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Abstract: Currently, satellite-based soil moisture (SM) products and land surface model assimilation
techniques are widely utilized. However, the presence of systematic errors in the observation process,
algorithmic discrepancies between products, and variations in spatial and temporal scales result in
diverse accuracy characteristics and applicability. This study evaluates three prominent SM products
in China, namely, the Essential Climate Variable Soil Moisture (ECV), the European Centre for
Medium-Range Weather Forecasts’ Fifth-Generation Land Surface Reanalysis Data (ERA5-Land), and
the Global Land Surface Data Assimilation System (GLDAS). The evaluation was conducted using
extended triple collocation (ETC) analysis and in situ validation methods at a monthly scale from
2000 to 2020. The ETC analysis results show that among the three products, GLDAS exhibits the
highest correlation coefficient (CC) and the lowest standard deviation of error (ESD), indicating its
superior performance in China. ECV and ERA5-Land follow, with slightly lower performance. In
the in situ validation results, ERA5-Land displays the highest correlation, capturing the temporal
trend of the ground SM well. Comparatively, in terms of overall accuracy, ECV performs the best,
with a slightly smaller mean error (ME) and root mean square error (RMSE) than GLDAS, and
ERA5-Land has the lowest accuracy. The discrepancy between the in situ validation results and
ETC analysis can be attributed to the limited number of sites and their representativeness errors.
Notably, ERA5-Land exhibits a highly consistent trend of interannual fluctuations between ESD and
precipitation. Furthermore, a strong association is observed between the ME and RMSE of ECV and
GLDAS and precipitation. These findings serve as valuable references for future SM studies in China.

Keywords: SM; extended triple collocation; ECV; ERA5-Land; GLDAS; China; evaluation

1. Introduction

Surface soil moisture (SM) plays a crucial role in the energy exchange between the land
and the atmosphere within the Earth system [1]. It exerts strong control over processes such
as land surface evapotranspiration, water transport, and the carbon cycle. Consequently, it
serves as a critical indicator for assessing drought conditions [2,3] in climate, hydrology [4],
ecology [5], and agriculture [6]. Thus, large-scale monitoring of SM is essential for studying
agricultural processes and evaluating environmental factors. Moreover, it holds great
importance in enhancing regional and global climate models and predicting regional wet
and dry conditions.

Conventional SM data are typically acquired through in situ measurements, which of-
fer high accuracy but are limited to specific points and time intervals [7]. To overcome these
limitations, remote-sensing-based SM monitoring has gained traction, offering advantages
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such as real-time data availability, dynamic comparability, long-term large-area monitoring,
and improved spatial and temporal resolution. Notable remote-sensing SM products in-
clude the Essential Climate Variable Soil Moisture (ECV) [8], the Soil Moisture Operational
Product System (SMOS) [9], and the Soil Moisture Active Passive Product (SMAP) [10].
In recent years, the Land Surface Data Assimilation System (LDAS) has emerged as a
rapidly developing method that applies four-dimensional assimilation techniques to Earth
surface science and hydrology [11]. LDAS provides fast and predictable surface infor-
mation, although its parameter determination is complex and prone to large estimation
errors. Prominent LDAS products include the Global Land Surface Data Assimilation
System (GLDAS) [12], the European Centre for Medium-Range Weather Forecasts’ Fifth-
Generation Land Surface Reanalysis Data (ERA5-Land) [13], and the China Meteorological
Administration Land Surface Data Assimilation System (CLDAS) [14]. Satellite-based SM
data capture instantaneous measurements, but uncertainties arise from sensor errors and
the influence of vegetation cover. Land surface model assimilation data, on the other hand,
often overlook human interference and may differ from ground-based observations. Given
the inherent uncertainties associated with these SM products, it becomes crucial to validate
and evaluate their performance [15].

In situ measurements serve as a reliable reference for evaluating the accuracy of other
SM products. Researchers such as Li et al. have conducted intercomparison and evaluation
studies of various SM products, including reanalysis, assimilation, and satellite-based
products, across 18 hydroclimatic regions in China at different scales during the period from
2000 to 2018. These evaluations were performed using in situ validation techniques. The
findings of Li et al. demonstrated the favorable potential of ERA5 products for applications
in China, highlighting their performance compared to other SM products [16]. Similarly,
Yang et al. evaluated the performance of ERA-Interim products in the permafrost region
of the Qinghai-Tibet Plateau (QTP) from 2013 to 2014. They utilized data collected from
five field observation stations with different land cover types. The evaluation involved
comparing the performance of four reanalysis SM products, and the results indicated that
the ERA-Interim product exhibited superior performance in simulating SM within the QTP
permafrost region, outperforming other products. These studies exemplify the use of in situ
measurements to assess and validate the performance of different SM products, providing
valuable insights into their effectiveness in specific regions and under specific conditions.

In situ measurements serve as a reliable reference for evaluating the accuracy of other
SM products [15,17–21]. Ma et al. evaluated five remote-sensing SM products globally
using in situ data, and the results showed that ECV outperforms the other products in terms
of overall accuracy, with a slightly smaller ubRMSE and bias [22]. Yang et al. evaluated the
performance of ERA-Interim products in the permafrost region of the Qinghai-Tibet Plateau
(QTP) from 2013 to 2014. They utilized data collected from five field observation stations
with different land cover types. The evaluation involved comparing the performance
of four reanalysis SM products, and the results indicated that the ERA-Interim product
exhibited superior performance in simulating SM within the QTP permafrost region, out-
performing other products [23]. Araki et al. evaluated the GLDAS product using an in situ
soil moisture network and showed that GLDAS performed well (RMSE = 0.100 m3/m3;
ubRMSE = 0.060 m3/m3; R = 0.555) but systematically overestimated soil moisture values
(bias = 0.067 m3/m3) [24]. These studies exemplify the use of in situ measurements to
assess and validate the performance of different SM products, providing valuable insights
into their effectiveness in specific regions and under specific conditions.

In addition to in situ measurements, triple collocation (TC) analysis is an effective
method for evaluating SM products. TC analysis involves estimating the random error
variances of three collocated datasets of the same geophysical variable [25]. This approach
allows for the evaluation of SM products by calculating metrics such as error variance
and signal-to-noise ratio, even in the absence of a known reference dataset [26]. Nu-
merous researchers have achieved favorable results in SM evaluation studies using TC
methods [27–29]. In recent years, an extended triple collocation (ETC) approach has been
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proposed [29]. ETC does not impose additional assumptions or computational costs com-
pared to TC. Moreover, it enables the derivation of an additional performance metric,
namely, the correlation coefficient with the unknown truth. Consequently, ETC has gained
wider usage in recent studies [30–32]. For instance, Ming et al. (2022) conducted an ETC
analysis to assess the uncertainty of ERA5-Land, GLDAS, and SMAP in Yunnan Province.
Their findings indicated that GLDAS outperformed SMAP and ERA5-Land. Moreover, a
direct comparison with in situ observations yielded similar results, suggesting that ETC
analysis is a reasonable approach for comparing and assessing satellite or model-based SM
datasets, particularly in areas with limited data availability [31].

To sum up the above arguments, several scholars have conducted SM evaluation
studies in various regions of China [14,16,23,31,33,34]. However, there is a lack of compre-
hensive assessment studies covering different types of SM products for monthly scale long
time series across China. Additionally, there are many studies on ERA5 in China [17,20]
but relatively few evaluation studies on the latest reanalysis data such as ERA5-Land.
At the spatial scale, most studies focus on evaluating SM at the same spatial resolution,
disregarding the issue of limited spatial representativeness of the in situ data itself. Given
the complex and diverse climatic conditions across China’s vast region, it is crucial to
evaluate the performance of different types of SM products in different regions.

In summary, this study was conducted to evaluate the performance of three SM
products (ECV, ERA5-Land, and GLDAS) in China at two spatial scales (0.25◦ × 0.25◦,
0.1◦ × 0.1◦). The main objectives of this study were: (1) to evaluate the accuracy and
applicability of three SM products in China using ETC and in situ observations; (2) to
investigate accuracy features over different regions and land cover types; (3) to study the
temporal response of three SM products to precipitation and irrigation. The results obtained
from the study can act as a reference for future studies on hydrological and drought-related
applications in different regions of China.

2. Materials and Methods
2.1. Study Area

China is situated in eastern Asia, along the western coast of the Pacific Ocean. It
stretches from the center of the Heilongjiang River near Mohe in the north to Zengmuansha
in the Spratly Islands in the south. From a west-to-east perspective, it extends from the
Pamir Plateau to the confluence of the Heilongjiang and Ussuri Rivers. China is a vast
country with a land area of 9.6 million square kilometers (3◦51′–53◦33′ N, 73◦33′–135◦05′

E). The topography varies, with lower elevations in the east and higher elevations in
the west. China experiences a diverse range of climate types and topography, spanning
tropical, subtropical, warm temperate, middle temperate, and cold temperate zones from
south to north. The country’s land cover types also exhibit significant variation among
provinces (Figure 1). Grasslands, for instance, are primarily found in regions such as
Inner Mongolia Autonomous Region, Tibet Autonomous Region, and Qinghai Province.
Southern provinces of China are predominantly covered by savannas. Central regions, such
as Shandong Province and Henan Province, are characterized by arable land, which also
serves as the primary distribution area for ground stations. Consequently, the spatial and
temporal distribution of SM varies greatly across different provinces and regions of China.
To accurately analyze the spatial and temporal variations in SM in different provinces and
regions of China, this study evaluated three classical SM products on a province-level basis.
This approach enables a more precise examination of SM characteristics across various
regions within the country.
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2.2. Data

Basic information about the datasets used in this study is listed in Table 1.

Table 1. Main information of the used parameters.

Parameter Source Spatial
Resolution

Temporal
Resolution

Data
Period

SM

ECV 0.25◦ × 0.25◦ Daily
January

2000–December 2020
ERA5-Land 0.1◦ × 0.1◦ Monthly

GLDAS 0.25◦ × 0.25◦ Monthly

In situ data Point Monthly January
2000–December 2013

Precipitation MSWEP 0.1◦ × 0.1◦ 3-hourly January
2000–December 2020

Land cover MODIS 0.05◦ × 0.05◦ Yearly 2013
Irrigation

withdrawal
Spatialized

statistical data 0.5◦ × 0.5◦ Monthly January
2000–December 2010

2.2.1. SM Data

The main datasets used in this study consist of three long time-series SM products:
GLDAS, ECV, and ERA5-Land. GLDAS, known as a classical and outstanding framework
for land surface modeling, is recognized as one of the few global-scale assimilation systems.
It provides the best fields of land surface state and fluxes on a global scale in nearly real
time [14,15,31]. Extensive studies have comprehensively and systematically evaluated the
performance of ECV [8,33,35,36]. The general consensus from these studies is that ECV
demonstrates a good agreement with surface observations and reanalysis products. Fur-
thermore, the accuracy and robustness of ECV SM have steadily improved with updates to
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the dataset versions. In contrast, ERA5-Land offers higher spatial and temporal resolutions.
It also utilizes more satellite-based observations to optimize the output results [23,37].
Previous research has indicated that ERA5-Land exhibits higher quality compared to other
reanalysis products and represents a significant improvement over its predecessors. These
findings imply that ERA5-Land holds great promise for various applications. Given these
considerations, the three SM products (GLDAS, ECV, and ERA5-Land) were chosen as the
primary datasets for this study.

The ECV (v07.1) [8] SM product, known as Essential Climate Variable-Soil Moisture, is
a global dataset that provides daily SM information. It combines data from various active
and passive microwave sensors and is the first attempt to create a continuous series of
satellite remote-sensing SM data spanning from 1978 to 2020. For this study, the daily
dataset covering the period from 1 January 2000 to 31 December 2020 was downloaded,
with a spatial resolution of 0.25◦ × 0.25◦ and expressed in m3/m3.

The ERA5-Land [13] dataset, produced by the European Centre for Medium Range
Weather Forecasts (ECMWF), is a global reanalysis dataset available from 1950 to the
present. It includes SM data at four different vertical layers (0–7, 7–28, 28–100, 100–189 cm).
For this study, the monthly average surface (0–7 cm) SM dataset covering the period from
January 2000 to December 2020 was utilized. The spatial resolution of this dataset is
0.1◦ × 0.1◦, and the units are m3/m3.

The GLDAS (Global Land Data Assimilation System) [12] is a global-scale dataset that
integrates satellite remote-sensing data, in situ observations, data assimilation techniques,
and complex surface models to estimate water and energy variables. Multiple surface
models, including Noah, Mosaic, CLM, and VIC, are employed within GLDAS. The surface
SM estimates used in this study were obtained from the GLDAS-2.1 Noah model (referred
to as GLDAS). The dataset provides SM estimates at different levels: 0–10, 10–40, 40–100,
and 100–200 cm. For this study, the monthly average surface (0–10 cm) SM data for the year
2000 were utilized. The spatial resolution of the GLDAS dataset is 0.25◦ × 0.25◦, and the
units are kg/m2.

The monthly in situ SM data were sourced from the study by Wang et al. in 2019 [38].
They obtained the original data from the National Meteorological Information Center of
the China Meteorological Administration (http://data.cma.cn/ (accessed on 1 July 2023)).
SM measurements were collected at five soil depths (10, 20, 50, 70, and 100 cm) on the 8th,
18th, and 28th days of each month. Stations with continuous and reliable data records were
selected for inclusion in the study. Specifically, stations with available SM measurements at
a depth of 10 cm for more than five growing seasons between 1992 and 2013 were chosen.
There were 732 stations with good-quality data. The SM data at a depth of 10 cm with a
monthly temporal resolution were used in this study. The unit of measurement for the in
situ data is m3/m3.

2.2.2. Auxiliary Data

(1) Precipitation

Multi-Source Weighted Integrated Precipitation (MSWEP) is a recently released global
precipitation dataset that provides a 3-hourly temporal resolution, spanning from 1979
to the near present [39]. What sets this dataset apart is its unique approach of utilizing
measured, satellite, and reanalysis data to derive high-quality precipitation estimates for
each station. Moreover, MSWEP is designed to be compatible with mid-term forecast
sets (updated daily) and seasonal forecast sets (updated monthly). In comparison to
other precipitation products, MSWEP demonstrates superior performance in both densely
observed and ungauged areas.

(2) Land cover

The MODIS Level 3 Data Land Cover Types product (MCD12C1) provides a processed
description of land cover types, utilizing data from one year of Terra and Aqua observa-
tions [40]. This comprehensive land cover dataset encompasses 17 major land cover types,

http://data.cma.cn/
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including 11 natural vegetation types, 3 land development and mosaic land types, and
3 non-herbaceous land type definition classes, as defined by the International Geosphere
Biosphere Programme (IGBP). For this study, the MCD12C1 data from 2013 were employed,
which are available as a global mosaic in the geographic lat/long projection at a spatial
resolution of 0.05◦.

(3) Irrigation withdrawal

The irrigation withdrawal data were obtained from a global gridded (0.5◦) monthly
sectoral withdrawal dataset (1971–2010) [41]. Water withdrawal datasets acquired from the
Food and Agriculture Organization AQUASTAT and US Geological Survey were scaled
down spatially from country (or state) level to grid scale, and from a 5-year interval to a
monthly scale. As for the irrigation data used in this study, four reconstructed irrigation
withdrawal datasets were generated based on reported data and gridded monthly irrigation
withdrawal values simulated by four global hydrological models (GHMs). Irrigation with-
drawals modeled by these four GHMs were in reasonable agreement (correlation coefficient
r over 0.7) with FAO AQUASTAT and USGS estimates at the national and U.S. state levels,
respectively. Multiple GHMs were considered due to differences in model structure and
parameters, with large variations across GHMs at seasonal and regional scales.

2.2.3. Data Pre-Processing

Since the SM data and auxiliary data used have different spatial resolutions and for-
mats, all data need to be pre-processed. All data were converted to “tif” format, geographic
coordinates were set to GCS-WGS-1984, and all SM data units were standardized to vol-
umetric water content (m3/m3). The four irrigation withdrawal datasets were averaged.
The ERA5-Land and precipitation data were resampled to 0.25◦ using the nearest neighbor
method, and the GLDAS and ECV data were resampled to 0.1◦ using the bilinear interpola-
tion method. Land cover data and irrigation withdrawal data were also reclassified to two
spatial scales. Finally, all data were uniformly cropped to the study area. This resulted in
SM data and auxiliary data at both scales. The time-series lengths of the data used in this
study are depicted in Figure 2.
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The MODIS land cover type map was reclassified to nine categories according to
Table 2. And the number of stations distributed on different land cover types is listed in
Table 2. Since the number of distributed stations on water bodies, shrublands, wetlands,
and deserts is very small, the relationship between these land cover types and SM is not
considered for the time being. Because urban areas tend to have high-rise buildings and
hard surfaces, and most of the monitoring stations are on parks as well as green areas, the
in situ data are not a good representation of the urban environment. Therefore, we mainly
consider the effect of four land cover types: forest, savanna, grassland, and cropland on
SM distribution.
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Table 2. Land cover type reclassification and number of distributed stations.

Original Landcover Types Reclassified Types Station Count

Water bodies
Water 2Permanent snow and ice

Evergreen needleleaf forests

Forests 10
Evergreen broadleaf forests

Deciduous needleleaf forests
Deciduous broadleaf forests

Mixed forests

Closed shrublands
Shrublands 0Open shrublands

Woody savannas
Savannas 72Savannas

Grasslands Grasslands 127

Permanent wetlands Wetlands 0

Croplands Croplands 403Cropland/natural vegetation mosaics

Urban and built-up lands Urban and built-Up 115

Barren Barren 3

Total 732

2.3. Methods
2.3.1. Extended Triple Collocation

The classical triple collocation (TC) method is a statistical approach used to estimate
the random error variance of three independent datasets [25]. In the context of evaluating
remotely sensed SM datasets globally, TC analysis has become one of the most significant
methods [26,27]. The TC method assumes a linear relationship between the three SM
products (SMi, where i = 1, 2, 3) and the true SM value (T):

SMi = SM′i + εi = αi + βiT + εi (1)

where SMi represents the actual SM value, εi is the random error, and βi and αi are the ME
and scaling factors.

The covariances of the different SM datasets are expressed as:

Cov
(
SMi, SMj

)
= E

(
SMiSMj

)
− E(SMi)E

(
SMj

)
= βiβ jσ

2
T + βiCov

(
T, SMj

)
+ β jCov(T, SMi) + Cov

(
SMi, SMj

) (2)

The TC method relies on three key assumptions: (1) the random errors in the three input
datasets are mutually independent; (2) the expected values of the random errors are zero;
and (3) there is no covariance between the random errors and the unknown true val-
ues. Based on these assumptions, the covariances between different SM datasets can be
expressed as follows:

Cij = Cov
(
SMi, SMj

)
=

{
βiβ jσ

2
T , i 6= j

β2
i σ2

T + σ2
εi

, i = j
(3)

where σ2
εi
= Var(εi) indicates the random error variance of the ith input dataset.
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Due to the presence of six equations and seven unknowns, the above equation does
not have a unique solution. To address this issue, a new variable is introduced, denoted as
θi = βiσT. As a result, the equation can be expressed in the following form:

Cij =

{
θiθj, i 6= j

θ2
i + σ2

εi
, i = j

(4)

The error standard deviation (ESD) of the three datasets can be expressed by the
following equation:

σε =


√

C11 − C12C13
C23√

C22 − C12C23
C13√

C33 − C13C23
C12

(5)

In recent years, an extended triple collocation (ETC) method has been proposed to
obtain correlations with unknown real SM [29]. Here, βi can be expressed as:

βi = ρT,SMi

Cii
σT

(6)

where ρT,SMi is the correlation coefficient (CC) between T and SMi. Finally, we can obtain a
new estimating equation for parameter CC:

ρT,SMi = ±


√

C12C13
C11C23

sign(C13C23)
√

C12C23
C22C13

sign(C12C23)
√

C12C13
C11C23

(7)

2.3.2. Evaluation Metrics Based on In Situ Observations

The previous SM evaluation studies commonly utilize four statistical indicators,
namely, Pearson’s correlation coefficient (R), mean error (ME), root mean square error
(RMSE), and unbiased root mean square error (ubRMSE). These indicators are employed
to quantify the disparity between each SM product and the in situ data, as defined below,
where SMobsi

represents the actual station measurement data, and SMproduct represents the
SM product data.

Pearson’s correlation coefficient (R), also known as the product–moment correlation,
is a statistical measure introduced by the British statistician Pearson in the 20th century. It
is used to assess the linear correlation between variables. In the context of SM evaluation, R
is employed to indicate the strength of the linear relationship between the SM product and
the station’s measured data. A value of R close to 1 signifies a high correlation, indicating
better performance of the SM product. The calculation formula for R is as follows:

R =
∑n

i=1
(
SMobsi

− SMobs
)(

SMproducti
− SMproduct

)
√

∑n
i=1
(
SMobsi

− SMobs
)2

∑n
i=1

(
SMproducti

− SMproduct

)2
(8)

ME indicates how close the SM product is to the actual measured data at the station.
The closer ME is to 0, the higher the accuracy of the product, calculated by the following
formula:

ME =
∑n

i=1

(
SMobsi

− SMproducti

)
n

(9)

The root mean square error (RMSE) indicates the deviation between the SM product
and the actual measured data at the station, and its sensitivity to outliers is high. The RMSE
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can reflect the accuracy of the data well, and the closer to 0, the higher the accuracy of the
product. The calculation formula is:

RMSE =

√√√√∑n
i=1

(
SMobsi

− SMproducti

)2

n
(10)

The unbiased root mean square error (ubRMSE) is an unbiased estimate of the root
mean square error and is a commonly used error parameter in SM evaluation studies. The
smaller the ubRMSE, the higher the accuracy of the data. The calculation formula is:

ubRMSE =

√√√√∑n
i=1

[(
SMobsi

− SMobs
)
−
(

SMproducti
− SMproduct

)]2

n
(11)

3. Results
3.1. ETC-Based Assessment

As can be seen in Figures 3–6, the results of the ETC analysis are very similar at both
spatial scales. It was also found that almost all the validation results on both spatial scales
are consistent. Therefore, in this paper, the validation results are presented on the 0.1◦ scale
as an example. The results for other 0.25◦ scales are shown in the Supplementary Materials.
Figures 3 and 4 show the spatial distribution of the ESD and CC for the three products
based on ETC analysis. The results show that ECV has relatively high ESD in Heilongjiang
Province and western Tibet, China (Figure 3a). The spatial distribution of ESD for ERA5-
Land is very heterogeneous, with larger ESD in most of China but lower ESD in southern
Xinjiang than the other products (Figure 3b). The spatial distribution of ESD for GLDAS
is generally more uniform, with better performance in Fujian and Zhejiang provinces
(Figure 3c). In terms of correlation, both ECV and GLDAS show a high correlation with
unknown truth in most regions of China (Figure 4a,c). In contrast, ERA5-Land showed
relatively low correlations in Qinghai and Shanxi provinces and regions (Figure 4b). Across
China, ERA5-Land had the highest mean ESD, which was higher than ECV and GLDAS
(Figure 3d). The mean correlation coefficient results with unknown true values indicated
that GLDAS had the highest correlation, and ERA5-Land had the lowest (Figure 4d). In
summary, GLDAS has the best overall performance in China, ECV has the second-best
performance, and ERA5-Land has the worst performance.
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Figure 7 depicts the ETC analysis results for different land cover types, offering insights
into the relative performance of the SM products across these areas. Among the forest,
savanna, and cropland regions, GLDAS demonstrates the most favorable performance,
exhibiting the lowest median ESD and the highest median CC. Conversely, in the grassland
areas, ECV outperforms the other products, with a lower median ESD value compared
to GLDAS. Across all four land cover types, ERA5-Land consistently shows the weakest
performance. Notably, both ECV and GLDAS perform exceptionally well on savanna,
showcasing their superior performance in this specific land cover type.
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3.2. In Situ Measurement-Based Evaluation

The validation results of in situ data at both spatial scales exhibit remarkable similarity.
Figures 8–11 present the validation results of the three products at a 0.1◦-pixel resolution,
and the results at a 0.25◦-pixel resolution are shown in Figures S3–S9. Figure 8a reveals
that ECV demonstrates a strong correlation with the in situ data in Ningxia and southern
Gansu Province. Similarly, ERA5-Land shows a high correlation in Ningxia and Henan
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Province (Figure 8b). Overall, ERA5-Land exhibits the highest median R value of 0.56
with the in situ data in China, slightly outperforming the GLDAS (R = 0.45) and ECV
(R = 0.44) products (Figure 8d). Regarding the median ME on the 0.1◦ scale (Figure 9d),
GLDAS displays the lowest absolute value (0.01238 m3/m3), followed closely by ECV
(0.01242 m3/m3), whereas ERA5-Land records the highest value (−0.03492 m3/m3). The
median RMSE values (Figure 10d) for ECV products (0.0659 m3/m3) are slightly better than
those for GLDAS (0.0672 m3/m3) and ERA5-Land (0.0751 m3/m3). Overall, the ubRMSE
values (Figure 11d) for all three products are relatively similar, with ECV exhibiting the
smallest median ubRMSE (0.0467 m3/m3), followed by ERA5-Land (0.0473 m3/m3) and
GLDAS (0.0480 m3/m3). In summary, the ECV products demonstrate relatively good
overall performance, characterized by the lowest RMSE and ubRMSE values. ERA5-Land
products exhibit the highest correlation with in situ data but have a tendency towards
underestimation. GLDAS displays the smallest deviation from the in situ data, and all
other statistical indicators fall in the middle, indicating an average overall performance.
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From the analysis of the R-values of station validation for different products on
different land cover types in Figure 12a, it is found that ERA5-Land has the highest
correlation with in situ data on all land cover types except grassland. On grassland, ECV
has a median R-value slightly higher than GLDAS. For ME, the ERA5-Land product is
the worst performer for all four land cover types, with ECV and GLDAS performing well
(Figure 12b). The median RMSE is highest for ERA5-Land and slightly lower for ECV than
GLDAS for all four land cover types (Figure 12c). The differences in the ubRMSE values
of the three products on different land cover types are more pronounced (Figure 12d).
The lowest median ubRMSE values are found on forest and savanna for ERA5-Land. The
lowest median ubRMSE for ECV and the highest for GLDAS are found on grassland. And
the three products perform very similarly on cropland.
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3.3. Temporal Response to Precipitation and Irrigation Withdrawal

Figure 13 provides insights into the response of the three SM datasets to precipitation
changes, highlighting their consistency, albeit with some lag effect. It is noteworthy that
contrary to the basic theory, the in situ data consistently exhibit peak values in January of
each year (Figure 13a). This could be attributed to the limited number of valid stations
during this time, primarily located in southern China where SM tends to be high. Overall,
the ERA5-Land product demonstrates slightly higher values compared to the other datasets,
while closely resembling the temporal trend of the in situ data. The analysis of the temporal
variation in SM across different land cover types in Figure 13 reveals that ECV and GLDAS
exhibit highly similar trends. This may be attributed to the ECV product being scaled with
the GLDAS Noah model, which consequently affects its absolute accuracy. Notably, the
ERA5-Land data show significantly higher values in forest and savanna areas (Figure 13b,c),
but its temporal trends align closely with the observed field data in cultivated areas. In
savanna areas, ECV and GLDAS exhibit a temporal variation in SM that closely resembles
the in situ data (Figure 13c). On the other hand, in grasslands (Figure 13d), the in situ data
exhibit unusually high SM values in January, despite low annual precipitation. This can be
attributed to the limited number of valid stations (0–5 stations) in the grasslands during this
period. To investigate the impact of irrigation withdrawals on SM, the monthly changes
in SM and irrigation withdrawals were analyzed specifically on cropland from January
2000 to December 2010, as depicted in Figure 14. It is evident that there is a pronounced
trend of decreasing SM during the peak irrigation withdrawal period each year. This can
be attributed to the increased water demand for crop growth during this period, resulting
in a decline in surface SM content.

In Figures 15 and 16, we present the spatial monthly ESD for different products in
relation to precipitation and irrigation. Overall, ERA5-Land demonstrates interannual
trends that align closely with precipitation patterns (Figure 15a). The ESD of ERA5-Land
is highest during months with peak precipitation, indicating increased uncertainty in the
product during periods of higher rainfall variability. This suggests that some of the forcing
data used by ERA5-Land may not adequately capture the local variability in precipitation.
However, in forest and savanna regions (Figure 15b,c), ERA5-Land exhibits a different
performance compared to the overall findings, with lower ESD values observed. This could
be attributed to the surface scheme and precipitation forcing employed in the ERA5-Land
model, which effectively capture changes in vegetation cover. Furthermore, no significant
association was observed between the uncertainty of ERA5-Land products and irrigation
(Figure 16).

In Figures 17–20, we investigate the relationship between the ME and RMSE of the
different SM products analyzed in the in situ validation and the amount of precipitation
and irrigation water used. From Figure 16, ECV and GLDAS exhibit a noticeable correlation
between ME and precipitation. During months with higher precipitation, the ME of
ECV and GLDAS tends to approach 0, indicating a closer accuracy to the observed data
(Figure 17a). This suggests that the performance of these two products may be influenced by
precipitation. This correlation is particularly evident in forest areas (Figure 17b). However,
in the savanna region, an opposite pattern is observed (Figure 17c). Negative ME is higher
during months with high precipitation, and positive ME is higher during months with low
precipitation. The same relationship between the RMSE and precipitation for different SM
products can be seen in Figure 19. There is also a strong relationship between ME and RMSE
and irrigation water use for the different products, as can be seen in Figures 18 and 20. Both
ECV and GLDAS exhibit lower ME and RMSE values in months with high irrigation water
withdrawals. Conversely, the ME and RMSE of ERA5-Land do not display a clear trend or
correlation with precipitation and irrigation water used.
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By analyzing the relationship between the error parameters of the different products
and rainfall and irrigation withdrawals, it can be concluded that ECV and GLDAS have
higher accuracy in months with higher rainfall and irrigation withdrawals. However, in
the savanna, the performance was the opposite: the higher the precipitation and irrigation
withdrawals, the lower the accuracy.
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4. Discussion

In this study, we evaluated the performance of three SM products in the Chinese
region using a combination of in situ validation and TC analysis. There is a significant
difference between the results of in situ validation and TC analysis. Firstly, in these SM
datasets, the correlation coefficients obtained from in situ validation and TC analysis
differed significantly. This is mainly related to several reasons: (1) The number of valid
values is different for the two methods. The number of stations is smaller, and the number
of valid pixels for in situ validation is 9.6% of ETC. (2) The in situ data used in this study
are monthly-scale data calculated after obtaining the data for the 8th, 18th, and 28th of each
month, which do not represent the monthly average SM well. (3) There are representative
errors between the point-based observations and the grid-based simulations.

In response to the results of the above evaluation, we analyzed the possible causes of
these errors, which are divided into the following issues:

(1) Inconsistent measurement depths: The depth at which SM is measured in situ may
not align with the depth represented by the SM products. In this study, the in situ
measurements were taken at a depth of 0–10 cm, whereas the ERA5-Land and GLDAS
products had measurement depths of 0–7 cm and 0–10 cm, respectively. The ECV
product combines multiple sensors, making it challenging to determine the exact
measurement depth. These discrepancies in measurement depth can contribute to
errors in the comparison and analysis of the SM data.

(2) Disturbances affecting microwave observations: Various factors such as vegetation,
surface temperature, surface roughness, and soil physical properties can interfere
with the sensitivity of microwave observations to SM [42]. Microwave remote sensing
relies on changes in the dielectric constant of the soil due to moisture content, which
affects soil emissivity and reflectivity. However, disturbances caused by factors like
soil organic carbon enrichment can alter the physical properties and tolerance rates of
the soil, leading to errors in the retrieved SM information [43–45].

(3) Inaccuracy of retrieval algorithms and input data: The accuracy of retrieval algorithms
used in the SM products, as well as the quality of related inputs like soil temperature
data, can impact the accuracy of the SM estimates. For example, GLDAS products
integrate land surface model simulations and data assimilation techniques. However,
the accuracy of land surface models depends on various factors such as model struc-
ture, parameter specifications, initial fields, and the quality of meteorological forcing
data [46]. Moreover, land cover changes and human activities like irrigation, reservoir
operations, and water transfers may not be fully captured by the model, introducing
additional uncertainties.

In addition, the applicability of different types of soil moisture products varies. ECV
products offer multi-source microwave remote-sensing fusion data, which have the unparal-
leled time expansion advantage of a single satellite-based sensor. By fusing the microwave
signal data from multiple instantaneous transits, the SM data have a better representation
of the daily scale time and can more effectively portray the overall state of SM in a day.
ECV mainly shows the SM content at about 5 cm depth at the surface, which is suitable for
surface soil moisture studies. ERA5-Land and GLDAS give reanalysis and land-surface
model assimilation data, including soil moisture at multiple depths. Although this study
only evaluated the surface SM data, the data were calculated by modeling, and there is a
certain connection between each layer of data. Therefore, it is entirely possible to refer to
the results of this study to utilize them for deep SM studies. Notably, ERA5-Land offers a
heightened resolution and hourly data, rendering it conducive for meticulous analytical
endeavors at a regional scale.

5. Conclusions

In this study, we conducted a comprehensive validation and evaluation of three SM
products in the Chinese region, employing the ETC method alongside in situ validation.
The results of our ETC analysis show that, on the whole, the GLDAS products exhibit
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the highest performance in China, followed by ECV, whereas ERA5-Land lags behind as
the least optimal choice. However, it is important to note that ECV showcases a slightly
better performance than GLDAS on grasslands, owing to its smaller ESD. The in situ
validation results revealed that the ERA5-Land product exhibits a high correlation with
the in situ data, albeit with noticeable deviations. This observation is further supported by
the temporal response analysis, wherein ERA5-Land demonstrates the closest trend to the
in situ data, although it consistently indicates higher overall SM content, particularly in
forests, savannas, and grasslands. Therefore, it is more suitable for temporal trend analysis
of SM, especially in the location of site distribution (i.e., central China). Comparatively, the
GLDAS product outperforms the ECV product, exhibiting lower ME and RMSE values in
comparison to ERA5-Land. Moreover, our investigation into the temporal response of SM
products to precipitation and irrigation has uncovered a close relationship between the
errors of different products and precipitation.

Through a combined analysis of in situ validation and ETC, we found that GLDAS has
the highest accuracy in China, particularly excelling in savannas. It can be used to perform
further SM studies in China such as SM spatial distribution or a drought index, etc. ECV
gives the second most accurate results, and ERA5-Land is the worst-performing product.
However, ERA5-Land offers a good online time series of monthly SM data in China, and it
can be used to analyze the trend of monthly SM changes in China over a long period of
time. The findings of this study hold significant implications for the future exploration and
utilization of SM data in China. They contribute to a better understanding of the strengths
and weaknesses of the evaluated SM products and provide valuable insights to guide their
future applications as well as other research endeavors.
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