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A B S T R A C T   

A new soil moisture and soil temperature wireless sensor network (the SMN-SDR) consisting of 34 sites was 
established within the Shandian River Basin in 2018, located in a semi-arid area of northern China. In this study, 
in situ measurements of the SMN-SDR were used to evaluate 24 different soil moisture datasets grouped according 
to three categories: (1) single-sensor satellite-based products, (2) multi-sensor merged products, and (3) model- 
based products. Triple collocation analysis (TCA) was applied to all possible triplets to verify the reliability and 
robustness of the results. Impacts of different factors on the accuracy of soil moisture products were also 
investigated, including local acquisition time, physical surface temperature, and vegetation optical depth (VOD). 
The results reveal that the latest Climate Change Initiative (CCI) -combined product (v06.1, merging extra low- 
frequency passive microwave data) had the best agreement with in situ measurements from the SMN-SDR, with 
the lowest ubRMSE (< 0.04 m3/m3) and highest R (> 0.6). Among all single-sensor retrieved soil moisture 
products, the Soil Moisture Active Passive (SMAP) products performed best in terms of R (> 0.6) and ubRMSE 
(close to 0.04 m3/m3), with the SMAP-MDCA (Modified Dual Channel Algorithm) being slightly better than the 
baseline SCA-V (Single Channel Algorithm-Vertical polarization). Importantly, the newly developed SMAP-IB 
product, which does not use auxiliary data, delivered the best bias statistics and higher VOD values compared 
with the drier SMAP retrievals, suggesting that the low VOD values (underestimated vegetation effects) may be 
the major factor causing the dry bias of SMAP products in this study area. It was also found that TCA may 
systematically overestimate the correlation and underestimate the ubRMSE of soil moisture products as 
compared with ground-based metrics. TCA-based metrics may vary considerably when using different triplets, 
due to the TCA assumptions being violated even with the most conservative triplets (in this case an active 
product, a passive product, and a model-based product). Redundant TCA-based metrics from multiple inde
pendent triplets could be averaged to increase the accuracy of final TCA estimates. This study is the first to use in 
situ measurements from the SMN-SDR to conduct a comprehensive evaluation of commonly used, multi-source 
soil moisture products. These results are expected to further promote the improvement of satellite- and 
model-based soil moisture products.  
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1. Introduction 

Soil moisture is a key element of the terrestrial water cycle, con
trolling various hydrological, ecological, and biogeochemical processes 
(Babaeian et al., 2019). The acquisition of accurate surface soil moisture 
data is critical for many applications, including drought monitoring, 
crop yield estimation, flood prediction, and heat-wave forecasting 
(Jackson et al., 2010). 

Considering the strong spatial heterogeneity of soil moisture, point- 
scale in situ measurements can only obtain precise information over a 
very small area. Accordingly, in situ measurements are usually too sparse 
to specifically describe the spatial-temporal variation of soil moisture 
over large scales (Crow et al., 2012). To meet research and application 
needs, various global-scale soil moisture products have been developed, 
which can be roughly divided into the following three major groups: 

(1) Remotely sensed soil moisture directly retrieved from active/ 
passive satellite microwave observations. Microwave remote sensing, 
especially passive microwave, has become an effective way to estimate 
soil moisture at large scales due to its strong sensitivity to soil moisture, 
as well as the advantages of short-term access and all-weather moni
toring. Several satellite platforms carrying passive/active microwave 
sensors have been successfully operated for the past decades, including 
(but not limited to) low-frequency passive microwave sensors such as 
SMOS (Soil Moisture and Ocean Salinity) (Kerr et al., 2010) and SMAP 
(Soil Moisture Active Passive) (Entekhabi et al., 2010), high-frequency 
passive microwave sensors such as AMSR2 (Advanced Microwave 
Scanning Radiometer-2) (Imaoka et al., 2010) and Chinese Fengyun 
series satellites (Zhu et al., 2019), and active microwave sensors such as 
ASCAT (the Advanced Scatterometer) (Wagner et al., 2013) and 
Sentinel-1 (Paloscia et al., 2013). Based on the observed passive 
(brightness temperature, TB) and/or active (backscatter coefficient) 
microwave signals, these platforms have developed corresponding 
retrieval algorithms and released soil moisture products to the public. 

(2) Merged soil moisture products estimated by blending multiple 
separately released microwave remotely sensed products. The most 
typical case is the CCI (Climate Change Initiative) project (Dorigo et al., 
2015). 

(3) Model-derived soil moisture, including (but not limited to) 
NASA’s Global Land Data Assimilation System (GLDAS) (Rodell et al., 
2004), NASA’s Modern-Era Retrospective analysis for Research and 
Applications (MERRA), and the European Center for Medium-Range 
Weather Forecasts (ECMWF) Land Surface Reanalysis v5-Land (ERA5- 
Land) soil moisture products. 

There are different retrieval procedures, design accuracy, input 
datasets, and spatial-temporal resolution between the different soil 
moisture products, with their accuracy affected by different factors. For 
instance, the quality of satellite-based soil moisture products is hindered 
by retrieval algorithms, microwave instrument characteristics, topog
raphy, climate, and land cover conditions, while the model structure, 
input parameters, and atmospheric forcing errors are the main factors 
for the uncertainty of model-based products (Chen et al., 2013). Hence, 
performance evaluation of soil moisture products before use is incred
ibly important, since it can both guide practical application and improve 
the corresponding retrieval process. 

The validation of soil moisture products is commonly based on 
comparison with reference data, which is assumed to be a good repre
sentation of ground truth, aiming to calculate their systematic and 
random errors and obtain quantitative statistics about the quality of soil 
moisture products (Gruber et al., 2020). The reference data commonly 
used for satellite soil moisture validation can be broadly classified into 
the following categories: (1) in situ measurements, (2) model simula
tions, and (3) satellite products. Each type of reference data has its 
limitations. In situ measurements can be divided into (1) field and 
airborne campaigns during discrete periods, and (2) long-term in situ 
networks from ground monitoring stations. The inevitable differences in 
spatial-temporal scale, and the construction of a dense network which is 

labor-intensive (e.g. repeated measuring) and costly, are the main 
challenges for ground-based evaluation (Babaeian et al., 2019). 
Numerous studies have assessed soil moisture products by comparing 
them with remotely sensed retrievals or model simulations of similar 
spatial-temporal resolution (Al-Yaari et al., 2014; Chen et al., 2018). 
Although this approach is capable of solving scale issues and achieving a 
global-scale assessment, it can only provide relative conclusions be
tween different soil moisture products, since these non-fiducial refer
ence data may inherently contain unknown biases and uncertainties (Ma 
et al., 2019). 

The random error variance of three collocated datasets can be esti
mated through triple collocation analysis (TCA), without the need for a 
single high-quality reference data, which is why TCA has been widely 
used in soil moisture validation studies (Chen et al., 2018; Dorigo et al., 
2015; Kim et al., 2020). The use of TCA requires some basic assumptions 
(see Section 3.3), which are often violated. Many studies have been 
devoted to diagnosing the robustness of TCA, including: (1) imple
menting multiple independent triplets on the same soil moisture product 
and checking their consistency, TCA estimates should be identical if the 
basic assumptions are not violated (Gruber et al., 2020); (2) applying the 
least-squares quadruple collocation analysis (QCA) or more data sets to 
calculate the error cross-correlations (Chen et al., 2018; Pierdicca et al., 
2017); and (3) comparing the consistency of performance metrics 
through TCA and dense in situ measurements (Dorigo et al., 2015; Kim 
et al., 2020). 

In recent years, scientists have carried out considerable soil moisture 
validation work through different methods, including field campaigns, 
in situ networks, mutual-comparison of other remotely sensed retrievals 
or model-based products, and calculation of TCA- and QCA-based met
rics (Chen et al., 2018; Wu et al., 2014; Ye et al., 2019, 2021). However, 
only a few validation studies have had a large quantity (> 5) of soil 
moisture products (Al-Yaari et al., 2019; Beck et al., 2021; Sabaghy 
et al., 2020). Besides, with the rapid development of soil moisture 
retrieval algorithms, there are new soil moisture products (SMAP-IB) 
and the latest versions (newly-released CCI and SMOS-IC products) that 
have not been assessed. 

Inter-comparison between soil moisture products and dense in situ 
measurements (namely fiducial reference data or ground-truth) is 
currently the primary approach used to assess soil moisture products. 
Several scientific teams have established dedicated soil moisture net
works, including the SMAP core validation sites (Chan et al., 2016; 
Jackson et al., 2014) and monitoring networks in the Tibetan Plateau 
(Yang et al., 2013). To provide long-term ground reference data for 
future soil moisture missions, a new soil moisture network was con
structed during the SMELR (Soil Moisture Experiment in the Luan River) 
(Zhao et al., 2020). Although there have been previous studies using 
ground data from this new network to verify soil moisture simulations 
(Kang et al., 2021; Wang et al., 2021), this is the first study to apply in 
situ measurements from the new soil moisture network to assess multi
source and commonly used soil moisture products. Moreover, the 
robustness of TCA was examined by comparing the similarity of TCA- 
and ground-based metrics, as well as the spread between redundant TCA 
estimates of multiple triples. The effects of factors such as local acqui
sition time, temperature input, and vegetation on soil moisture products 
were also investigated. 

2. Datasets 

2.1. Shandian River network and in situ measurements 

The Shandian River flows through Hebei Province and Inner 
Mongolia in North China, with a total length of 877-km, and the 
watershed is classified as having a temperate continental climate and a 
seasonally frozen ground. Rainfall is mainly concentrated in summer 
and the annual average precipitation in most areas is 300–500 mm. The 
soil moisture and temperature wireless sensor network within the 
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Shandian River basin (referred to as the SMN-SDR hereafter) was 
established during the SMELR (Zhao et al., 2020), from July 18, 2018 to 
September 28, 2018. The topography of the SMN-SDR is relatively flat, 
with various land cover types including grasslands, croplands, shrub
lands, and forests. 

The SMN-SDR currently consists of 34 stations within an area of 
~10,000 km2 (115.5–116.5◦E, 41.5–42.5◦N). To match the different 
scales of various SM products, the spatial distribution of these 34 sta
tions (see Fig. 1) was designed as a three-sampling-scale nested struc
ture, including 100-km (large-scale), 50-km (medium-scale), and 10-km 
(small-scale). At each station, five Decagon 5TM sensors were installed 
in a horizontal orientation at different measuring depths (3, 5, 10, 20, 
and 50-cm) to measure soil moisture and soil temperature. The nominal 
accuracy (and resolution) of the 5TM sensor are ±3% m3/m3 (0.0008 
m3/m3) for soil moisture and ± 1 K (0.1 K) for soil temperature (Zhao 
et al., 2020). Field calibration of the 5TM sensor is also a key step to 
ensure the measurement accuracy of the probes. Thus undisturbed soil 
samples at each measuring layer were collected for laboratory analysis 
and calibration. The calibration function of the 5TM senor within the 
SMN-SDR was derived from Zhao et al. (2020). Of the 34 stations, 20 
stations were equipped with the HOBO rain gauge, mainly concentrated 
in the small- and medium-scale. The solar panels and IoT links were used 
to provide remote wireless access to all ground data. The sampling in
terval of the data recording time is 10- (before June 2019) or 15-min 
(after June 2019). 

Although the SMN-SDR is ideal for matching different scales 
(different depths) of soil moisture products, the main objective of this 

study was to evaluate near-surface coarse-resolution soil moisture 
products. Considering the shallower sampling depths of microwave 
remote sensing, the top-layer (3-cm) in situ measurements were used 
here for soil moisture validation. The research period of this study is 
from September 1, 2018 to December 31, 2020. 

2.2. Soil moisture datasets 

A total of 24 near-surface, coarse-resolution soil moisture datasets 
were used in this study, including 15 based on single-sensor satellite- 
based products (seven for L-band low-frequency passive microwave 
observations, seven for C/X-band higher-frequency passive microwave 
observations, and one for C-band active microwave observation), six 
based on multi-sensor merged products, and three based on land surface 
models. Each category of the soil moisture datasets was evaluated to 
explore the performance across and within product categories. Table 1 
summarizes the main characteristics of all 24 soil moisture datasets 
assessed in this study. More details are provided in Appendix A. 

3. Methods 

3.1. Data pre-processing 

3.1.1. Quality control 
In practice, only the retrievals considered as “good” in soil moisture 

products are usually used (Gruber et al., 2020). Hence, before valida
tion, quality control procedures are used to mask out the unreliable 

Fig. 1. Location of the SMN-SDR and spatial distribution of 34 stations in the SMN-SDR; land cover (from GlobeLand30) is also shown. The different symbols 
represent stations at different sampling scales including 100-km (large-scale, represented by the bold black square), 50-km (medium-scale, represented by the bold 
blue square), and 10-km (small-scale, represented by the bold red square). (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.) 
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estimates. However, care should be taken when selecting the quality flag 
thresholds, as they are a trade-off between the evaluation quality and 
available data quantity. The inherent quality flags of soil moisture 
products and corresponding thresholds used in this study are as follows: 
1) SMAP-IB retrievals were masked out if the scene flag exceeded 1. 2) 
SMAP-L2 data were masked out if the retrieval quality flag had a value 
other than 0. 3) SMOS-L2 retrievals were masked out if the Radio Fre
quency Interferences (RFI) probability exceeded 0.2 or if the Chi-2 
probability dropped below 0.05. 4) SMOS-L3 retrievals were masked 
out if the data quality index exceeded 0.06 or if RFI exceeded 0.3. 5) 
SMOS-IC retrievals were masked out if the scene flag exceeded 1 or if 
RMSE exceeded 8. 6) ASCAT retrievals were masked out if the soil 
moisture noise exceeded 10%, or if wetland fraction exceeded 15%, or if 
topographic complexity exceeded 20%. Note that the quality control 
procedures applied to different soil moisture products were not the 
same, and some datasets do not even have a quality flag (for instance 
AMSR2-JAXA and FY-3). The final validation result is thus representa
tive of the product accuracy obtained by users that apply available 
quality control procedures. 

The incorrect values of in situ measurements were also filtered by 
examining their time-series graphs (not shown). Additionally, all soil 
moisture products were assessed under unfrozen soil conditions. For this 
purpose, in situ soil temperature measurements (3-cm) were used as 
auxiliary information (i.e., soil moisture estimates were retained only 
when the areal average in situ soil temperatures were over 273.15 K), to 
avoid uncertainties associated with model-based temperature data. 

3.1.2. Spatial-temporal resampling 
Considering the scale difference between point-based in situ mea

surements and grid-based soil moisture products, the spatial averaging 
method was used to obtain areal average soil moisture estimates within 
the SMN-SDR. Specifically, soil moisture products were resampled to a 
0.25◦ equal-spaced lat-lon grid using nearest-neighbor search. Then all 
16 resampled pixels nested within the 1◦ × 1◦ SMN-SDR (see Section 
2.1) were averaged to represent the areal average retrievals of ~100 km 
domain. The areal mean values of soil moisture products were discarded 
if less than 50% of the pixels contained valid data. 

The main reasons for averaging 4 × 4 pixels used for validation 
include: 1) Many of the satellite-based soil moisture products have a 

spatial resolution of around 30–50 km and can be even larger when 
considering the side lobe. The common solution to validating such a 
coarse-scale soil moisture product is to approximate the “true” values 
from both satellite observations and ground measurements for a 
particular region, which is larger than the native resolution of satellite 
observations and is 100 km in this study (Jackson et al., 2014). In 
addition, a single grid/footprint may only contain a small number of 
ground sites, making it difficult to eliminate scale differences between in 
situ points and satellite pixels. The single-point/footprint observations 
are also likely to have higher variability and noise (Jackson et al., 2012). 
2) As the native/gridded spatial resolution varied for a number of the 24 
datasets used in this study, it was necessary is to resample different 
products to a consistent grid resolution to avoid the mismatch in the 
targeted/study area. This solution has been often used in previous 
studies, especially in TCA validation (Gruber et al., 2020; Xu et al., 
2021). Therefore, the resampling pre-processor used the 0.25◦ equal- 
spaced lat-lon grid as the reference grid in this study, as most products 
were stored at a 0.25◦ grid. 

The in situ measurements from the 34 stations of the SMN-SDR were 
also averaged to represent the areal average “truth” of the ~100 km 
research domain, as there are sufficient sample sites within the SMN- 
SDR to approximate the full network average (Coopersmith et al., 
2021). Since the SMN-SDR is an area where mixed land use is present 
(dominated by grassland and cropland), a weighted average was used 
rather than a simple arithmetic average (Yee et al., 2016), whereby the 
measurements from stations were first averaged across a regular 0.0625◦

pixel (a quarter of the 0.25◦ resampled grid) and the 0.0625◦pixels then 
averaged to represent the areal average ground-truth of the SMN-SDR. 

The areal average retrievals of soil moisture products were thus 
compared with the areal average ground “truth” within the SMN-SDR, 
and all evaluation (both ground-based and TCA-based) metrics calcu
lated at the regional scale (1◦ × 1◦ in this study). Similar validation of 
soil moisture products at the regional scale has been applied in many 
previous studies (Chen et al., 2013, 2017; Jackson et al., 2010, 2012; 
Zeng et al., 2015). 

Given the high temporal frequency of in situ measurements within 
the SMN-SDR (10 or 15 min), soil moisture products were evaluated 
using ground data consistent with the product’s inherent timestamp (i. 
e., satellite overpass time or model time-step). Moreover, the daytime 

Table 1 
Presentation of the soil moisture products evaluated in this study. The observation time (local time, divided into daytime and nighttime) refers to the timestamps of in 
situ data used to assess soil moisture products. For remotely sensed soil moisture data, the observation time also corresponds to the satellite overpass time. “Asc” and 
“Des” represent ascending and descending, respectively.  

Property Product (Version) Grid resolution Represent depth Observation time Reference(s) 

daytime nighttime 

Low-frequency 
passive microwave product 

(L-band) 

SMAP-L2 - R17000 
(SCA-V\SCA-H\MDCA) 

36 km 0–5 cm (Des) 06:00 (Asc) 18:00 Entekhabi et al. (2010) 
O’Neill et al. (2020) 

SMAP-IB - V1 36 km 0–5 cm (Des) 06:00 – Li et al. (n.d.) 
SMOS-L2 - V650 15 km 

0–5 cm (Asc) 06:00 (Des) 18:00 
Kerr et al. (2012) 

SMOS-L3 - V300 25 km Al Bitar et al. (2017) 
SMOS-IC - Version 2.0 25 km Wigneron et al. (2021) 

High-frequency 
passive microwave product 

(C\X-band) 

AMSR2-LPRM L3 - V001 
(C1\C2\X) 0.25◦ 0–2 cm (Asc) 13:30 (Des) 01:30 

Owe et al. (2001) 

AMSR2-JAXA - Version 3 Fujii et al. (2009) 
FY-3B L2 - V1.0 

25 km 0–2 cm 
(Des) 13:30 (Asc) 01:30 

Shi et al. (2006) 
Kang et al. (2021) 

FY-3C L2 - V1.0 (Des) 10:00 (Asc) 22:00 
FY-3D L2 - V1.0 (Asc) 14:00 (Des) 02:00 

Active microwave product ASCAT (H115\H116) 0.1◦ 0–2 cm (Des) 09:30 (Asc) 21:30 
Wagner et al. (2013) 

Kern (2021) 

Merged product 

CCI - v06.1 
(active\passive\combined) 0.25◦ 0–3 cm 08:00 – 

Gruber et al. (2019) 

C3S - v201912.0.0 
(active\passive\combined) 

C3S (2020) 

Model-based product 

GLDAS-Noah − 2.1 0.25◦ 0–10 cm 08:00 20:00 Beaudoing and Rodell (2020) 
ERA5-Land 0.1◦ 0–7 cm 08:00 20:00 Muñoz Sabater (2019) 

MERRA-2 -M2T1NXLND 5.12.4 
0.5◦ x 
0.625◦ 0–5 cm 08:30 20:30 Gelaro et al. (2017)  
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and nighttime performance of soil moisture products were evaluated 
separately (see Table 1 for the detailed division). 

3.1.3. Short-term anomalies 
Since the performance of soil moisture products at different time 

scales may vary greatly (Gruber et al., 2020), validation metrics should 
be separately calculated for different frequency components (in this case 
the raw soil moisture estimates and short-term anomalies). The raw soil 
moisture estimates denote the non-decomposed data, whereby the short- 
term anomalies refer to the residuals from a seasonality, which is not 
averaged across years into a climatology as the study period is short 
(2018–2020). The assessment of short-term anomalies aims to obtain the 
capability of soil moisture products to capture the day-to-day fluctuation 
(or individual drying or wetting events), which can remove seasonal 
effects on skill metrics and is more useful than raw soil moisture esti
mates for many applications (such as data assimilation) (Al-Yaari et al., 
2019). In this study, short-term anomalies were computed as the devi
ation from the mean for a 35-day moving window, which has been 
widely used in previous studies (Albergel et al., 2012; Gruber et al., 
2020). The central moving mean was estimated only when there are at 
least 25% valid data within the 35-day window (Gruber et al., 2020). 
The function of short-term anomalies is given by 

SManom(t) = SM(t) − SM(t − 17 : t + 17) (1)  

where SM(t) and SManom(t) represent the raw soil moisture estimates and 
short-term anomalies at time t in days, respectively. The over-bar is the 
temporal mean operator. 

3.2. Validation metrics 

The error characteristics of soil moisture products are unable to be 
fully described by a single validation metric. Accordingly, four widely 
used statistical metrics for soil moisture validation were computed to 
obtain a more comprehensive skills description of soil moisture 
products. 

First, the Pearson correlation coefficient (R) was used to evaluate the 
ability of soil moisture products to capture temporal variations of in situ 
measurements. Then the dryness or wetness of soil moisture products 
was measured relative to ground data by the temporal mean bias (Bias). 
Moreover, the root mean squared error (RMSE) and unbiased RMSE 
(ubRMSE) were interpreted as the standard deviation of random error 
(Montzka et al., 2020). These skill metrics were calculated as   

Bias = (SMestimated − SMin situ) (3)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(SMestimated − SMin situ)
2

√

(4)  

ubRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

[(SMestimeted − SMestimated) − (SMin situ − SMin situ) ]
2

√

(5)  

where the SMin situ and SMestimated denote the in situ measurements and 
soil moisture products, respectively. The over-bar represents the tem
poral mean operator, and n is the number of comparison soil moisture 
data pairs. 

3.3. Triple collocation metrics 

In this study, TCA was used to verify soil moisture products, and TCA 
robustness was tested by comparing the consistency between the TCA- 
and ground-based metrics. There are some basic assumptions in TCA 
(Gruber et al., 2016): 1) The three collocated datasets required by TCA 
should describe the same geophysical variable (in this case the areal- 
average near-surface soil moisture of the SMN-SDR). 2) All three data
sets should be linearly related to the true state. 3) The errors of triplets 
are independent of each other. 4) The errors of triplets are independent 
of the true state. 

In practice, different triplets of TCA may violate the above basic 
assumptions for various reasons (Kim et al., 2020). Consequently, the 
commonly used triplet combination of an active-based product, a 
passive-based product, and a model-based product is applied here to 
calculate TCA-based metrics from the range of alternatives. The focus of 
this study was on the performance of the TCA-based R (the linear cor
relation against the unknown truth) (McColl et al., 2014) and ubRMSE 
(the temporal standard deviation of errors in datasets) (Montzka et al., 
2020). Their calculation formulas are given by 

Rx =

̅̅̅̅̅̅̅̅̅̅̅̅σxyσxz

σxxσyz

√

(6)  

ubRMSEx =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σxx −
σxyσxz

σyz

√

(7)  

where the subscripts x, y, and z refer to the triplets in TCA (in this case an 
active product, a passive product, and a model-based product). The 
covariance between datasets is defined as σ. In the present study, the 
TCA-based metrics are considered to be robust only when: 1) the triplets 
had more than 100 comparison samples, and 2) the correlation of any 
two datasets was greater than 0.3 (Kim et al., 2020). 

3.4. Confidence intervals from moving block bootstrap 

Calculation of the above metrics is based on finite-sized samples, 
with the sample size directly affecting the statistical performance. To 
quantify the statistical uncertainties caused by sampling errors, this 
study relied on the moving block bootstrap (MBB) re-sampling tech
nique (Ólafsdóttir and Mudelsee, 2014) to construct confidence intervals 
(CI) for validation metrics. The relative differences between different 
cases (in this study performance metrics of different soil moisture 

products) were considered to be greater than sampling uncertainty (i.e., 
they are statistically significant) only when the CI of various cases do not 
overlap. 

Compared with resampling single data points, the advantage of MBB 
(resampling data blocks composed of a certain amount of consecutive 
observations) is that it can prevent the autocorrelation in the soil 
moisture time-series from generating an enlarged CI (Gruber et al., 
2020). The specific steps to apply MBB to estimate CI of validation 
metrics are summarized as follows: 1) Resample blocks of collocation 
input datasets 1000 times, with replacement and preserve the original 
sample size. For detailed information about the calculation of the 
optimal block length, readers are kindly referred to Gruber et al. (2020). 
2) Repeatedly calculate validation metrics in each resampling proced
ure. 3) Construct the empirical probability distribution of these iteration 

R =
∑n

i=1

(
SMestimated(i) −

SMestimated
)(

SMin situ(i) − SMin situ
)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
SMestimated(i) − SMestimated

)2∑n
i=1

(
SMin situ(i) − SMin situ

)2
√ (2)   
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metrics and obtain the corresponding 90% CI to visually express sam
pling errors (i.e., the range between the 5th and 95th percentile of the 
block-bootstrapped sampling distribution). 

4. Results 

4.1. Soil moisture products vs. in situ measurements 

In this study, all available soil moisture estimates for each product 
(after quality control) during the study period were evaluated to obtain 
the accuracy when the end-user uses these products separately (Al-Yaari 
et al., 2019). Note that all evaluation metrics were calculated during the 
non-frozen period (see Section 3.1.1). In addition to being presented 
directly in the scatterplots, the ground-based metrics of raw soil mois
ture estimates are also listed in Table 2. 

4.1.1. Evaluation of satellite-based soil moisture products 
Fig. 2 presents the time series and scatterplots of low-frequency 

passive microwave products (SMOS and SMAP) and areal in situ mea
surements within the SMN-SDR. According to the time series, areal in 
situ measurements showed a moderate variation from 0.1 to 0.3 m3/m3. 
The soil surface in SMN-SDR was frozen approximately in November and 
gradually thawed in April with little variations of soil liquid water 
content during this period. The time series also showed that SMAP and 
SMOS tended to underestimate soil moisture from the SMN-SDR. This 
underestimation has also been reinforced by their negative bias statis
tics. The ubRMSE values of SMAP (0.036–0.044 m3/m3) were generally 
lower than those of SMOS (0.041–0.064 m3/m3), which basically meets 
its expected accuracy goal (i.e., ubRMSE <0.04 m3/m3). The higher R 
values (0.590–0.630) in SMAP also reflected that it can better capture 
the temporal variation of in situ measurements in the SMN-SDR. 

During the comparison of different SMAP retrieval algorithms, time 
series (a1 and c1 in Fig. 2) indicated that SCA-H produced lower re
trievals, while MDCA and SCA-V retrievals were very similar. Though 
SMAP-IB underestimated ground measurements, it is encouraging that 
SMAP-IB was wetter than SMAP-SCA and -MDCA. The bias statistics 
confirmed this phenomenon, showing an increasing trend of negative 
bias from SMAP-IB (− 0.057 m3/m3) to SCA-V (− 0.064 and − 0.070 m3/ 

m3) to MDCA (− 0.064 and − 0.071 m3/m3) and to SCA-H (− 0.092 and 
− 0.097 m3/m3). The R values of the four SMAP algorithms were very 
similar, being close to 0.6. SCA-H had the largest error in the SMN-SDR, 
with the biggest RMSE, ubRMSE, and bias among the different SMAP 
algorithms. The ubRMSE (0.044 m3/m3) of SMAP-IB was similar to 
SMAP-SCA. The performance of MDCA was slightly better than SCA-V 
because of its smaller ubRMSE (0.036 and 0.041 m3/m3). 

The soil moisture retrievals in the three SMOS products also showed 
an underestimated change from SMOS-L2 (− 0.063 and − 0.067 m3/m3) 
to SMOS-L3 (− 0.084 and − 0.090 m3/m3) and to SMOS-IC (− 0.103 and 
− 0.110 m3/m3). Although SMOS-IC was the driest estimate overall for 
the SMN-SDR among the three SMOS products, it had the lowest 
ubRMSE (0.041 and 0.043 m3/m3) and acceptable R values (0.451 and 
0.561). Using a multi-orbit approach, SMOS-L3 produced more available 
data and had a smaller ubRMSE (0.047 and 0.050 m3/m3) than SMOS-L2 
(0.057 and 0.064 m3/m3). 

The comparison between higher-frequency passive microwave 
products (AMSR2 and FY-3) and ground measurements is displayed in 
Fig. 3. From time series (a1 and c1 in Fig. 3), it can be seen that JAXA 
retrievals underestimated ground measurements and showed very low 
variations, maintaining an almost constant value of around 0.1 m3/m3 

except for soil moisture fluctuations in summer (June to September). 
This phenomenon of JAXA was manifested in the quantitative metrics as 
the largest dry bias (− 0.115 and − 0.117 m3/m3) and RMSE (0.121 and 
0.123 m3/m3) among all evaluated products, leading to the unexpect
edly lowest ubRMSE (0.036 and 0.037 m3/m3) among all satellite-based 
products. The time series plots also suggested that the soil moisture 
variation range of AMSR2-LPRM was much larger than JAXA. Except for 
the slight underestimation of the LPRM-C2 nighttime product, other 
LPRM products overestimated ground measurements. Mutual compari
son of different datasets in the LPRM products generally showed that the 
lower the frequency, the better the metrics (i.e., lower ubRMSE and 
higher R). For example, among the daytime products, LPRM-C1 (6.9- 
GHz) had the lowest ubRMSE of 0.051 m3/m3, LPRM-C2 (7.3-GHz) had 
an ubRMSE of 0.059 m3/m3, and LPRM-X (10.7-GHz) had the highest 
ubRMSE of 0.077 m3/m3. The low R values (< 0.5, especially less than 
0.2 during daytime) of AMSR2-LPRM present that LPRM products did 
not reflect the temporal variation of ground measurements. 

Table 2 
Summary statistics (R, bias, RMSE, and ubRMSE) of comparison between raw soil moisture estimates of the 24 soil moisture datasets and in situ measurements (3-cm) 
within the SMN-SDR for the period 01/09/2018 to 31/12/2020. The daytime and nighttime performance were evaluated separately. “Num” is the number of com
parison data pairs. The best metrics in each category of soil moisture product are indicated in bold.  

Property Product daytime nighttime 

R bias RMSE ubRMSE Num R bias RMSE ubRMSE Num 

Low-frequency 
passive microwave product 

(L-band) 

SMAP-IB 0.614 ¡0.057 0.072 0.044 221      
SMAP-L2 (SCA-H) 0.630 − 0.092 0.102 0.044 215 0.590 − 0.097 0.105 0.039 224 
SMAP-L2 (SCA-V) 0.625 − 0.064 0.077 0.043 219 0.606 − 0.070 0.079 0.037 232 
SMAP-L2 (MDCA) 0.630 − 0.064 0.076 0.041 200 0.591 − 0.071 0.080 0.036 205 

SMOS-L2 0.577 − 0.063 0.090 0.064 210 0.362 ¡0.067 0.088 0.057 165 
SMOS-L3 0.570 − 0.084 0.097 0.050 272 0.440 − 0.090 0.101 0.047 273 
SMOS-IC 0.561 − 0.110 0.118 0.043 123 0.451 − 0.103 0.111 0.041 116 

High-frequency 
passive microwave product 

(C\X-band) 

AMSR2-LPRM (C1) 0.182 0.074 0.090 0.051 447 0.490 0.066 0.088 0.059 418 
AMSR2-LPRM (C2) 0.155 0.021 0.063 0.059 447 0.416 − 0.002 0.070 0.070 418 
AMSR2-LPRM (X) 0.130 0.027 0.082 0.077 447 0.445 0.080 0.103 0.065 418 

AMSR2-JAXA 0.449 − 0.115 0.121 0.037 447 0.430 − 0.117 0.123 0.036 425 
FY-3B 0.055 0.007 0.077 0.077 77 0.187 − 0.031 0.076 0.069 126 
FY-3C 0.338 − 0.013 0.065 0.064 170 0.257 − 0.011 0.070 0.069 135 
FY-3D 0.361 − 0.441 0.068 0.054 363 0.420 ¡0.001 0.065 0.065 235 

Active microwave product ASCAT 0.391 0.093 0.105 0.049 377 0.382 0.086 0.100 0.050 371 

Merged product 

CCI-active 0.460 0.033 0.073 0.065 385      
CCI-passive 0.616 0.047 0.063 0.042 395      

CCI-combined 0.609 0.006 0.028 0.027 416      
C3S-active 0.477 0.071 0.094 0.063 456      
C3S-passive 0.543 0.033 0.063 0.054 388      

C3S-combined 0.570 ¡0.001 0.031 0.030 494      

Model-based product 
ERA5-Land 0.666 0.072 0.080 0.037 507 0.605 0.066 0.076 0.037 550 

GLDAS-Noah 0.356 0.007 0.038 0.038 507 0.322 ¡0.003 0.038 0.038 550 
MERRA-2 0.464 ¡0.003 0.028 0.027 509 0.356 − 0.009 0.030 0.029 547  
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FY-3 products presented low accuracy in the SMN-SDR, with large 
ubRMSE (higher than 0.06 m3/m3 in most cases) and small R values 
(lower than 0.4 in most cases). The performance of FY-3D was better 
than FY-3B and -3C. Due to the different overall lengths of FY datasets 
(mentioned in Section A.1.4 of the appendices), FY-3B and -3C are only 
available in small quantities (see Table 2). The ubRMSE values of ASCAT 
(see Fig. 4) were similar to those of SMOS L3 (close to 0.05 cm3/cm3), 
being lower than those of all high-frequency passive products (except for 
the underestimated JAXA), and higher than those of low-frequency 
passive SMAP and SMOS-IC. However, the performance of ASCAT in 
terms of correlation was low (R < 0.4), with ASCAT being greatly wetter 
than ground measurements (positive bias of 0.086 and 0.093 m3/m3). 

In summary, SMAP-MDCA outperformed other single-sensor satel
lite-based soil moisture products within the SMN-SDR, indicated by the 
highest R of 0.630 and the lowest ubRMSE of 0.036 m3/m3. It’s worth 
noting that among SMAP products, the latest SMAP-IB performed 

similarly to SMAP-MDCA as their R and ubRMSE metrics were close, but 
the dry bias of SMAP-IB was improved. Despite the consistent under
estimation bias of SMOS and SMAP retrievals, the overall behavior of 
those L-band passive products was better than that of higher-frequency 
passive (AMSR2 and FY-3) and active microwave (ASCAT) products. For 
SMOS products, the better performance, particularly in terms of 
ubRMSE estimates, of SMOS-IC over SMOS-L2 and -L3 products. Addi
tionally, the active-sensor ASCAT performed similar to AMSR2 C-band 
products and was superior to higher-frequency X-band products. 

4.1.2. Evaluation of merged soil moisture products 
The multi-sensor merged soil moisture products chosen in this study 

are the CCI and C3S datasets. Their broader bandwidth sensitivity and 
combination of microwave principles are expected to improve the per
formance statistics (González-Zamora et al., 2019). The analysis of CCI/ 
C3S results has two main parts. In the first part, the impact of merging 

Fig. 2. The comparison between raw soil moisture estimates of L-band low-frequency passive microwave products (SMAP and SMOS) and in situ measurements (3- 
cm) within the SMN-SDR for the period 01/09/2018 to 31/12/2020, including time series (left, with the suffix − 1) and scatterplots (right, with the suffix − 2). The 
daytime (a and b, shown as hollow) and nighttime (c and d, shown as solid) performance were evaluated separately. “Asc” and “Des” represent ascending and 
descending orbits, respectively. The gray-shaded areas in the time-series refer to the standard deviation of stations measurements within the SMN-SDR. 
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SMAP retrievals on the performance of the latest version CCI was 
examined. Fig. 5 clearly shows that CCI-passive and CCI-combined ob
tained by merging extra SMAP data had higher R (0.616 and 0.609) and 
lower ubRMSE (0.042 and 0.027 m3/m3) values than C3S (without 
fusion of SMAP retrievals). The performance of CCI-active and C3S- 
active was similar since the merged active sensors are the same 
(ASCAT-A/B). Compared with ASCAT time-series products (5-day 
composite, Fig. 4), CCI/C3S-active products had a comparable R (0.460 
and 0.477), but worse ubRMSE (> 0.05 m3/m3). In the second part, the 
performance differences of three merged data within CCI and C3S were 
compared. The ranking of the ubRMSE values (from best to worst) of the 
six merged CCI/C3S soil moisture data was (1) CCI-combined, (2) C3S- 
combined, (3) CCI-passive, (4) C3S-passive, (5) C3S-active, and (6) CCI- 
active. 

Overall, CCI-combined performed better than the best-performing 
single-sensor satellite-based product (i.e., SMAP-MDCA) in terms of 
ubRMSE values. It was noticeable that CCI-combined retrievals were 
equally distributed around the 1:1 line, with the comparable R (> 0.6) 
and the better bias (0.027 m3/m3). Compared to the single-senor 

products with dry or wet biases, a better bias value (close to zero) and 
the greater number of observations (see Table 2) for CCI-combined 
highlight the advantages of multi-sensor merging tools. 

4.1.3. Evaluation of model-based soil moisture products 
Fig. 6 shows the assessment results of three model-based products in 

the SMN-SDR. As mentioned in Table 1, in situ measurements at 8:30 and 
20:30 were used to evaluate MERRA-2 daytime and nighttime perfor
mance, respectively. The in situ measurements at 8:00 and 20:00 cor
responds to the other two soil moisture models (GLDAS-Noah and ERA-5 
Land). Compared to GLDAS-Noah and MERRA-2 with close-to-zero bias, 
ERA5-Land (blue triangle) overestimated ground measurements, with 
the larger positive bias (0.066 and 0.072 m3/m3). However, ERA5-land 
could reflect well the dynamic change of ground measurements and 
display the highest R values (0.605 and 0.666). It is worth noting that 
among all the products evaluated, those with R values greater than 0.6 
were only SMAP, CCI-passive, and CCI-combined products (including 
merging with SMAP retrievals), and ERA5-Land. The ubRMSE values of 
all three model products satisfied the SMAP scientific goal of ubRMSE 

Fig. 3. Same as Fig. 2, but for the C/X-band higher-frequency passive microwave products (AMSR2 and FY-3).  
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<0.04 m3/m3. Although MERRA-2 had the lowest ubRMSE (0.027 and 
0.029 m3/m3) among all the evaluated products, it was mainly linked to 
the relatively low temporal variability in MERRA-2 rather than its high 
accuracy. The relatively lower R (< 0.5) and narrower distribution 
(green triangle in Fig. 6) also confirm the interpretation for MERRA-2, 
that the ‘flat’ soil moisture estimates may result in underestimating 
the ubRMSE statistics. 

To sum up, only ERA5-Land reflected similar performance to SMAP 
in terms of R (> 0.6) and ubRMSE (< 0.04 m3/m3), but ERA5-Land had a 
large wet bias. The GLDAS-Noah and MERRRA2 products should be 
improved in capturing time dynamics of in situ measurements within the 
SMN-SDR. 

4.2. Validation of triple collocation analysis 

Triple collocation analysis (TCA) was employed to evaluate soil 
moisture products by constructing the data collection as triplets: a 
passive microwave product, an active microwave product, and a model- 
based product. More than one independent triplet could be built to es
timate TCA-based metrics of a particular soil moisture product since 
numerous soil moisture datasets were evaluated. It is worth noting that 
if a product is blended or assimilated into another product, the two 
datasets should not be considered in the same triplet to avoid cross- 
correlation errors (Kim et al., 2020). Hence, CCI/C3S-combined prod
ucts were not used for TCA in this study. CCI/C3S-passive and -active 
products which use GLDAS-Noah data were also not used for TCA with 

Fig. 4. Same as Fig. 2, but for the active microwave products (ASCAT).  

Fig. 5. Same as Fig. 2, but for the multi-sensor merged products (CCI and C3S).  
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GLDAS-Noah. As, SMOS-L2 and -L3 products used ECMWF soil moisture 
data in the algorithm they were not considered as independent for use in 
TCA with ERA5-Land. The possible triplets of each daytime product are 
shown in Table 3. Note that only the active- or model-product TCA 
metrics from the triplets fusing SMOS or SMAP were adopted because 
the frequencies of ASCAT and low-frequency passive products are more 
dissimilar than high-frequency passive products (Kim et al., 2018). 

To avoid violating the implicit assumption that triplets should 
describe the same geophysical variable, active and passive microwave 
products were collocated by taking the closest temporal observations 
(see Table 1). Moreover, the model-based products were taken from that 
at the central time between the two overpass times (satellite-active and 
-passive products) to construct the TCA triplet (Lei et al., 2015). Fig. 7 

displays the comparison between the TCA- and ground-based metrics for 
the daytime products in 21 soil moisture datasets, including the raw soil 
moisture estimates and short-term anomalies. Since the CCI/C3S prod
ucts were classified into daytime products (see Table 1), the number of 
triplets in the nighttime products was different from the daytime prod
ucts (see Table A1). 

The feasibility and robustness of TCA can be investigated not only by 
comparing the consistency of results with the ground-based metrics 
(blue circle in Fig. 7 and A1) but also by checking the differences be
tween the redundant TCA estimates corresponding to multiple triplets of 
the same product (the height of the green box or error-bar in Fig. 7 and 
A1). It can be seen from Fig. 7 and A1 that the TCA-based R values were 
systematically higher than ground-based R, and the TCA-based ubRMSE 
values were consistently lower than ground-based ubRMSE, for both raw 
soil moisture estimates and short-term anomalies. TCA allows the 
calculation of unbiased error metrics of soil moisture products relative to 
the unknown truth, while the ground-based metrics inevitably contain 
errors of in situ measurements. Therefore, the above-mentioned differ
ence between TCA- and ground-based metrics may be affected by the 
representativeness of the in situ network at the satellite footprint, such as 
the accuracy of ground measurements and scale differences (Dorigo 
et al., 2015). Besides, the cross-correlation errors between soil moisture 
products in TCA triplets may also lead to systematic deviations in TCA 
estimates (Chen et al., 2018). 

It is also clear that TCA-based metrics were generally very similar to 
ground-based estimates by comparing the relative trends of product 
performance in Fig. 7. However, in a few cases, the TCA-based metrics 
showed an opposite trend to the ground-based calculation. That is, soil 
moisture products with lower (or higher) ground-based metrics had 
higher (or lower) TCA-based values. This opposite trend can cause a 
partial closed loop on the curve, such as the CCI/C3S raw soil moisture 
estimates in the upper two rows of Fig. 7. It is interesting to note that the 
above-closed-loop basically disappeared in the CCI/C3S short-term 
anomalies (see the bottom two rows of Fig. 7), indicating that the 
cross-correlation errors caused by the climatology can be eliminated to a 
certain extent by calculating the anomaly time-series (Chen et al., 2018). 
Furthermore, the TCA-based metrics from different triplets were quite 
different in most cases (especially raw soil moisture estimates, the 
higher box height in the upper two rows of Fig. 7 and A1). While the 
above difference may be caused by the sampling errors or the 

Fig. 6. Same as Fig. 2, but for the model-based products (ERA5-Land, GLDAS-Noah, and MERRA-2).  

Table 3 
Possible triplets (a passive microwave product, an active microwave product, 
and a model-based product) for daytime products.  

Property Passive product Different combinations of 
possible triplets 

Active 
product 

Model 
product 

Low-frequency 
passive microwave 

product 
(L-band) 

SMAP-IB 
SMAP-L2 

(SCA-V\SCA-H 
\MDCA) 
SMOS-IC 

ASCAT 

GLDAS- 
Noah 

ERA5-Land 
MERRA-2 

CCI-active 
C3S-active 

ERA5-Land 
MERRA-2 

SMOS-L2 
SMOS-L3 

ASCAT 
GLDAS- 
Noah 

MERRA-2 
CCI-active 
C3S-active 

MERRA-2 

High-frequency 
passive microwave 

product 
(C\X-band) 

AMSR2-LPRM L3 (C1 
\C2\X) 

AMSR2-JAXA 
FY-3B L2 
FY-3C L2 
FY-3D L2 

ASCAT 

GLDAS- 
Noah 

ERA5-Land 
MERRA-2 

CCI-active 
C3S-active 

ERA5-Land 
MERRA-2 

Merged 
passive product 

CCI-passive 
C3S-passive 

ASCAT 
CCI-active 
C3S-active 

ERA5-Land 
MERRA-2  
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destruction of the TCA assumption (e.g., the sampling depth mismatch), 
recent studies have shown that the error correlation between active and 
passive soil moisture products is non-negligible (Chen et al., 2018; 
Gruber et al., 2016). However, the use of short-term anomalies seemed 
to reduce this difference, especially the ubRMSE values during nighttime 
(see the bottom row of Fig. A1). 

The above difference in the redundant TCA-based estimates can also 
be shown in the error bars in Figs. 8 and A2 (the first row). The top and 
bottom of the error bar represent the maximum and minimum TCA 
values, and the midpoint represents the average of multiple TCA esti
mates. Compared to the raw soil moisture estimates (a and c in Fig. 8 and 
A2), the range of error bars was reduced to a certain extent in the short- 

term anomalies (b and d in Fig. 8 and A2). The skill estimate closest to 
the ground-based metric among multiple TCA triplets, calculated based 
on the condition that the quadratic sum of ΔR and ΔubRMSE (difference 
between the normalized TCA- and ground-based metrics) is the mini
mum, is also displayed in Fig. 8 and A2 (see e, f, g, and h). It is 
encouraging that the average of the multiple TCA estimates (midpoint of 
the error bar in the first row) shows similar performance to the scatters 
in the second row, or in other words, shows similar performance to 
ground-based metrics overall. Recent studies used four or more datasets 
to calculate the cross-correlation errors of soil moisture products within 
the TCA triplet, but this TCA extension also contains some basic as
sumptions (Chen et al., 2018). To sum up, under the premise of not 

Fig. 7. Summary statistics of TCA-based (green boxplots for more than two robust TCA estimates, green error-bars for only two robust TCA estimates) and ground- 
based (blue circles) R and ubRMSE values, for raw soil moisture estimates (the first and second rows) and short-term anomalies (the third and fourth rows) of daytime 
products. The green line in the box (the green point in the error bar) is the TCA-based sample median, the bottom and top of each box represent the inter-quartile 
range, and whiskers represent the minimum and maximum values. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.) 
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Fig. 8. TCA-based metrics versus ground-based statistics (R and ubRMSE), for raw soil moisture estimates and short-term anomalies of daytime products. The 
midpoint of the error bar (a, b, c, d) is the average of multiple TCA metrics. The bottom and top of the error bar capture the minimum and maximum TCA estimates. 
The points of scatterplots (e, f, g, h) represent the skill estimate closest to the ground-based metric among redundant TCA metrics, which was calculated based on the 
condition that the quadratic sum of the ΔR and ΔubRMSE (difference between the normalized TCA- and ground-based metrics) is the minimum. 

Fig. 9. Time-series of satellite VOD daytime products, and scatterplots of passive microwave soil moisture products against corresponding VOD daytime products 
within the SMN-SDR for the period 01/09/2018 to 31/12/2020. “Asc” and “Des” represent ascending and descending orbits, respectively. 
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obviously destroying the TCA assumption, averaging multiple valid TCA 
estimates is a simpler way to reduce the uncertainty of a single TCA 
value and increase the precision of the estimates. 

5. Discussion 

5.1. Impacts of vegetation optical depth 

The uncertainty in vegetation parameters is considered to be the 
main cause of soil moisture retrieval error, due to the coupling effect 
between soil and vegetation contributions (Zhao et al., 2021). The time 
series of ten different satellite VOD datasets were presented to analyze 
the effect of vegetation parameters on soil moisture products. Both 
daytime (Fig. 9) and nighttime (Fig. A3) performance were evaluated in 
this study. The SMAP-SCA algorithm uses NDVI (Normalized Difference 
Water Index) to estimate VOD, while SMOS, SMAP-IB, SMAP-MDCA, 
and AMSR2-LPRM use the observed TB information to retrieve the VOD 
simultaneously with the soil moisture calculation. 

Through comparisons in Fig. 9, LPRM achieved the highest VOD 
values (0.2 to 0.7) in the SMN-SDR, followed by SMOS-L2 and -L3 
products (0 to 0.5), while SMAP and SMOS-IC had a very narrow range 
of VOD values (less than 0.2). The higher range of VOD retrievals for 
LPRM has also been observed on another network in China (Cui et al., 
2017). Higher VOD estimates mean lower transmittance of the vegeta
tion layer and thus a higher emissivity of the vegetation, resulting in a 
decrease in the soil emissivity as well as an increase in the soil dielectric 
constant, and finally an increase in the soil moisture values. The inter- 
comparison between VOD and soil moisture products in LPRM 
confirmed the above hypothesis (i.e., the higher the VOD values, the 
wetter the soil moisture retrievals). For instance, the VOD values of 
LPRM-X, -C1, and -C2 showed a decreasing trend during nighttime 
(01:30 local time, see c1 in Fig. A3), and a similar decreasing trend in the 
bias values (c2 in Fig. 3) of LPRM products in different bands from 
LPRM-X (0.080 m3/m3), -C1 (0.066 m3/m3), and -C2 (− 0.002 m3/m3). 
The above phenomenon illustrated that apart from the systematic 
overestimation of LPRM temperature input (see Fig. A4, the comparison 
between physical surface temperature products and in situ measure
ments within the SMN-SDR), the high VOD values could also be a key 
factor of the overestimation of ground measurements by the LPRM 
products. 

The comparatively lower VOD values may be one of the reasons for 
the dryness of the low-frequency passive microwave products in the 
SMN-SDR. For example, the underestimation of ECMWF temperature 
(see Fig. A4) and the relatively smaller range of VOD values resulted in 
the largest negative bias of SMOS-IC (mentioned in Section 4.1.1). 
Although GEOS-5 temperature systematically overestimated in situ soil 
temperature (Fig. A4), the dryness of SMAP products (Fig. 2) indicated 
that vegetation correction (low VOD values) may be the main factor for 
the underestimation of ground measurements by the SMAP retrieval 
algorithms in the SMN-SDR. The above assumption can be confirmed in 
the inter-comparison between the VOD values estimated by SMAP-IB 
and other SMAP algorithms (SCA and MDCA). That is, the larger the 
SMAP-IB VOD estimates (see a1 in Fig. 9), the wetter the SMAP-IB soil 
moisture retrievals (see a1 and a2 in Fig. 2). 

It can also be observed that the VOD time-series of SMAP-SCA (a1 
and c1 in Fig. 9) were smoother than for the other VOD products since 
the SMAP-SCA algorithm estimates the VOD based on an empirical 
relationship with the NDVI climatology (Bindlish et al., 2011). 
Furthermore, the VOD products of SCA-H and SCA-V had a good ability 
to identify vegetation seasonal variability, reflected by the gradually 
increasing VOD values in spring (March), and gradually decreasing VOD 
after reaching the highest vegetation density in summer (August). This 
was similar to the LPRM VOD results, but the time to reach the LPRM 
VOD peak (September) was a little later than the SMAP-SCA. The VOD 
values of SMOS were a bit unstable and noisy, with weak seasonal 
variations. SMOS retrievals were as noisy as their VOD, which may be 

due to the influence of RFI or multiple minima issues (Wigneron et al., 
2021). 

5.2. Impacts of local acquisition time 

Diurnal variations in ground conditions may affect the performance 
of soil moisture products at different local acquisition times. Hence, the 
full identification of the impact of local acquisition time on soil moisture 
product accuracy is of great significance to the design of future satellite 
missions and the development of retrieval algorithms. Fig. 10 presents 
the ground-based metrics (R, bias, and ubRMSE) of soil moisture data
sets during the daytime and nighttime, including the raw soil moisture 
estimates (a, b, and c in Fig. 10) and short-term anomalies (d and e). Bias 
estimates were only calculated for raw soil moisture time-series since it 
is trivial for anomalies (Gruber et al., 2020). The statistical uncertainty 
of ground-based metrics was estimated by a 1000-member MBB distri
bution. Error bars in Fig. 10 represent the 5th and 95th percentile range 
of the above bootstrapping distribution. By analyzing the error metrics 
in Fig. 10, this study aims to shed light on the following two key points: 
(1) the impact of local acquisition time on soil moisture product accu
racy within the SMN-SDR, (2) the performance summary of soil moisture 
products and possible causes of retrieval uncertainties (Section 5.3). 

For low-frequency passive microwave soil moisture products, 
nighttime products (18:00 local time) had smaller ubRMSE (blue circle 
in c and e of Fig. 10) than daytime, while the daytime products (06:00 
local time) had higher R values (red symbol in a and d of Fig. 10) than 
nighttime, especially for SMOS. Similarly, there is not a unified 
conclusion about the influence of local acquisition time on the high- 
frequency passive microwave products within the SMN-SDR. Although 
the nighttime products (01:30 and 02:00 local time) of LPRM-C1, -C2, 
and FY-3D had a relatively larger R, the ubRMSE values of their daytime 
(13:30 and 14:00 local time) products were smaller. The LPRM-X, JAXA, 
and FY-3B performed better during the nighttime (01:30 local time), 
with lower ubRMSE and higher R values. On the contrary, the daytime 
performance (10:00 local time) was more reliable for FY-3C, with 
smaller ubRMSE and higher R values than the nighttime products (20:00 
local time). The daytime and nighttime products performed similarly for 
ASCAT and three model-based products in the SMN-SDR, except for the 
slightly higher R values in the short-term anomalies during the daytime 
(red symbol in d of Fig. 10). 

It is generally believed that passive microwave soil moisture prod
ucts at nighttime (or early morning) are more accurate, because the soil- 
vegetation temperature difference during the daytime may cause errors 
in the soil moisture retrievals (Jackson et al., 2010). However, the 
comparison results showed that isothermal conditions during nighttime 
(or early morning) do not have a decisive impact on soil moisture re
trievals accuracy within the SMN-SDR, in agreement with previous 
studies (Lei et al., 2015; Zeng et al., 2015). For instance, the magnitude 
of RFI contamination at different overpass times may also affect the 
quality of soil moisture retrievals (Zhao et al., 2015b). 

5.3. Other factors and performance summary 

The evaluation uncertainties may suffer from the mismatch between 
in situ measurements and grid-based soil moisture products (Chen et al., 
2017). Therefore, some measures have been taken to mitigate the 
mismatch in this study, including the spatial-temporal resampling 
method (Section 3.1.2), the sensor calibration, and the measuring depth 
selection (Section 2.1). Hence, uncertainties in retrieval algorithms 
(inevitable constraints and assumptions) and auxiliary parameters (such 
as physical surface temperature, vegetation parameters, surface rough
ness, and soil texture mainly in satellite soil moisture retrievals) are 
likely the remaining reasons for the different performances of soil 
moisture products. In addition, instrument characteristics (different 
bands) and external interference (RFI) may have affected the perfor
mance of satellite soil moisture products (Zhao et al., 2015a). According 
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Fig. 10. Summary statistics of ground-based R, bias, and ubRMSE values, for raw soil moisture estimates (a, b, and c) and short-term anomalies (d and e) in 24 soil 
moisture datasets. The red and blue symbols represent the daytime and nighttime performance, respectively. The timestamps of soil moisture products are listed in 
the legend. Error bars represent the 5th and 95th percentile spread of a 1000-member moving block bootstrap sampling distribution. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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to the ground-based metrics from the SMN-SDR (Fig. 10), the inferences 
of the soil moisture products evaluated in this study are summarized as 
follows. 

Among single-sensor satellite-based soil moisture products within 
the SMN-SDR, low-frequency passive microwave products (SMAP and 
SMOS) at L-band were generally better than C/X-band higher-frequency 
passive microwave retrievals in terms of R and ubRMSE. This is not 
surprising as L-band signals have a deeper penetration depth and the 
higher sensitivity to soil moisture. Although SMAP retrievals under
estimated the ground measurements in the SMN-SDR, SMAP products 
performed best among all single-sensor satellite-based products, and its 
ubRMSE values basically met the mission requirement (< 0.04 m3/m3) 
along with the higher R values (> 0.6). The good performance of SMAP 
has been validated by extensive research (Beck et al., 2021; Ma et al., 
2019; Ye et al., 2021), and the dryness of SMAP is also in agreement with 
previous research (Al-Yaari et al., 2019; Chen et al., 2017). The deeper 
penetration depth of the L-band, the smaller radiometric error (about 
1.3 K) of the sensor (Entekhabi et al., 2010), more accurate input pa
rameters (such as GEOS-5 temperature data, see Fig. A4), and the uti
lization of RFI mitigation hardware and software (Chan et al., 2016) may 
be some of the reasons for the better performance of SMAP. The physical 
surface temperature is a key input in the passive microwave SM retrieval 
algorithms (Zhao et al., 2015a). The behavior of GEOS-5 and ECMWF 
temperature products were consistent with ground measurements in the 
SMN-SDR (see Fig. A4), while the temperature estimates from LPRM 
performed the worst with the highest ubRMSE (2.297 and 4.750 K) and 
the lowest R (0.825 and 0.939). The comparison result of the above 
three temperature products was consistent with previous studies (Beck 
et al., 2021; Cui et al., 2017; Zeng et al., 2015). 

Remarkably, the ubRMSE values (around 0.04 m3/m3) of SMAP in 
the SMN-SDR were similar to that of validation in the dense networks 
(Chen et al., 2017; Colliander et al., 2017), which is better than that of 
the sparse network (> 0.05 m3/m3) (Xing et al., 2021). These dense 
networks are considered to have reasonable representativeness for the 
satellite footprint scale (Chen et al., 2019; Gruber et al., 2020). This 
showed that the regional-scale validation in this study effectively 
reduced the inherent uncertainties in the scale difference (i.e., spatial- 
scale mismatch and/or depth mismatch between in situ points and sat
ellite pixels, see Section 3.1.2). The validation results at a 0.25◦ grid 
further confirmed the above inference. The selected validation grid is a 
0.25◦ grid with the highest site density over the SMN-SDR (the bold 
purple square in Fig. A5), which installed a total of eight small-scale 
stations and three medium-scale stations. Fig. A6 and Table A3 (A4) 
present the performance metrics of soil moisture products over the 
selected 0.25◦ validation grid. Although different validation scales did 
not alter performance differences between soil moisture products (1◦

and 0.25◦ in this study), the error metrics calculated at the 0.25◦ grid 
were slightly worse, with smaller R and larger ubRMSE values compared 
to that at 1◦. 

In contrast to the satisfactory SMAP retrievals, the performance of 
SMOS products, which are also generated from L-band observations, was 
slightly inferior in the SMN-SDR. Larger radiometric error (about 4 K) 
and more RFI contamination lead to unstable SMOS retrievals, partic
ularly in China (Wigneron et al., 2021). Among the three SMOS prod
ucts, SMOS-IC had the best performance in terms of ubRMSE and R 
values because of some improvements in the algorithm and the appli
cation of an RFI filtering tool (Wigneron et al., 2021). The largest 
negative bias of SMOS-IC among all SMOS products was consistent with 
previous studies (Fernandez-Moran et al., 2017). Table A5 shows the 
comparison between FAO (the Food and Agriculture Organization) soil 
texture data (Nachtergaele et al., 2012) and ground-based soil texture 
measurements during the SMN-SDR maintenance in 2019. The com
parison result within SMN-SDR indicated that the FAO data tended to 
underestimate sand content with a negative median bias of − 26.72%, 
ranging from − 58.21% to 29.39%. The clay and silt contents derived 
from the FAO data were found to be overestimated with a positive 

median bias of 17.68% and 6.07%, respectively. This performance of 
FAO soil texture information was consistent with a previous study on the 
Tibetan Plateau (Xing et al., 2021). The underestimated sand content 
would lead to an overestimation of soil moisture. Therefore, the 
underestimated soil moisture by SMOS is not due to the uncertainty in 
soil texture, but to the underestimation of VOD and soil temperature 
within the SMN-SDR. 

The high-frequency passive microwave soil moisture products 
(AMSR2 and FY-3) did not obtain favorable results within the SMN-SDR. 
The C/X band shallow penetration depth, the possible RFI contamina
tion, errors in auxiliary information (such as LPRM temperature data, 
see Fig. A4), and the uncalibrated model parameters (such as the single 
scattering albedo and surface roughness) are likely the reasons for the 
low accuracy of the high-frequency passive microwave products. The 
penetration depth dependence on frequency is a possible reason for the 
different performance of three LPRM products, while different satellite 
overpassing times (Liu et al., 2021), the amount of available data (see 
Table 2), the localization accuracy, and radiometer stability are likely to 
cause the quality difference between three FY-3 products. 

The wetness of ASCAT within the SMN-SDR is in line with previous 
work (Morrison and Wagner, 2020; Zeng et al., 2015). The unit con
version (i.e., the accuracy of soil texture information) and active-sensor 
characteristics (i.e., the higher sensitivity to sub-surface heterogeneities 
and surface roughness) may cause the deviation of ASCAT (Brocca et al., 
2011; Morrison and Wagner, 2020; Wagner et al., 2013). It is worth 
noting that the relative trends in multi-source product performance re
flected by the raw soil moisture estimates and short-term anomalies 
were very similar (see Fig. 10). However, skill metrics of ASCAT short- 
term anomalies were improved compared with the raw soil moisture 
estimates, which were similar to SMOS and better than high-frequency 
passive products. This is likely due to the removal of seasonal vegeta
tion signals when soil moisture short-term anomalies are applied 
(Gruber et al., 2020). 

The performance of model-based products could suffer partly from 
the uncertainties of model structure, forcing inputs, and model param
eters (Chen et al., 2013). The capabilities of GLDAS-Noah and MERRA-2 
in predicting soil moisture dynamics within the SMN-SDR could be 
further refined by improving both the quality of meteorological forcing 
data and the soil property database (Beck et al., 2021). The mismatch 
between the depth of the model soil layer and the ground observation 
depth also contributes to the low scores of modeled soil moisture data
sets. The deeper layer soil moisture simulation (0–10 cm), compared to 
3-cm measurements, may be attributed to the worst skill metrics of the 
GLDAS-Noah product (Beck et al., 2021). Since in each grid, the model 
uses prescribed soil properties, vegetation data (such as leaf area index 
and the fraction of photosynthetically active radiation climatology), 
topography, and so on, the capability of representation of horizontal 
heterogeneity in each model also influence the soil moisture simulation 
skill. MERRA-2 has the coarsest resolution and produces ‘flat’ soil 
moisture with the smallest dynamics in the SMN-SDR. The resolution of 
ERA5-Land is around 10-km and its soil moisture varies considerably. 
Moreover, models generally use a prescribed vegetation data, being the 
vegetation climatology derived from AVHRR (the Advanced Very High 
Resolution Radiometer) or MODIS (the Moderate Resolution Imaging 
Spectroradiometer), which may contribute to the errors of soil moisture 
simulation. 

Some results that emphasize the advantages of multi-sensor merging 
technology were shown in Fig. 10, with CCI-combined having better 
performance, including the highest R and smallest ubRMSE values 
among all the evaluated products. However, the R values of CC- 
combined were slightly lower than SMAP, likely due to the uncer
tainty of the GLDAS-Noah model during the unit scaling and the TCA 
hypothetical destruction during the merging procedure (Kim et al., 
2020). 
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6. Conclusion 

Dense measuring networks are considered to provide the best 
possible reference data for grid-based soil moisture products. To provide 
long-term ground measurements for satellite- and model-based soil 
moisture products, a new soil moisture and temperature wireless sensor 
network (the SMN-SDR) was established within the Shandian River 
basin, consisting of 34 stations within an area of ~10,000 km2 and 
presenting a three-sampling-scale nested structure. This study is the first 
to evaluate and compare 24 different soil moisture datasets based on the 
in situ measurements from the SMM-SDR. The validation metrics were 
separately calculated for both raw soil moisture estimates and short- 
term anomalies. In addition, the moving block bootstrap re-sampling 
method was used to estimate the 90% confidence interval of ground- 
based metrics to eliminate sampling uncertainty. The main findings in 
this study were as follows: 

(1) Inter-comparison of soil moisture products within the SMN-SDR: 
The newly-released CCI-combined product (v06.1, merging extra SMAP 
retrievals) had the best performance among all the evaluated products, 
with the lowest ubRMSE (< 0.03 m3/m3), highest R (> 0.6), and close- 
to-zero bias. Although SMAP underestimates the ground measurements, 
it had the lowest ubRMSE (close to 0.04 m3/m3) along with the highest R 
values (> 0.6) among all the single-sensor products. Among the three 
retrieval algorithms of SMAP-L2, MDCA was slightly better than SCA-V 
(baseline algorithm for the beta release), while SCA-H had the largest 
error. The latest SMOS-IC had the lowest ubRMSE and bias among the 
three SMOS products. Conversely, the high-frequency passive micro
wave products (AMSR2 and FY-3), the active-sensor ASCAT, and three 
model-based products (ERA5-land, GLDAS-Noah, and MERRA2) did not 
get favorable results. 

(2) The performance of SMAP-IB within the SMN-SDR: This study is 
the first attempt to compare the recently developed SMAP-IB with other 
soil moisture products. The R (around 0.6) and ubRMSE (close to 0.04 
m3/m3) values of SMAP-IB were basically at the same level as SMAP. 
However, the improved bias metrics (and higher VOD values) of SMAP- 
IB compared with other drier SMAP products were very encouraging as 
they show the great potential of the SMAP-IB product development. 
Moreover, the feature of SMAP-IB not requiring any auxiliary data is key 
to developing products independent of additional information sources 
such as vegetation optical index and carrying out applications of SMAP 
L-VOD in monitoring vegetation dynamics. 

(3) The impact of local acquisition time: The ubRMSE values of 
SMOS and SMAP nighttime products (18:00) were small, while the R 
values of daytime products (06:00) were larger than nighttime. For high- 
frequency passive microwave retrievals, the nighttime products had 
higher R values in most cases. Obvious differences were not observed 
between the daytime and nighttime performance of ASCAT and three 
model-based products. 

(4) The impacts of VOD: The fact that SMAP and SMOS-IC under
estimated in situ measurements indicates that the vegetation correction 
(the smaller VOD values) might be a major factor causing the dryness of 
SMAP in the SMN-SDR. 

(5) Validation of TCA: The TCA-based metrics were generally very 
similar to the ground-based metrics (see Fig. 7 and A1), showing the 
feasibility of TCA for evaluating different soil moisture products without 
in situ information. Although the most conservative triplet collection (an 
active product, a passive product, and a model-based product) was 
applied, the TCA assumptions may still be undermined, caused by the 
depth mismatch between different soil moisture products or inevitable 
error cross-correlations. Averaging the TCA-based metrics of multiple 
freedom degrees is an effective method to reduce the uncertainty of a 
single TCA estimate. 

To eliminate the spatial-scale mismatch, both in situ measurements 
and grid-based soil moisture products were converted into areal average 
estimates within the SMN-SDR through the spatial match-up (see Sec
tion 3.1.2). Therefore, all the above evaluation results were based on 

regional scale comparisons, including the TCA estimates. The above 
analysis of TCA can be extended to pixel-scale evaluation to obtain more 
accurate error characteristics of soil moisture products on the satellite 
footprint scale. Investigating the error source of soil moisture retrievals 
is set on a basis that is more qualitative than quantitative in this study. 
Different ways such as sensitivity analysis of retrieval algorithms and/or 
applying the QCA method to calculate the error cross-correlations be
tween datasets may be able to provide quantitative evidence to promote 
the development of future soil moisture products and satellite missions. 

Data availability 

The recent two-year (01/09/2018 to 31/12/2020) in situ data are 
freely accessible online via the International Soil Moisture Network 
(https://ismn.geo.tuwien.ac.at/en/networks/?id=SMN-SDR) and the 
National Tibetan Plateau/Third Pole Environment Data Center (doi:1 
0.11888/Soil.tpdc.271425; doi:10.11888/Soil.tpdc.271434). The user 
guide document and metadata (including geographic location, eleva
tion, land use type, soil texture, site photographs, and calibration 
function of sensors, etc.) for interpretation of the SMN-SDR measure
ments are also available for download. Data collection of all stations 
within the SMN-SDR is ongoing with 15-min time steps. The subsequent 
data publishing will be completed in due course, with roughly a one- 
year period for data protection. 
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