in situ SM networks 

demonstrated that the surface SM can be reasonably estimated with an 
average anomaly R of 0.76 and the average ubRMSE of 0.041 m3/m3 

(Kumar et al., 2014). A daily NCA-LDAS Noah-3.3 LSM (Land Surface 
Model) dataset from https://disc.gsfc.nasa.gov with a spatial resolution 
of 0.125◦ was acquired, and the “SoilMoist0_10cm” layer was used to 
approximately represent SM at a depth of 5 cm in this study. 

3. Methods 

3.1. Overall retrieval framework and procedures 

We developed a retrieval SM framework based on the RF algorithm 
(RF-SM) by integrating ground observations, optical/thermal infrared 
high-resolution data, soil properties, meteorological factors and multi-
ple SM products (Fig. 2). The values of the multiple input variables from 
the satellite datasets were extracted based on the ground measurement 
data obtained from the ISMN sites and spatially and temporally collo-
cated with the SM observations. First, we extracted the surface reflec-
tance of two visible and near-infrared bands, two shortwave infrared 
bands and surface temperatures from the Landsat 8 dataset according to 
the latitude and longitude information of stations in 2016. Second, the 
auxiliary variables, including soil property variables (clay, sand and silt) 
from SoilGrids V.2.0 and meteorological reanalysis variables (RH, T2m, 
Wind and Precipitation) from ERA5, were extracted synchronously and 
jointly used as inputs in the ML algorithms. Finally, we introduced three 
satellite-based (SMAP, SMOS-IC and ESA CCI 6.1) and one model-based 
(NCA_LDAS) SM products into the model, and used the same method to 
extract the pixel values of the corresponding products at different scales. 

On this basis, the RF and the three other ML algorithms (Extra-Trees, 
GBRT and XGBoost) were used to build the nonlinear relationships be-
tween multiple input variables and the estimated variable. To train 
models, a fivefold cross-validation method was adopted for model 
evaluation to reduce the bias caused by the division of the training and 
testing sets, and the parameters of each model were tuned by the grid 
search method. During the validation phase, we tested the developed 
model on sites with different land cover types to evaluate their appli-
cability and robustness. Finally, we uniformly resampled all input 
datasets at different spatial resolutions to 30 m based on bilinear 
interpolation, and inputted them into the trained optimal retrieval 

Fig. 1. Land cover map of U.S. and the 
location of 334 SM observation sites used in 
the study. The circles and triangles repre-
sent the training and validation sites, 
respectively, and the color of the dots in-
dicates the observation network to which 
the site belongs. The main land cover types 
of the five substudy areas scattered across 
the U.S. are shown: region (a), cropland; 
region (b), grassland and forest; region (c), 
forest, cropland and wetland; region (d), 
cropland and grassland; region (e), savanna 
and cropland.   
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model to map the SM spatial distribution at a 30-m resolution. 

3.2. Random forest algorithm 

The RF algorithm is an ML method proposed by Breiman in 2001 
(Breiman 2001). Based on decision trees, the RF combines the idea of 
aggregation and bootstrapping (Hesterberg 2011), to obtain the optimal 
prediction result by averaging the outputs of several regression trees 
(Biau and Scornet 2016). The minimum mean square error principle is 
adopted in each regression tree. For any feature A, the two sides of node 
s are divided into datasets D1 and D2, and the corresponding split node is 
the feature that minimizes the mean square error of D1 and D2 and 
minimizes the sum of the mean square error of both sets. This term can 
be expressed as follows, 

min
A,s

[

min
m1

∑

xi∈D1(A,s)

(yi − m1)
2
+min

m2

∑

xi∈D2(A,s)

(yi − m2)
2

]

(1) 

where m1 and m2 are the sample output mean values of datasets D1 

and D2, respectively. 
The classifier combination method not only solves the problem of the 

low accuracy of a single classification model, but also effectively avoids 
the phenomenon of overfitting (Breiman 2001). Because the RF 
randomly selects samples and splits tree nodes in the process of gener-
ating a decision tree, it is relatively robust to outliers and noise and 
greatly improves the generalization ability of the learning system (Bel-
giu and Drăguţ 2016). In remote sensing applications, the RF can 
operate efficiently on large databases while performing nondeletion 
processing and importance assessments of input variables to generate 
internal unbiased estimates (Rodriguez-Galiano et al., 2012; Zhao et al., 
2018). 

3.3. Other machine learning algorithms 

3.3.1. Extremely randomized Trees 
Extremely Randomized Trees (Extra-Trees) is a decision tree-based 

ML proposed by Geurts and other scholars after many experiments in 
2006 (Geurts et al., 2006). Extra-Trees is a variant of the RF because it 
integrates multiple decision trees for scoring and votes based on the 
average value predicted by each decision tree. However, considering 
that the RF uses the random and replacement method to obtain the 
training set, causing repeated samples to be generated so that all samples 
cannot be guaranteed to be fully utilized and similarities may exist be-
tween each decision tree, Extra-Trees uses the entire training sample and 
splits nodes by choosing a cut point completely randomly (Geurts et al., 
2006). 

3.3.2. Gradient boosting regression tree 
The gradient boosting regression tree (GBRT) is an ML algorithm 

based on the boosting framework proposed by Friedman (Friedman 
2001, 2002). The basic principle is to establish a new model in the 
gradient direction of the model residual reduction and continuously 
iterate to generate a combination of multiple weak classifiers. The 
resulting strong classifier has the advantage of minimizing the loss 
function. As an effective off-the-shelf nonlinear learning method 
(Johnson and Zhang, 2013), the GBRT has a strong generalization ability 
to flexibly handle various types of data and process skewed variables 
without requiring transformations (Wang et al., 2016). In addition, the 
model retains the advantages of the interpretability of the regression 
tree model, while using some robust loss functions that are very robust 
to outliers. 

3.3.3. XGBoost 
Extreme gradient boosting (XGBoost) is another ML algorithm that is 

based on the GBDT (gradient boosting decision tree) and capable of 
gradient boosting “on steroids” (Chen and Guestrin 2016). XGBoost 
achieves accurate classification through the iterative calculation of weak 
classifiers, that is, it continuously adds feature splitting trees to the 
classifier. Each tree is equivalent to a weak classifier, and after these 
trees are integrated, the modeling results of all weak classifiers are 
aggregated to obtain a better classification performance than that of any 
single model. It is noteworthy that the regularization term is added to 

Fig. 2. SM retrieval framework and procedures adopted in this study.  
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the objective function to reduce the complexity of the model and avoid 
overfitting (Chen and Guestrin 2016). 

3.4. Model evaluation methods 

In this study, four statistical indicators were used to evaluate the 
accuracies of four SM products and the SM retrieval model as well as the 
performances of the four ML algorithms: the coefficient of determination 
(R2), root-mean-square-error (RMSE), bias (Bias) and Kling-Gupta effi-
ciency (KGE) (Gupta et al., 2009). R2 represents the proportion of the 
ground measurement variation that can be explained by the control 
variable; RMSE measures the closeness between the predicted and 
observed SM values; and Bias reflects the error between the output of 
model on the sample and ground measurements. Some of these in-
dicators can be calculated as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(Si − Oi)

2

√

(2)  

Bias =
1
N

∑N

i=1
(Si − Oi) (3) 

where N is the total number of samples and Si and Oi denote the 
model-predicted and ground-observed SM, respectively. KGE summa-
rizes multiple metrics to achieve a comprehensive model evaluation, 
including the correlation (r), relative variability (α) and ratio of the 
mean (β) in the simulated and observed values. Its decomposition for-
mula and components are expressed as follows: 

KGE = 1 − ED (4)  

ED =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(r − 1)2
+ (α − 1)2

+ (β − 1)2
√

(5)  

α =
σs

σo
(6)  

β =
μs

μo
(7) 

where ED is the Euclidian distance from the ideal point on the three- 
dimensional Pareto front; σs and μs are the standard deviation and mean 
of the simulation of the model, respectively; σo and μo are the standard 
deviation and mean of the observations, respectively. In the absence of 
simulation errors, all three components in KGE have a value of 1, 
meaning that the ideal KGE value is 1. 

Moreover, Taylor diagrams (Taylor 2001) are another method used 
to comprehensively evaluate the performances of modeling algorithms. 
A Taylor diagram can present multiple performance evaluation metrics 
in a two-dimensional polar-style graph. The matching degree between 
the predicted and observed values is indicated by the correlation coef-
ficient (r), the centered root-mean-square difference (RMSD) and the 
standard deviations (SD) and corresponds to a single point on the graph. 
Taylor diagrams allow one to measure the accuracy of a model in 
simulating the natural system and are ideal for evaluating the relative 
metrics of multiple models or sets of predictions. 

3.5. Experimental setup 

We built the RF and the three other ML algorithms (Extra-Trees, 
GBRT, and XGBoost) using the Scikit-learn package (Pedregosa et al., 
2011) based on the Python platform. The remote sensing reflectance 
variables (SR_b4, SR_b5, SR_b6, SR_b7, and SR_b10), soil property var-
iables (Clay, Sand, and Silt), meteorological reanalysis variables (RH, 
T2m, Wind, and Precipitation) and SM products (SMAP, SMOS, ESA CCI, 
and NCA-LDAS) were selected as the input variables, and the in situ SM 
observed at the sites was used as the output variable. For each training 
model, fivefold cross-validations were performed to evaluate the per-
formances of the four models and find the optimal set of parameters. 

To obtain better performances of the different ML algorithms, the 
parameters of the four models in the sklearn module were tuned sepa-
rately, including n_estimators (the number of trees), max_depth (the 
maximum depth of a tree), eta (the learning rate), and subsample (the 
subsample ratio of columns for each level). Furthermore, the preset 
parameter combinations were looped through the GridSearchCV module 
to find the optimal parameter combination for each model. Although 
this parameter-tuning method is time-consuming, it can improve the 
model estimation accuracy while obtaining an SM retrieval framework 
with a high efficiency and good performance. 

In the study, we used data from 334 ground measurement sites, 
covering six different land cover types: barren (7 sites), cropland (50 
sites), forest (22 sites), grassland (145 sites), savanna (104 sites) and 
shrubland (6 sites). Among all records, 70% of the sites were used for 
training, and the remaining sites were used to validate the RF and the 
three other ML algorithms. 

4. Results 

4.1. Validation of four coarse SM products at site scale 

To assess the performance of the four coarse SM products used in this 
study, we validated SMAP, SMOS, ESA CCI and NCA-LDAS based on 
ground measurements from 334 sites (Fig. 3). The results show that none 
of these products could accurately estimate SM due to the spatial 
mismatch or the fault of the satellite measurements. The SMAP product 
obtained the highest KGE value (0.46) but the lowest R2 value (0.24, p <
0.01), while the NCA-LDAS product was had the highest R2 value (0.41, 
p < 0.01) and the lowest KGE value (0.18). The RMSE of the ESA CCI 
product was the lowest at 0.098 m3/m3 and the RMSE order of the other 
three SM products ascended from SMOS (0.101 m3/m3) and SMAP 
(0.111 m3/m3) to NCA-LDAS (0.111 m3/m3). In addition, the bias values 
of the four products varied from − 0.036 m3/m3 to 0.075 m3/m3, and 
only that of SMOS was negative. This means that the SMOS product 
underestimated of SM to some degree, as can also be seen from the 
scatter plot. The integrated results showing that each product has sta-
tistical strengths and weaknesses differing from one another lend 
themselves well to our ML algorithm here that capitalizes on their 
strengths while minimizing their weaknesses. 

4.2. Evaluation of the RF algorithm for SM retrieval 

4.2.1. Model development based on the training sites 
To better develop the SM retrieval framework, we trained the RF and 

three other ML algorithms based on the in situ SM observed at the 234 
training sites. Fig. 4 shows the scatter plots obtained for the SM obser-
vations and SM training results using different algorithms. In terms of 
the SM predictions, the RF, Extra-Trees and XGBoost yielded similar 
results based on the R2 (0.93, 0.93 and 0.93, p < 0.01, respectively), 
RMSE (0.033 m3/m3, 0.032 m3/m3 and 0.032 m3/m3, respectively) and 
Bias (-0.001 m3/m3, − 0.001 m3/m3 and 0.004 m3/m3, respectively), 
and performed slightly superior to the results of the GBRT method in 
terms of the R2 (0.92, p < 0.01) and RMSE (0.034 m3/m3). However, as 
far as KGE is concerned, due to the higher RMSE of the RF, its advantages 
were not outstanding compared to the other two algorithms, with a gap 
of 0.02. 

4.2.2. Model evaluation based on the validation sites 
Fig. 5 presents the scatter plots of the SM observations recorded at 

the 100 validation sites and the SM results predicted using the RF and 
three other algorithms. The results show that the RF yielded the best 
performance with a high KGE value (0.69) and relatively low RMSE 
value (0.063 m3/m3) among the four methods. Although Extra-Trees 
had an acceptable accuracy based on its R2 (0.66, p < 0.01) and RMSE 
(0.062 m3/m3), it performed the worst in terms of the KGE value (0.67) 
compared to the other methods. On the other hand, the GBRT had the 
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Fig. 3. Comparison of the four SM products and ground measurements. The color of the dots denotes the probability density of a particular location. The dark red 
dashed lines indicate the 1:1 line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Evaluation of the SM predicted by the (a) RF, (b) Extra-Trees, (c) GBRT and (d) XGBoost algorithms against the ground measurements at 234 training sites.  
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Fig. 5. Evaluation of the SM predicted by the (a) RF, (b) Extra-Trees, (c) GBRT and (d) XGBoost algorithms against ground measurements at 100 validation sites.  

Fig. 6. Taylor diagrams showing the comparison between the RF-SM and multiple SM products against ground measurements take in sites with different land 
cover types. 
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highest KGE value (0.71), but was not considered the optimal algorithm 
for SM estimation due to it having the lowest R2 value (0.58, p < 0.01) 
and highest RMSE value (0.068 m3/m3). 

4.2.3. Model evaluation for different land cover types 
Based on our evaluation of the performances of different ML models, 

we developed the RF algorithm-based SM retrieval model (RF-SM) and 
continued to carry out follow-up experiments. Fig. 6 shows the Taylor 
diagrams for SM ground measurements with different land cover types 
and estimations from individual products, which indicates that the RF- 
SM predictions were significantly better than those of the other SM 
products and had a relatively stable accuracy, with r values between 
0.84 and 0.94, and RMSD values between 0.017 m3/m3 and 0.051 m3/ 
m3. In fact, differences in surface and climatic conditions prominently 
impact the SM estimation accuracies of these four products. 

The ESA CCI demonstrated the best performance at the grassland and 
savanna sites with the highest r values (0.66 and 0.64, respectively) and 
the lowest RMSD values (0.080 m3/m3 and 0.078 m3/m3, respectively), 
but its performance on the barren sites was slightly less optimal than 
those of the other products. For the cropland and forest sites, NCA-LDAS 
had a better performance than the other three products, with the highest 
r values (0.69 and 0.53, respectively) and the lowest RMSD values 
(0.081 m3/m3 and 0.079 m3/m3, respectively). However, NCA-LDAS 
yielded the highest RMSD value (0.040 m3/m3) and the lowest r value 
(0.78), making it inferior to the other products on shrubland sites. The 
SMOS product had excellent performances at the barren and shrubland 
sites, with r values of 0.80 and 0.94, respectively, and RMSE values of 
0.016 m3/m3 and 0.021 m3/m3, respectively. 

Additionally, the SDs of the predictions and all SM products were 
lower than those of the ground measurements under corresponding 
surface conditions, revealing a potential underestimation trend of these 
models and products when making SM predictions. Overall, none of the 
individual products could accurately estimate SM, given that the four 
SM products showed significant discrepancies in different land cover 
types. However, this situation was greatly improved using the compre-
hensive RF-SM that incorporated multiple products and various auxil-
iary variables. 

To further analyze the temporal variations in the RF-SM predictions 
under different surface conditions, we selected representative observa-
tion sites corresponding to each land cover type, simultaneously 
extracted the corresponding spatiotemporal pixel values on different SM 
products, and plotted these values against the predictions obtained by 
the RF-SM and the in situ SM recorded during 2016 (Fig. 7). The results 
showed that the RF-SM outperformed the other individual products in 
capturing the temporal variabilities in SM and precipitation events 
under the six land cover types. Furthermore, two SM products, the SMAP 
and SMOS products, produced SM estimations with higher consistencies 
with the ground observations, especially at cropland, savanna and 
shrubland sites, whereas NCA-LDAS and ESA CCI produced significant 
overestimations. However, overall, the SMOS products still suffered 
from underestimation, which was most pronounced at the forest and 
grassland sites. The ESA CCI product performed well in capturing the 
variations in SM and precipitation events, and the consistency of these 
estimations with the in situ SM was effectively validated at the grassland 
and savanna sites. 

At the SCAN_Lind#1 site (cropland), the temporal trend of SM during 
2016 showed a continuous decrease from April to October, and increases 
due to the occurrence of precipitation events from March to April and 
after October. The RF-SM predictions were slightly overestimated at this 
site, especially on March 23rd, which was affected by precipitation, and 
from June through October, when the area experienced a relatively long 
drought. At the USCRN_Newton-8-W site (savanna), the SM values were 
stable between 0.1 and 0.2 m3/m3 throughout the year, and two rela-
tively strong precipitation events occurred on March 26th and 
September 2nd, but neither affected the SM trend. The RF-SM pre-
dictions also performed well, especially on September 9th, when a 

precipitation event occurred. 
At the USCRN_Socorro-20-N site (shrubland), the RF-SM predictions 

were high consistent with the in situ SM; at the USCRN_Yuma-27-ENE 
site (barren), the SCAN_Shenandoah site (forest) and the 
USCRN_Stillwater-2-W site (grassland), RF-SM predictions all showed 
instability, suggesting that SM and its variation may be affected by 
meteorological and surface conditions other than precipitation at these 
sites. 

4.3. Spatial patterns of RF-SM at the field scale 

To better detect the performance of the spatial distribution in the 
retrieved SM at the field scale, Fig. 8 shows the spatial variations based 
on RF-SM with different background fields in five substudy areas with 
sizes of 9 km × 9 km during 2016. These spatial patterns clearly show 
the surface texture information such as fields, ridgelines and roads, and 
reflect the SM spatial variability at the 30-m × 30-m field scale. 
Therefore, one may reasonably come to the conclusion that the proposed 
framework can retrieve field-scale SM at a relatively high spatial reso-
lution by exploiting the RF algorithm and the information contained in 
multiple satellite datasets. 

Moreover, differences in the values and spatial trends of SM were 
identified among five substudy areas. Regions (a) and (b) are located in 
the northern and western U.S. and showed relatively low SM levels, 
especially in June and July, no higher than 0.15 m3/m3; In the central 
and eastern of regions (c) and (d), the SM in November still showed low 
values at the annual scale, but the actual surface SM was not lower than 
those in regions (a) and (b). Region (e), located on the south coast, 
showed low SM values throughout the year. In general, the SM values 
obtained in the same period showed spatial heterogeneities, and this was 
of great benefit for exploring the temporal and spatial variabilities in SM 
at the field scale. 

5. Discussion 

5.1. Performance of the RF-SM 

5.1.1. Ability of the RF-SM to retrieve SM 
Based on the RF ensemble learning algorithm, we introduced satel-

lite remote sensing datasets, soil properties, meteorological reanalysis 
products and multiple SM products into the model and constructed an 
SM retrieval framework to solve the limitations associated with the low 
spatial resolution. In our elucidation of the complex relationships be-
tween these multiple SM datasets and the auxiliary variables at different 
scales, the ML algorithms were found to play an important role, because 
their strength lies in their tolerance of multicollinearity among param-
eters under coupling and feedback effects (Im et al., 2016). According to 
the model evaluation results (Fig. 5), compared to the four products, the 
KGE value of the prediction model had increased by nearly 0.2, and the 
RMSE and Bias values also greatly reduced. 

In this study, the RF and three other ML algorithms (Extra-Trees, 
GBRT and XGBoost) were used to predict SM. Both the RF and Extra- 
Trees algorithms had good model performances in terms of the inde-
pendent verification site, with high R2 value (0.64 and 0.66, respec-
tively, p < 0.01) and low Bias value (0.025 m3/m3). These two 
algorithms have similar principles in their combination of weak classi-
fiers, that is, the bagging method is based on the ensemble decision- 
making process (Altman and Krzywinski 2017). However, the decision 
tree division of the Extra-Trees algorithm is a more radical random se-
lection method that differ from the optimal position of RF, leading to an 
increase scale of the generated decision tree (Geurts et al., 2006). At the 
same time, compared to the RF algorithm, the variance in the Extra- 
Trees results was further reduced, but the deviation was further 
increased, resulting in a lower KGE value (0.67) than that of the RF 
(0.69). The GBRT and XGBoost algorithms are both boosting methods, 
meaning they stack multiple weak classifiers layer by layer based on the 
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Fig. 7. Temporal variations in the in situ SM, multiple SM products, RF-SM and precipitation at the representative sites corresponding to each land cover type.  
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error rate and reducing the deviation to improve the model prediction 
accuracy (Ferreira and Figueiredo 2012). The difference is that XGBoost 
is optimized on the basis of the GBRT, and this model improves the 
calculation rate while suppressing overfitting (Chen and Guestrin 2016). 
In short, there are completely different ensemble strategies between 
bagging via the variance reduction scheme and boosting via the bias 
reduction scheme (Bühlmann 2012), but bagging technology often has a 
more robust performance in the face of data noise and imbalance 
(Barutçuoğlu and Alpaydın 2003; Khoshgoftaar et al., 2010). Consid-
ering the instability and obvious positively skewed distribution of 
experimental data in real scenarios, the RF-based prediction framework 
can obtain better SM estimations from multiple satellite datasets under 
complex surface conditions. 

After further verification of the SM products based on different land 
cover types (Fig. 6), we found that the performances of the four SM 
products were similar at the cropland, grassland and savanna sites, but 
large errors appeared at the barren and forest sites. Since the sensitivity 
of the brightness temperature to SM might be significantly attenuated by 
the effects of vegetation and canopy inherent emissions (Cui et al., 

2017), it is difficult for microwave products to accurately capture the SM 
trend corresponding to each land cover type. In areas with moderate 
vegetation, the L-band-based SM products (e.g., SMAP and SMOS) per-
formed well; in areas with sparse or dense vegetation, these SM products 
exhibited relatively poor skills (Ma et al., 2019). At the site scale (Fig. 7), 
the data assimilation product (NCA-LDAS) and the active–passive 
combination product (ESA CCI) produced continuous overestimation of 
SM, while the SMOS product showed a trend of underestimation. The 
SMOS sensors are highly susceptible to RFI signals, which may also 
affect the ESA CCI products that integrate SMOS data to some extent (Al- 
Yaari et al., 2019). The validation results obtained in this study (Fig. 3) 
are consistent with the evaluation results of Al-Yaari et al. (2019) on SM 
products in the U.S. during 2015–2016. These biases depend largely on 
the model parameters in the satellite retrieval process and the least 
important metric in the algorithm calibration process (Fernandez-Moran 
et al., 2017; Jasinski et al., 2019). 

After introducing multiple satellite datasets and auxiliary variables 
based on the RF-SM, the SM retrieval accuracy of the prediction model 
was also improved compared to the existing products, as was reflected in 

Fig. 8. Maps of the RF-SM results with a 30-m spatial resolution in the five substudy areas in 2016.  
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the fact that the r values exceeded 0.8 and the SD value gap was nar-
rowed to within 0.04 m3/m3 compared to the ground observations 
(Fig. 6). Therefore, the RF-SM provides a good strategy, that is, it pre-
dicts SM based on a situation with good numerical fitting and trend 
responses, thereby not only making up for the unstable observation re-
sults of the four products, but also successfully inheriting the advantages 
of a high sensitivity to precipitation capture. 

5.1.2. Modeling contributions of the ancillary variables and single SM 
product 

To explore the contributions of the auxiliary variables to the RF-SM, 
we used the feature importance evaluation in the RF algorithm to 
attribute the contribution of each input variable to the retrieval frame-
work predictions (Goldstein et al., 2011). A measure of feature impor-
tance can highlight how relevant input variables are to the target, 
thereby providing a better understanding of the physical mechanism of 
the RF algorithm (Breiman 2001). As shown in Fig. 9, the feature 
importance of the meteorological stress and surface properties accoun-
ted for 36.3% of all input variables, indicating that these auxiliary 
variables played important roles in the RF-SM retrieval framework. 

The Landsat dataset made an important contribution to the RF-SM 
enabling the downscaling of coarse-resolution SM products. By using 
fine-scale optical images and features, including the vegetation index 
and thermal infrared surface temperature, as information sources, the 
response to SM variations and the disaggregation of coarse-resolution 
pixels can be realized in a triangular or trapezoidal feature space (Col-
liander et al., 2017; Peng et al., 2015). To fully exploit the potential 
spectral reflectance of the bands, we directly incorporated the red and 
near-infrared bands into the model, without considering the regional 
differences caused by the use of vegetation indices with specific physical 
significance. The results (Fig. 9) indicate that the red band (SR_b4), near- 
infrared band (SR_b5) and thermal-infrared band (SR_b10) all have high 
feature importance levels, and the contribution rate of SR_b5 was 
especially notable, accounting for 4.0% of the input variables. In addi-
tion, two shortwave-infrared bands (SR_b6 and SR_b7) also played 
considerable roles, and their effects on SM retrieval have been 
confirmed in previous studies and applications (Ngo Thi et al., 2019; Yue 
et al., 2019). 

The soil properties and meteorological stress are two factors that 
characterize the spatial heterogeneity of SM (Chaney et al., 2015). In the 
RF-SM, the contribution of soil properties accounted for 11.6%. Since 
soil properties control water infiltration and thus drive SM dynamics, 
the spatial variation in SM is highly correlated with soil properties, 
especially under wet conditions (Baroni et al., 2013). Moreover, this 
finding provides the possibility to explore the SM temporal change 
process following heavy precipitation. The near-surface air variables (e. 
g. air temperature and air humidity) characterized by the variations of 
latent and sensible heat flux reflect the SM variation indirectly, and a 
feedback mechanism between the land and atmosphere is also realized 
through precipitation cycle (Entekhabi et al., 1996). Therefore, these 
meteorological variables will play crucial roles on SM retrieval accu-
rately (Cai et al., 2019). In the study, the total contribution rate of the 
four meteorological reanalysis variables was only 9.8%, and their 
importance in the model was relatively weak. This may be due to the 
weakening of the spatial heterogeneity of meteorological parameters on 
the coarse grid or to the decrease in precision after the daily scale ag-
gregation (Zhang et al., 2022). In addition, the feature importance of 
Precipitation was the lowest among these variables, because precipita-
tion may show a weak or even negative correlation with SM, especially 
in humid or temperate regions with dense vegetation (Sehler et al., 
2019). 

The SM products had the highest feature importance proportions, 
among which the contribution rate of the active–passive combined ESA 
CCI product and the model-based NCA-LDAS product exceeded 20%. To 
evaluate the effect of different products on the RF-SM, we conducted 16 
groups of experiments independently. Based on the four ML algorithms, 
we removed each individual product one by one and used the three 
remaining coarse-scale products as the background for ensemble 
learning (Fig. 10). The model evaluation performed based on the vali-
dation sites declared that the two SM products with outstanding feature 
importance levels played key roles in the retrieval process, because 
when they were removed in the experiment, all four ML algorithms 
showed significant declines in the model accuracy. Moreover, compared 
to the results of the other experiments, the removal of NCA-LDAS and 
ESA CCI led to greater reductions in R2 and KGE values and increases in 
the RMSE and Bias values. In terms of the downscaling scheme, the 

Fig. 9. Importance of input variables to the RF-SM. The contributions of the inputs to the RF-SM output were dominated by the SM products, followed by the Landsat 
8 dataset. The soil properties and meteorological stress were less important. 
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higher the resolution of the product was, the more the scheme can help 
achieve the fine-scale disaggregation of SM (Peng et al., 2021). How-
ever, the algorithms adopted for data assimilation or merging all 
incorporate various active and passive products, such as SMAP and 
SMOS; this indicates that although NCA-LDAS and ESA CCI can provide 
key scale references, the maintenance of the original satellite-derived 
retrieval state and the consideration of the results in the case of in-
consistencies between multiple products may bring greater errors to the 
algorithm itself (Jasinski et al., 2019; Liu et al., 2012a). Therefore, 
combining multiple background fields can improve the spatial consis-
tency and accuracy of the downscaled SM (Abowarda et al., 2021). 

5.2. Uncertainties in the RF-SM retrieval framework 

Within the framework of the RF-SM, we completed the 30-m reso-
lution SM mapping of the substudy areas, and this greatly improved the 
representation of the spatial SM pattern. However, ML algorithms based 
on multiple satellite datasets inevitably have many uncertainties, 
including data sources errors, model structure uncertainties, and scale 
matching uncertainties (Abowarda et al., 2021; Guevara and Vargas, 
2019; Shin and Mohanty 2013). Ground observations from the ISMN 
were used as the truth data, and the quality of these sites was generally 
controlled through measurement devices, sensor deployment and their 
calibration (Bogena et al., 2007). Previous studies have shown that, in 
addition to random noise errors in ground-measured SM readings 
(Dorigo et al., 2013), the sources of errors in the station measurements 
include typical soil wetting events caused by precipitation and contin-
uous drying (Hillel 1998), alternating high and low SM due to soil 
freeze–thaw cycles (Hallikainen et al., 1985), and temperature sensi-
tivities exhibited by measuring devices (Robinson et al., 2008). More 
than 90% of erroneous data can be screened out through quality-control 
methods, but errors in soil temperature and porosity still cause consid-
erable omission or over flagging problems (Dorigo et al., 2013; Liao 
et al., 2019). At the same time, there are large deviations in SM products 
and meteorological reanalysis datasets (Dorigo et al., 2017; Quets et al., 
2019; Tarek et al., 2020), including error accumulations under the 
constraints of radiative transfer model parameters and auxiliary infor-
mation (Konings et al., 2011; Li et al., 2015; Reichle et al., 2004), un-
certainty propagations related to the instrument configurations and 
algorithm assumptions (Parinussa et al., 2011). 

The RF-SM approach structure introduces large uncertainties in the 
SM retrieval. The framework proposed herein made predictions by 

establishing the complex relationships between SM and different land 
surface and meteorological parameters and using certain ground 
observation data to carry out model training; this method also helped us 
obtain downscaled SM at a high accuracy and consistency. However, the 
algorithm was strongly influenced by the training data (Probst et al., 
2019). On the one hand, the RF has a limited ability to predict conditions 
beyond the target range of the training set, and this increases the pos-
sibility of overfitting when processing specific noise data (Adab et al., 
2020); on the other hand, when the decision tree is large, the storage and 
time required for model training increase, and this affects the efficiency 
and cost (Liu et al., 2012b). 

Mismatches in spatial scale between ground measurements and sat-
ellite observations cause large uncertainties in modeling and validation 
results (Peng and Loew 2017). One single sensor has a limited spatial 
representativeness compared to large-scale satellite data (Gruber et al., 
2013). Comparing SM datasets across scales, including SM products with 
several-kilometer grid cells and the RF-SM spatial pattern at 30-m 
spatial resolution, brings inevitable errors due to scale mismatches. In 
addition, SM networks tend to exhibit high spatial heterogeneity, yet the 
small number of observations collected under a satellite footprint can 
lead to falsely inflated retrieval errors (Miralles et al., 2010). Especially 
over complex underlying surfaces, there is a greater reliance on the 
quantity and quality of ground observation sites, both for coarse- 
resolution and fine-scale SM products (Zappa et al., 2020). 

5.3. Advantages and disadvantages of the RF-SM 

In this work, we developed the RF-SM retrieval framework to over-
come the limitations of low-spatial-resolution passive microwave 
remote sensing products at the field scale, and achieved an overall 
consistency between the predicted SM and in situ SM datasets under 
different climate conditions and land cover types. First, we conducted 
rigorous model training using in situ measurements to provide accuracy 
guarantees for the establishment of model between fine-scale surface 
variables and coarse-scale SM and then took advantage of the original 
resolutions of the variables to produce SM at a relatively fine scale that 
enables the full potential of remote sensing data and in-situ measure-
ments coordinated by RF algorithms (Abowarda et al., 2021; Zhang 
et al., 2022). Second, compared to the SM downscaling method devel-
oped for MODIS data (Im et al., 2016; Long et al., 2019), we selected the 
Landsat dataset with a finer scale as the input and improved the spatial 
resolution of the target SM while mitigating the scale mismatch between 

Fig. 10. Variations in the four statistical metrics of the ML algorithms on different sets of variables based on multiple SM products.  

J. Ning et al.                                                                                                                                                                                                                                     



Journal of Hydrology 625 (2023) 130010

14

the remote sensing observations and ground measurements (Zappa 
et al., 2020). Finally, our model used all available ISMN sites distributed 
in the U.S., covering different surface conditions, to provide a stronger 
universality and transferability for future SM retrievals and downscaling 
using more optical images with similar spectral ranges and spatial 
resolutions. 

However, our study also has some limitations. First, there are cor-
relations between auxiliary variables in the modeling process, as well as 
among SM products, and these correlations increase the model 
complexity and computational cost (Gregorutti et al., 2017). Second, 
errors are inevitable due to the uncertainties introduced by the four SM 
products at coarse spatial resolutions and the mismatched spatial scales 
with in situ measurements (Peng and Loew 2017). Finally, under the 
influence of cloud contamination on optical/thermal sensors, the tem-
poral resolution of the downscaled SM is poor, making it impossible to 
analyze temporal heterogeneities within a substudy area. 

6. Conclusions 

This study proposed a framework (RF-SM) for high-resolution SM 
retrievals based on the RF algorithm and data-fusion strategies from 
ISMN in-situ SM measurements, Landsat 8 OLI and TIRS imageries, SM 
products (SMAP, SMOS, NCA-LDAS and ESA CCI), and auxiliary datasets 
including soil properties (clay, sand and silt) and meteorological rean-
alysis (RH, T2m, Wind and Precipitation). At both the site and field 
scales, the RF-SM model provided acceptable SM prediction results. The 
main conclusions of the study are summarized as follows:  

(1) Based on multiple input parameters, the RF and the three other 
ML algorithms were trained on 234 sites and validated on 100 
sites. The RF showed the best performance, with an RMSE value 
of 0.063 m3/m3 and a KGE value of 0.69 at the validation sites. 
Moreover, we obtained SM patterns with a spatial resolution of 
30 m in five substudy areas, reflecting clear surface texture 
information.  

(2) The performance of the RF-SM under the six land cover types of 
barren, cropland, forest, grassland, savanna and shrubland was 
better than those of the four existing SM products, indicating that 
by merging multiple datasets and auxiliary variables, the frame-
work developed herein had a good prediction ability under 
complex surface conditions. On the studied timescale, the RF-SM 
also exhibited the ability to capture SM trends and precipitation 
events better than any single product. 

(3) The Landsat dataset accounted for 14.9% of the feature impor-
tance in the RF-SM, and meteorological stress and soil properties 
as auxiliary variables accounted for 21.4%. The SM products 
account for the largest proportion (63.7%), especially NCA-LDAS 
and ESA CCI, which provided relatively rich SM disaggregation 
information with a relatively small grid range. 

In summary, our study maximized the potential use of multiple sat-
ellite datasets and opened up broad application prospects for 30-m × 30- 
m SM retrievals in agricultural drought monitoring and water resource 
management at the field scale. With the further development of satellite 
observation technologies, scale transformation models and artificial 
intelligence algorithms, it will be possible to produce temporally 
continuous SM products covering larger regions and at finer scales in the 
near future. 
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