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1  Introduction

Soil moisture (SM) is part of the hydrological cycle and 
the global water cycle (Seneviratne et al. 2010) among 
the 50 most important climate factors (GCOS-138 2010). 
Changes in SM can affect temperature anomalies (Fischer 
et al. 2007; Jaeger and Seneviratne 2011), weather and cli-
mate conditions (Entekhabi et al. 1996). In drought-prone 
areas, monitoring SM is very important as it can affect the 
water balance of agricultural crops (Dai 2011). SM is rep-
resented in different climate models, such as GFS (Zheng 
et al. 2018), ECMWF (Albergel et al. 2012), and ICON 
(Reinert et al. 2021). Furthermore, SM is also important 
input data in hydrological modeling (Saxe et al. 2021), soil-
water management (Dobriyal et al. 2012), soil-water profile 
modeling (Heathman et al. 2003), precipitation estimation 
(Pellarin et al. 2013) and drought analysis (Sheffield 2004; 
Kamalanandhini 2023). Understanding the spatial and 
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Abstract
16 different satellite soil moisture (SM) datasets (passive, active, combined, and model data) were compared at the 
European scale. We hypothesized that SM should be reflected by a variety of environmental factors, such as topography, 
hydroclimatology, soil characteristics, and biomass. Robust correlation was used to explore the relationship among the sat-
ellite data products, and the Recursive Feature Elimination method combined with the Random Forest Regression (RFR) 
algorithm was used to find the most important variables. Variations in SM-values were analyzed using extended triple 
collocation analysis (ETC), while the accuracy metrics of the RFR models were summarized through UMAP dimension 
reduction. The result showed that generally, correlations among the SM products were low (r < 0.5) with some excep-
tions. GLDAS had the weakest correlation with the other SM products. Using SM as the dependent variable in regression 
models, model testing showed that GLDAS’s SM was explained with the highest accuracy based on the Nash-Sutcliffe 
Efficiency (0.631), followed by the SMOPS (0.624). SSM demonstrated the lowest environmental influence (NSE: 0.288). 
Using UMAP, ETC, it was determined that SMOPS exhibited superior performance in terms of error variance and model 
accuracy; however, based on the ETC results, GRD.P was deemed the most suitable option. Results called the attention of 
varying SM values by products, being biased by various environmental factors and the applied technology of the satellites.
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temporal distribution of soil moisture (SM) values is crucial 
for optimizing irrigation practices, ultimately enhancing 
agricultural efficiency and augmenting crop yields (Hanson 
et al. 2000; Schmeller et al. 2022). The quantification of 
soil water content and moisture within distinct soil layers is 
essential for monitoring and estimation of evapotranspira-
tion (Zhang and Schilling 2006; Li et al. 2009; Musyimi et 
al. 2022). The reconstruction of temporal and spatial vari-
ability in SM, crucial for the optimal development of veg-
etation, significantly influences plant growth dynamics, as 
elucidated by studies such as those conducted by Kramer 
(1944) and Veihmeyer and Hendrickson (1950). The impor-
tance of SM in agriculture has been extensively studied and 
widely acknowledged, as evidenced by numerous recent 
investigations (Liao et al. 2021; Meng et al. 2021; Togn-
eri et al. 2022). Consequently, the scientific investigation 
of this phenomenon assumes paramount importance due to 
its fundamental role in ensuring food supply within agricul-
tural systems.

Various methodologies exist for assessing soil moisture 
(SM), with the gravimetric method (Mukhlisin et al. 2021) 
being the most prevalent. This approach involves measur-
ing SM through the drying and subsequent weight loss of 
soil samples, and its significance is underscored by its wide-
spread application for calibration purposes, as exemplified 
by (Reynolds 1970). Contemporary methodologies for SM 
measurement encompass a range of devices and sensors, 
including but not limited to tensiometers, granular matrix 
sensors, time domain reflectometry (TDR) equipment, fre-
quency domain reflectometry (FDR) equipment, and pro-
longed deployment SM measuring devices (Rasheed et al. 
2022; Moret-Fernández et al. 2022) such as VH400. These 
instruments are strategically embedded within specific soil 
layers for extended durations, facilitating the acquisition of 
frequent and precise SM measurements (Garg et al. 2016). 
International networks dedicated to SM measurement, such 
as the ISMN (International SM Network), comprise a total 
of 71 networks and 2842 stations, predominantly distrib-
uted in the northern hemisphere (Dorigo et al. 2021a), or 
domestic networks such as the Australian OzNet, CosmOz, 
OzFlux (Bhardwaj et al. 2022), the French SMOSMANIA 
(Soil Moisture Observing System - Meteorological Auto-
matic Network Integrated Application) (Calvet et al. 2007) 
or the Mongolian NAQU (NAQU Network) (Chen et al. 
2013). SM estimation can be achieved indirectly using vari-
ous sensors mounted on Unmanned Aerial Systems (UAS), 
including multispectral and thermal cameras, offering high-
resolution data over limited spatial extents. This method can 
be supplemented by gravimetric and TDR methods (Paruta 
et al. 2021). UAS-based measurements demonstrate effec-
tiveness when targeting small-scale field extents (Bertalan 

et al. 2022). Alternatively, for monitoring extensive areas 
satellite-derived data may prove more suitable.

Several methods exist for estimating SM using optical 
satellite data along with various spectral indices (Todd and 
Hoffer 1998; Ghasemloo et al. 2022), as well as multi-factor 
models like the OPTRAM model (Ambrosone et al. 2020; 
Babaeian et al. 2018; Li et al. 2021). However satellite data 
presents challenges, including occasional gaps resulting 
from satellite time drift (Wang et al. 2012) and limitations 
in spatial resolution. Some SM datasets exhibit spatial reso-
lutions as low as several tens of kilometers, as observed in 
studies by (Beck et al. 2021; Zheng et al. 2022; Bhardwaj 
et al. 2022; Liu et al. 2012b). Despite these drawbacks, the 
advantage lies in the extensive temporal coverage and global 
spatial representation, enabling a comprehensive overview 
of SM variation on the global scale.

SM assessment can be conducted using either active or 
passive sensors too. In vegetated areas, passive remote sens-
ing exhibits a greater diminution of sensitivity compared to 
scattering models, with active remote sensing proving more 
resilient in this context, as elucidated by (Fung and Eom 
1985). Du et al. (2000) conducted a comprehensive study 
utilizing both scattering and emission models, incorporat-
ing both L-band passive and active methodologies. Their 
findings indicate that radiometric sensitivity decreases with 
increasing vegetation thickness concerning SM. Further-
more, both radiometric and radar sensitivity showed com-
parable reductions with increasing vegetation thickness 
on bare soil surfaces. Additionally, the angle of incidence 
during measurement emerges as a factor influencing the 
uncertainty in active SM measurement (Crow et al. 2010). 
In radar-based SM measurements, the impact of surface 
roughness is a critical consideration, affecting backscatter-
ing. Consequently, when parameterizing SM data obtained 
through radar, incorporating a correction for roughness 
becomes imperative to mitigate uncertainties in the SM val-
ues (Jackson et al. 1997; Mira et al. 2022; Zheng et al. 2021; 
Verhoest et al. 2008).

The determination of SM is subject to modification by a 
number of influencing factors, including the hydrological 
properties of the soil, i.e., the spatial movement and vertical 
position of groundwater, exerting an impact on both the SM 
within the root zone and surface evapotranspiration (Chen 
and Hu 2004; Blanka-Végi et al. 2025). SM dynamics are 
also influenced by vegetation, with grasslands exhibiting 
decreased SM due to evapotranspiration (Zhang and Schil-
ling 2006). In vegetated areas, the accuracy of radar read-
ings is constrained when SM values fall below 50%, while 
within the range of 50–150%, an observed error of ± 15% 
occurs in 90% of cases (Ulaby et al. 1982). Spatial variation 
in SM, as detailed by (Wang et al. 2018), correlates with 
spatial fluctuations in plant cover. An inverse relationship 
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between temperature and SM variation was described by 
the study of Lakshmi et al. (2003), which observed that SM 
decreases with rising temperature post-precipitation. Yang 
et al. (2022) concluded that precipitation significantly influ-
ences SM replenishment in Xinjiang based on data obtained 
between 1985 and 2015. In addition, (Kerr 2007) under-
scored the complexity of satellite-based SM measurements 
in the context of frozen ground surfaces, topography, urban 
areas, trees, and vegetation that absorbs precipitation.

The considerations of accuracy and validation are piv-
otal, given the impact on the usability of such data. Typi-
cally, accuracy testing and validation involve comparisons 
with in-situ networks and other SM datasets (Qiu et al. 2016; 
Holgate et al. 2016; Ford and Quiring 2019; Ma et al. 2019; 
Mazzariello et al. 2023). Despite the abundance of satellite-
based SM information, validation encounters challenges 
related to resolution. Spatial resolutions of 1–5 km products 
cover extensive areas (Sure and Dikshit 2022; Zhang et al. 
2023), and a ground monitoring network reliant on point-
based measurements may not accurately represent values 
applicable to larger scales, such as 100-500-2500 hectares. 
While large homogenous areas can yield acceptable data, 
identifying suitable land segments in the necessary quan-
tity for evaluation can still be challenging. Accordingly, 
the temporal aspect is also crucial, particularly when sur-
face SM undergoes rapid changes in warm weather condi-
tions with clear skies. All satellite products are validated, 
with numerous studies presenting accuracies, but the use of 
multiple products to characterize the SM of a specific area 
may yield varying results. This raises the question of which 
product aligns more closely with the real SM. Over the past 
decade, numerous SM products have been developed and 
operated, prompting several comparative analyses among 
these datasets. However, such analyses typically involve the 
comparison of only 2–3 products. The comparison of dif-
ferent SM data is of importance, necessitating a thorough 
assessment of errors or uncertainties before their appropri-
ate utilization. Accordingly, a comprehensive comparison of 
existing satellite-derived SM products becomes paramount, 
particularly in evaluating values, seasonal dependencies and 
their influence on topography, climatic conditions and soil 
variables.

We performed a comparison among several satellite SM 
products on a continental scale, addressing the following 
hypotheses. We assumed that (i) SM values should exhibit 
similarly across different SM products, (ii) SM values 
should reflect environmental factors such as climatic region, 
meteorological factors, topographic features, soil proper-
ties, and biomass. Accordingly, we compared the SM datas-
ets and modeled SM across Europe, expecting that modelled 
SM would demonstrate a high explained variance with low 
model errors. Our hypothesis suggested that environmental 

factors, when employed as predictors in a modeling frame-
work, should ensure a good fit with the SM as the target vari-
able. Specifically, higher R2 and lower Root Mean Square 
Error (RMSE) indicate good response, which consequently 
reflects the reliability of the SM data. We hypothesized that 
a multivariate evaluation of accuracy metrics aligns with the 
error variance derived from triple collocation analysis.

2  Materials and Methods

2.1  Study Area

Europe was selected as the study area (Fig. 1), due to the 
necessity of a continental scale for unveiling the spatial pat-
terns of the SM, driven by the typically low spatial resolu-
tion of the datasets (1–25 km; Supplement 1). Furthermore, 
the diverse topography and climate across Europe were con-
sidered, with the expectation that these variations would be 
manifest in the observed SM values.

2.2  Satellite Data

We incorporated 16 distinct SM data products in the analy-
sis, each characterized by unique features (Supplement 1). 
SM products AMSR2, ESA, and GRD had three variations 
each, therefore, finally, we evaluated 16 products. For all 
instances, the data were obtained for, focusing on the veg-
etation period, 01.04.2020, 01.06.2020, and 01.08.2020 or 
the nearest available date with optimal spatial resolution. 
Additionally, surface SM data was captured within the top 
5–10 cm, depending on the specific product.

2.3  Datasets

2.3.1  Active Microwave Products

The SSM (Surface Soil Moisture) data product was derived 
using Sentinel-1 satellite data (Bauer-Marschallinger et al. 
2017, 2018; Doubkova et al. 2016). The estimated relative 
SM values are expressed as a percentage ranging from 0 to 
100% in terms of saturation. It should be noted that the SSM 
is not capable of accurately quantifying SM in regions char-
acterized by extremely dry conditions, frozen ground, snow-
covered ground, dense vegetation, and flooding. However, 
it is deemed suitable for application in areas devoid of frost 
and snow, featuring low vegetation, and areas exhibiting 
minimal relief (Bauer-Marschallinger 2019).
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BEC and SMOS.IC data are subdivided into ascending 
and descending datasets. For AMSR2, SMAP and SMOS.
BEC, the utilization of brightness temperature, vegetation, 
land surface temperature, or soil temperature parameters is 
common (Kim et al. 2015; Portal et al. 2017; O’Neill et al. 
2020). The SMAP L2/L3 algorithm incorporates soil tex-
ture, water, forest, urban, upland, and land masks in its pro-
cessing (O’Neill et al. 2020).

2.3.3  Combined Products

The ESA CCI (ESA Climate Change Initiative Program) 
and Gridded Data combine three types of data, active, pas-
sive, and combined (Dorigo et al. 2015, 2021b; Gruber et 
al. 2019). The SMOPS (Soil Moisture Operational Products 
System) is composed of several components (ESA SMOS, 
ASCAT, AMSR2, SMAP), which are available separately 
or as a combined layer (Liu et al. 2016; Yin et al. 2022). 
The ESA CCI and Gridded Data repositories incorporate 
multiple types of SM datasets, exhibiting considerable 
similarities. Both repositories calculate data from a range of 
sources, including ASCAT, AMI-WS, AMSR-E, AMSR2, 

2.3.2  Passive Microwave Products

The AMSR2 sensor (Advanced Microwave Scanning Radi-
ometer 2), is the decessor of the AMSR-E sensor (Bhard-
waj et al. 2022; Kim et al. 2015). The SMAP (Soil Moisture 
Active Passive) satellite primarily serves the purpose of 
monitoring SM and detecting frozen/thawed surfaces. While 
equipped with both a radiometer and a radar, it is notewor-
thy that the radar component experienced a malfunction in 
July 2015. Consequently, the radar data has been substituted 
with data obtained from the Sentinel-1 satellite (Collian-
der et al. 2017). SMOS (Soil Moisture and Ocean Salin-
ity) provides data for SM and ocean surface salinity studies 
through its radiometer (Bhardwaj et al. 2022). SMOS-IC 
(INRA-CESBIO) is a product that includes L-band vegeta-
tion optical depth supplementary data (Fernandez-Moran et 
al. 2017; Wigneron et al. 2021). In the case of AMSR2 data, 
we utilized the Land Parameter Retrieval Model (LPRM) 
algorithm (Kim et al. 2016; Owe et al. 2008), derived from 
SMAP L3 level data, involves fusion into a two-layer Palmer 
model, and Ensemble Kalman Filter is employed for data 
assimilation (Sazib et al. 2022). Both AMSR2 and SMOS.

Fig. 1  Topography and distribution of random sampling points within the study area
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AMSR2 and concluded that in ascending mode, the X-band 
data gave better results than the C1 and C2 band data. The 
accuracy target for AMSR2 is a value is less than 0.08 m3/
m3. This value was between 0.07 for the X band and 0.07 
and 0.09 for the C bands (Yee et al. 2017). For AMSR2 data, 
it was found that it cannot detect low SM values well (Unni-
krishnan et al. 2016).

The fundamental objective of the SMAP project is to 
estimate the SM value for the upper 5 cm of soil, aiming 
for a volumetric error of not exceeding 0.04 cm3/cm3. This 
expectation holds, with exceptions for areas characterized 
by vegetation with water content exceeding 5 kg/m2, urban 
areas, mountainous, frozen, snow- and ice-covered areas, 
as well as water surfaces (O’Neill et al. 2010). Based on 
the analysis of data from the core validation sites, SMAP 
PE (Enhanced radiometer-based) and P (Radiometer-based) 
yielded average unbiased Root Mean Square Deviation 
(ubRMSD) results below 0.04 m3/m3, even under different 
algorithms (Colliander et al. 2022).

The L3 and L4 level products of SMOS.BEC underwent 
an examination in representative regions of Spain and Brazil, 
wherein they were compared with data from the REMED-
HUS and CEMADEN in-situ measurement networks within 
semi-arid contexts. SMOS. BEC L4 data show correlation 
values surpassing 0.6, a trend mirrored in L3 data as well 
(Spatafora et al. 2020). In the case of SMOS.IC Version 2 
validation was performed using modelled ECMWF SM val-
ues, the SMOSMANIA, and ORACLE network values. The 
overall value of ubRMSD was 0.055 m3/m3 (Li et al. 2020).

In terms of accuracy assessment, the combined ESA CCI 
v6.1 and v5.2 data have been validated with ERA5 SM 
data spanning the period 2007–2019. The outcomes reveal 
relatively low correlation values for northern latitudes and 
areas characterized by bare soils (Scanlon 2021). The com-
bined ESA CCI v6.1 and v5.2 data compared to the ISMN 
(International Soil Moisture Network) data show correlation 
coefficient values of 0.613 (v5.2) and 0.644 (v6.1), for the 
active data it is 0.487 (v5.2), 0.554 (v6.1), for the passive 
data it is 0.599 (v5.2), 0.618 (v6.1) (Hirschi et al. 2021). 
In terms of accuracy, the SMOPS, in its current version 
(version 3.0) exhibits an average ubRMSE of 0.059 m3/m3, 
validated against SCAN SM values (Yin et al. 2020). In an 
independent accuracy assessment, Gridded Data underwent 
comparison with in-situ SM data, considering the different 
conditions. The correlations between the datasets generally 
exceeded 0.4 and 0.8. In terms of accuracy, the ubRMSD 
remains below 0.10 m3/m3 for all conditions tested. How-
ever, it is noteworthy that the anticipated accuracy target of 
0.04 m3/m3 is not consistently achieved across all conditions 
(Dorigo et al. 2021c). The performance of ERA5-Land has 
been tested in several sample areas, i.e., European, African, 
and Australian sample areas, and it has been concluded that 

GLDAS, SMAP, SMOS, SMMR, SSM/I, TMI, and Wind-
Sat. Moreover, ESA CCI uses GMI, and MWRI data, while 
Gridded Data incorporates GLWD, GTOPO30, and ISMN 
data. Regions with data gaps or limited data availability, 
areas typically observed in rainforests, and areas covered by 
snow. To address this Gridded Data employs a snow cover 
estimator or frozen ground layer is used as supplementary 
data (Dorigo et al. 2021b; Scanlon et al. 2021). In contrast, 
the SMOPS utilizes various inputs, including soil texture, 
surface cover data, NRT SMOS L1C brightness tempera-
ture, and NDVI values, among others (Zhan et al. 2016).

2.3.4  Model Product

The GLDAS (Global Land Data Assimilation System) inte-
grates satellite data and ground observations, employing 
three land surface models: Mosaic, Noah, CLM, and VIC 
(Spennemann et al. 2015). The model incorporates various 
influencing factors, including vegetation data, elevation, 
Leaf Area Index, and several soil parameters such as tex-
ture, soil porosity, soil color, and fractions of clay, sand, and 
silt. SM measurements are conducted in multiple soil lay-
ers, spanning both the surface and the root zone, expressed 
in units of kg/m2 (Rodell et al. 2004; Sun et al. 2022). 
ERA5-Land is the 5th generation land product of European 
ReAnalysis, from the Copernicus Climate Change Service. 
ERA5-Land is produced using the ECMWF climate model 
and therefore includes a significant number of variables in 
addition to the volumetric soil water layers, i.e. evaporation, 
precipitation, surface pressure, leaf area index, temperature, 
and wind parameters (Copernicus Climate Change Service 
2019; Diouf et al. 2020; Muñoz-Sabater et al. 2021).

2.4  SM Data Accuracy

SSM was compared with the absolute SM content obtained 
at in-situ measurement stations. For the results, the target 
accuracy is 0.04 m3/m3 but this was achieved only in 2 
cases by SSM (Bauer-Marschallinger 2018). A low agree-
ment between the reference data from the stations and the 
SSM values was observed, i.e. median R = 0.29 and mean 
RMSD (Root Mean Square Deviation) = 0.088 m3/m3 
(Bauer-Marschallinger et al. 2019). Wen et al. (2014) con-
cluded that the accuracy of GLDAS Noah, for the top 10 cm 
of soil, was overestimated compared to the CEOP Mongo-
lian network data, with RMSE = 0.132. Based on the NAQU 
Network concluded in the lower soil layers (10–40 cm), the 
land surface models of GLDAS Noah and CLM represent 
the moisture well but underestimate the surface SM. In this 
case, the RMSE varies from 0.02 to 0.14 m3/m3 depend-
ing on the depth and land surface model (Chen et al. 2013). 
Seongkyun et al. (2016) examined the different bands of 
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involved data. Consequently, 1,454 random points were 
generated (Fig.  2). Subsequently, each SM dataset was 
converted to m3/m3 as a standardized unit. The distribution 
of random points aligned with the Köppen-Geiger climate 
classification yielding the following counts: B:73, C:569, 
D:765, E:47. Similarly, with respect to DEM categories, the 
points are distributed among plains: 669, hills: 421, moun-
tains: 340, high mountains: 24. The number of points rep-
resented the extent of climatic zones and topography, and 
were the basis of generating a dataset, extracting the pixel 
values of the given locations from the maps of the SM-prod-
ucts and environmental factors.

2.7  Comparison and Statistical Modeling

2.7.1  Comparison of the Satellite SM Data

According to the Shapiro-Wilk test, the SM data usually 
did not follow the normal distribution; thus, we used the 
robust Winsorized Pearson correlation coefficient to reveal 
the relationship between the satellite SM source pairs (using 
5% for trimming the outliers) (Dunn and Smyth 2018) using 

ERA5-Land performs better than ERA5 (Muñoz-Sabater et 
al. 2021).

2.5  Environmental Factors

We employed a modeling approach to estimate SM values, 
incorporating environmental factors such as climatic, soil, 
and topographic factors, along with biomass considerations. 
The following factors were considered in the models: cli-
mate factors (sum of precipitation and temperature 1–7 days 
prior to the date of data collection, mean maximum temper-
ature 1–7 days prior to the date of data collection, Köppen 
climatic regions), soil-related factors (water content, soil 
texture, sand content, clay content), topographic factors (13 
geomorphometric indices and topographic categories); and 
the NDVI (for details see (Supplement 2).

2.6  Data Processing

For data analysis, random points were generated across 
Europe, ensuring a minimum distance of 25  km between 
each point, justified by the coarsest spatial resolution of the 

Fig. 2  Map of Köppen-Geiger climate classification with the random points

 

1 3

806



Soil Moisture Satellite Data Under Scrutiny: Assessing Accuracy Through Environmental Proxies and Extended…

variables. Random sampling (bagging) in the training of the 
RFR model ensures avoidance of over-fitting.

Recursive Feature Elimination (RFE) was used to find 
the most important variables (selected predictors) combined 
with the RFR algorithm. Although RFR efficiently handles 
a large number of variables, it is advantageous to reduce 
the input variables, because it helps to eliminate the irrel-
evant and redundant variables, as well as to identify the 
most important ones. Some variables can act as noise in the 
models, therefore decreasing the model performance. RFE 
conducts models dropping the variable with the weakest 
contribution; finally, only one variable, having the largest 
contribution, remains. Most important variables are selected 
using an accuracy metric (depending on the tasks was a 
classification or regression), now we determined the most 
important input data using the lowest Root Mean Square 
Error (RMSE) (Chai and Draxler 2014).

During the modeling phase, we applied the RFR because 
of its efficiency and robustness (Forkuor et al. 2017; Liu 
et al. 2012a), and the input variables were the most impor-
tant ones determined by the RFE for each SM product. RFR 
models were trained with 500 decision trees with random 
subsets of the training data. A hyperparameter tuning was 
performed with the number of variables at each node (mtry: 
from 1 to 20) with grid search within a 10-fold cross-vali-
dation (CV) with 3 repetitions. The final model was aver-
aged and provided a better output than a single decision tree 
(Fig. 3). RFE and RFR model building was conducted in R 
4.3.2  with the caret package (Kuhn 2008).

2.7.2  Model Evaluation

Our objective was to elucidate the structure of the most 
influential factors in remotely sensed SM data. Data were 
randomly split into training and testing subsets in 70:30% 
ratio with stratified random selection by climatic zones. The 
RFR was conducted on the training subset, then the model 
was applied to predict SM values with the testing subset.

First, we evaluated the minimums, lower quartiles, medi-
ans, upper quartiles, and maximums of the 30 models, the 
outputs of the model building with the CV method. Accu-
racy parameters were determined with the caret package of 
the R 4.3.2 (Kuhn 2008). For comparison with the literature, 
we also calculated the unbiased RMSE (ubRMSE) values of 
the models (Yang et al. 2020).

Independent testing with the testing subset was evalu-
ated by the modelled and the observed values. Weighted R2 
(wR2: weighted with gradient b), RMSE, ubRMSE, normal-
ized RMSE (NMRSE), the Nash-Sutcliffe Efficiency (NSE), 
and the Kling-Gupta Efficiency (KGE) were determined to 
evaluate the accuracy. Accuracy metrics were determined 

the ggstatsplot (Patil 2021) package in R. Correlation matri-
ces of SM products were compared with the Mantel test by 
Köppen and topographic zones, and by dates of data collec-
tion (Bakker 2024).

Assuming that the SM products had independent errors, 
we employed the Triple Collocation Analysis (TCA) to 
estimate the variance of noise error (errVar). To obtain the 
desired results, we utilized the Extended Triple Colloca-
tion (ETC), a modified version developed by McColl et 
al. (2014). ETC calculates both errVar and an additional 
measure, the squared correlation to the unknown (i.e., con-
ceptual) true values (rho2), as a scaled, unbiased signal-
to-noise ratio. We rebuilt the original Matlab code in the 
R environment and extended it to process any number of 
input variables. By forming triplets from the input variables 
in all possible combinations, we calculated the errVar and 
rho2 values. In our case, with 16 SM products, we had 560 
variations. The results were summarized by mean SMs in 
diagrams where favorable outcomes exhibited low Mean_
errVar (mean error variance) indicating low random error 
(consistency), and high Mean_rho2 (mean rho2s) indicating 
low signal-to-noise error.

To evaluate the spatiotemporal significance of the data, 
we employed General Linear Modeling (GLM), incorpo-
rating the ‘northing’ and ‘easting’ coordinates as spatial 
parameters and the dates (April, June, August) to determine 
the relevance of the location and the date of data collec-
tion. In addition to statistical significance, we calculated 
the effect sizes (ω2 as a standardized measure to express the 
magnitude of the effect) and adjusted R2s (modified by the 
number of predictors) in R. ω2 is the less biased measure of 
the effect size in GLMs (Lakens 2013), and values of 0.01 
can be considered as small, 0.06 as medium, and > 0.14 as a 
large effect (Field 2013).

Modelling was performed with the satellite SM sources 
(i.e., as target variables with the predictors of topographic 
variables, the Köppen climatic regions, NDVI, climatic and 
soil variables (according to Supplement 2). However, due 
to the high correlation of meteorological variables, first, we 
filtered out one of the most correlating pairs of predictors 
(SM values against the climatic variables), and finally, we 
used only the maximum temperature (sum of 7 days) and 
the precipitation of the previous day.

Random Forest Regression is a robust ensemble method 
in machine learning, and, unlike linear regression, there are 
no assumptions of normal distribution and homoscedastic-
ity, making it a robust method. Several decision trees (usu-
ally hundreds) are being built parallel and each random 
tree uses a randomly chosen fraction of the training data-
set. Furthermore, the variables involved in a given tree are 
also randomly chosen; the number of variables can be set 
by hyperparameter tuning or using the square root of all 
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3  Results

3.1  Analysis of SM Datasets

The SSM produced the highest values (0.69–0.82 m3/m3) 
for the medians for the relief categories, except for the high 
mountain category, where AMSR.C1 (0.79 m3/m3) showed 
the maximum medians (Fig. 4). Concerning median values, 
SMOS.IC exhibited the minimum for plain (0.08 m3/m3), 
mountains (0.05 m3/m3), and high mountains (0 m3/m3), 
while SMAP (0.06 m3/m3) recorded the minimum for hills. 
Analyzing the interquartile range (IQR), the widest ranges 
were found in all four cases for AMSR.X (0.41 m3/m3) for 
plains, 0.5 m3/m3 for hills, 0.48 m3/m3 for mountains and 
0.78 m3/m3 for high mountains. Notably, combined data 
dominated for minimum values, with SMOPS (0.03 m3/m3) 
for the hills, GRD.C (0.04 m3/m3) for the mountains, GRD.P 
(0.04 m3/m3) as the passive data value for the plains, and 
SSM as the active data and SMOS.IC as the passive data (0 
m3/m3) for the high mountains. In the comparison of relief 

with the hidroGOF package of R (Mauricio Zambrano-Big-
iarini 2024).

Lastly, we evaluated six different metrics for ranking 
the SM products, so we utilized a multivariate analysis to 
provide an overall synthesis of how these metrics contrib-
ute to the accuracy of the models collectively. To achieve 
this, we employed a multivariate model-based evaluation 
approach, which is a robust non-linear method, and the Uni-
form Manifold Approximation and Projection (UMAP) for 
dimensionality reduction. Prior to conducting the analysis, 
we normalized the accuracy metrics and set the number of 
neighbors to five to maintain the local structure of the data 
and investigate the clusters and patterns of the SM products. 
We subsequently visualized the results using UMAP, which 
was performed using the umap package in R (Konopka 
2023).

Fig. 3  Workflow of the SM product analysis and evaluation (ETC: Extended Triple Collocation; errVar: error variance, rho2: correlation coef-
ficient, RFR: Random Forest Regression, UMAP: Uniform Manifold Approximation and Projection, Dim: dimension)
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mountains and climatic zones B and C. In the cases of cli-
matic zone E and high mountains, the dataset contained a 
relatively small number of elements, resulting in variations 
in the IQR of SM data.

Regarding the standard deviations of the medians across 
each category (Table 1), the optimal outcomes within zone 
C were observed for plains (0.066) and hills (0.082). Con-
versely, the least favorable results were noted in the high 
mountains category (B:0.181, D:0.211).

categories, medians displayed similar ranges across all four 
cases, whereas the high mountains exhibited a higher vari-
ance in the IQR.

In terms of the Köppen climate classes, the maxima of 
the medians were identified in three cases for SSM (B: 0.82 
m3/m3; C: 0.51 m3/m3; E: 0.76 m3/m3) and in one cases for 
AMSR.C1 (D: 0. 79 m3/m3), while the minimum values 
were obtained by SMOS.IC (B: 0.03 m3/m3; D: 0 m3/m3 ) 
and SMOS.BEC (C: 0.07 m3/m3; E: 0.08 m3/m3). Regarding 
the IQR, the largest ranges were recorded in two cases by 
AMSR.X (D: 0.78 m3/m3; E: 0.5 m3/m3), while AMSR.C2 
(0.54 m3/m3) in zone C and GRD.A (0.44 m3/m3) in zone 
B. Furthermore, for the minimum values, SMOPS (D: 0.03 
m3/m3; E: 0.03 m3/m3) appears twice, the SSM and SMOS.
IC (0 m3/m3) appears once in zone B and SMOS.BEC (0.04 
m3/m3) once in climate zone C. For climate zones B and E, 
SSM was more significantly differentiated from the other 
models. The IQRs in zone D cover a significantly larger 
range than for the other three classes. Outliers are pres-
ent in nearly all instances, with exceptions noted for high 

Table 1  Standard deviation of the median SMs (m3/m3)
Plain Hill Mountain High mountain

B 0.139 0.165 0.149 0.181
C 0.066 0.082 0.103 0.113
D 0.102 0.117 0.117 0.211
E 0.143 0.128 0.129 0.113

Fig. 4  The distribution of data from the SM sensors used
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3.3  Correlations among the SM Data

The correlation analyses revealed instances of high corre-
lation in only a few cases (Fig.  5), without exceptionally 
strong relationship in any of the cases. The closest relation-
ship was observed for ESA.C and GRD.C (0.82) and ESA.P 
and GRD.P (0.8). Additional correlation values around 0.7 
were noted between AMSR.C1 and AMSR.C2, AMSR.C2 
and AMSR.X as well as ESA.A and GRD.A.

Values around 0.6 appeared for AMSR.X and AMSR.C1, 
GLDAS and ESA.C, GLDAS and SMAP, GRD.A and SSM. 
In other cases, lower correlation values were typical. The 
lowest correlation values were obtained for GLDAS, with 
0.07 and 0.11.

3.2  SM-values as Reflected in Spatiotemporal 
Parameters

The GLM indicated that both the date of data collection and 
the location had a significant impact on all SM products. 
Furthermore, the effect sizes varied. The easting, or the east-
west situation of the sampling points, had only a small (or 
even negligible) effect with all SM products, with a negligi-
ble effect size of less than 0.005. In contrast, the northing, or 
the north-south situation, had the largest effect sizes among 
all the products, including ESA.P, SMPOS, and SMOS.
BEC, and SMOS.IC. The date had a significant effect on 
AMSR.X and SMAP, with the largest effect sizes among all 
the factors. Notably, GLDAS was the only product with an 
effect size of less than 0.13 for both the date and the north-
ing, as indicated in Supplement 3.

Fig. 5  Correlation structure between the SM products
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highest values were between 0.20 and 0.25 m3/m3 (AMSR.
C1, AMSR.C2, AMSR.X, and SSM). For R2, the low-
est medians were revealed for SSM (0.25) and AMSR.C2 
(0.29), while the highest ones belonged to the SMAP with 
a value of 0.63, GLDAS with 0.62 and SMOPS with 0.59 
(Fig. 7).

In addition, an examination of the relationship between 
resultant and observed values was conducted. This analysis 
utilized metrics including nRMSE (Normalized Root Mean 
Square Error), ubRMSE, Kling-Gupta Efficiency (KGE), 
Nash-Sutcliffe Efficiency (NSE) and weighted R2 (wR2) 
(Fig.  8). The better performance of the model is charac-
terized by the smallest nRMSE and ubRMSE values. The 
smallest nRMSE values were obtained for GLDAS (60.7), 
SMOPS (61.2) and SMAP (61.5), and for ubRMSE for 
SMOPS (0.03), ESA.C, GRD.C and GLDAS (0.04). The 
evaluation of model performance entailed the normalized 
assessment of NSE, while model efficiency was gauged 
using the KGE metric, and the model fit was tested using 
wR2. Notably, superior outcomes were consistently asso-
ciated with the SMOPS model (KGE: 0.640, NSE: 0.624, 
wR2: 0.612), GLDAS model (KGE: 0.691, NSE: 0.631, 
wR2: 0.614) and SMAP model (KGE: 0.673, NSE: 0.621, 
wR2: 0.549). Conversely, inferior results were observed for 
SSM (KGE: 0.263, NSE: 0.288, wR2: 0.236).

3.6  Accuracy Metrics and Triple Collocation

UMAP identified three clusters of the SM products, as indi-
cated by the accuracy metrics (Fig. 8). The most accurate 
group comprised GLDAS, SMAP, SMOPS, GRD.P, and 
ERA5, while GRD.C, SMOS.BEC, and ESA.C were clas-
sified as the transition cluster. The lowest accuracy group 
consisted of AMSR.C1, AMSR.C2, ESA.A, ESA.P, SMOS.
IC, GRD.A, and SSM, as shown in Fig. 9. It is worth noting 
that no discernible pattern was evident within the clusters 
based on the type of SM data.

3.4  The Correlations of SMs by the Köppen-Geiger 
Categories

Correlation exceeding 0.9 (Supplement 4) were observed 
only in the case of GRD.C and ESA.C (0.9) within zone 
B. Correlation values surpassing 0.8 were most prevalent in 
climate zone B (primarily involving ERA5, ESA.C, ESA.P, 
GRD.P, GRD.C, SMAP and SMOPS variations), followed 
by zone C (also for ESA.P and GRD.P, GRD.C, and ESA.C), 
and subsequently in zone D (with only one case: ESA.P 
and GRD.P). In zone E, there were 28 significant relation-
ships out of 120 cases, primarily between ESA and GRD 
variations, with the highest correlation coefficient (r > 0.75) 
observed for GRD.P and ESA.P, SMOS.IC and SMOS.BEC. 
However, the strength of each relationship diminished. Con-
currently, there was a rise in the number of low correlation 
values, signifying minimal or no relationship between SM 
data in many cases. The majority of the non-significant val-
ues were identified in zone E (due to lower number of data), 
while only a few occurrences in other zones.

Based on the Mantel test, correlation matrices had vary-
ing relationships (Fig.  6). We compared the correlations 
based on the Köppen climate zones, topography, and dates. 
The Mantel test showed differences, especially in the case 
of ET and the high mountains having low similarities with 
the other zones. B, C, and D climate zones had moderate or 
higher similarities, while plains, hills, and mountains cor-
relation matrices were of high similarities. Regarding the 
dates, April and August had only moderate similarity, while 
matrices of June and August and April and June had high 
similarities.

3.5  Structural Analysis of Environmental Factors as 
Covariates

RF models resulted in different accuracies by SM prod-
ucts, the lowest RMSE values were obtained for GLDAS, 
SMOPS, GRD.C, and ESA.C just below 0.05 m3/m3. The 

Fig. 6  Results of Mantel tests performed on the correlation matrices of the 16 SM products by Köppen and topographical zones, and dates
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the ETC analysis. Additionally, GRD.A fell into the low-
performance cluster of the model-based evaluation and had 
the second highest Mean\_rho2 and highest Mean_errVar.

Furthermore, we quantified the correlations among the 
ETC and model-based metrics (Fig. 12). Mean error vari-
ances (errVar) had strong correlations with the RMSE 
(0.90), ubRMSE (0.90), wR2 (-0.75), UMAP dimension 
(0.73), NSE (-0.66), and moderate relationship with the 
KGE (-0.54). The standard error of the errVar was in strong 
correlation with the RMSE and ubRMSE (0.76), and the 
UMAP dimensions (0.66 and 0.60).

3.7  Key Environmental Factors of the Models

During the modeling phase, the order of input environ-
mental factors and their corresponding median values for 
R2 (Table  2) were determined for each SM product. The 
selection of environmental factors for each model was 
determined based on the results of 16 models. Both precipi-
tation (sum of one day) and maximum temperature (sum for 
the preceding seven days) were included in the predictors 
in each model, being selected 16 times out of 16 models. 
The Köppen-Geiger class was also a primary factor in 15 
out of 16 cases. Additionally, the MODIS NDVI index and 

Most favorable errVars belonged to ERA5, GLDAS, 
SMOPS, and GRD.C SM products, having the lowest val-
ues with the smallest IQRs, indicating the stability of the 
given product against all others (Fig. 10).

For rho2s, all strong correlations had large IQRs, indicat-
ing that SM products had varying relations in the triplets of 
the ETC analysis. GRD.P had the largest correlations, with 
a median of 0.64, followed by the GRD.A with a median of 
0.51. SMOPS’s median was slightly smaller (rho2 = 0.47). 
Rho2 was 0.34 for SMAP, meaning 0.58 as a correlation 
coefficient, but it is still relevant among the SM products 
(Fig. 11).

Considering both ETC measures, the largest Mean_rho2 
and lowest Mean_errVar indicated superior performance, 
and there were discrepancies, i.e., rank was different by the 
two metrics: GRD.P, GRD.C, and SMOPS can be consid-
ered the best, while SMAP and ERA5, although having low 
Mean_errVar, had lower Mean_rho2 values (Fig. 9), were 
still in the acceptable range.

We compared the ETC and the model-based metrics and 
the largest discrepancies were observed for GLDAS and 
GRD.A data. While GLDAS generally performed well in 
the model-based accuracy metrics, its performance was only 
considered acceptable based on the Mean_errVar metric in 

Fig. 7  Comparison of RMSE and R2 values in perspective of the datasets

 

1 3

812



Soil Moisture Satellite Data Under Scrutiny: Assessing Accuracy Through Environmental Proxies and Extended…

4  Discussion

4.1  Differences of SM Data by Satellite Products

We found that the highest IQR of SMs (0.41–0.78 m3/m3) 
belonged to AMSR.X and AMSR.C2 except in one case 
where the GRD.A had the highest IQR. Conversely, the 
smallest IQRs (0–0.04 m3/m3) were observed for SSM, 
GRD.P, SMOS.IC, SMOS.BEC, GRD.C and SMOPS. 
The standard deviation between the medians within each 

topographic categories (i.e., EUDEM.CODE) were fre-
quently selected predictors, being selected in 12 out of 16 
and 11 out of 16 models, respectively. Additionally, fac-
tors related to field water capacity, soil texture, and certain 
DEM-derived topographic factors were present with vary-
ing levels of importance.

Fig. 8  nRMSE (%), ubRMSE (m3/m3), KGE, NSE and wR2 values of SM products
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The best correlations were obtained for ESA.P and GRD.P, 
ESA.C and GRD.C. This result can be attributed to the sub-
stantial similarity between the ESA and GRD datasets, with 
the distinction that ESA also incorporates GMI, MWRI data, 
while GRD uses GLWD, GTOPO30, ISMN data (Dorigo et 
al. 2021b; Scanlon et al. 2021). Ray et al. (2017) investi-
gated the dry and wet days using the data of SMOS (from 
Barcelona Expert Centre), AMSR2, and SMAP, and found 
that over the period 2010–2016, the correlation of SMOS-
SMAP ranged from 0.66 to 0.91, SMOS-AMSR2 from 0.10 
to 0.59, and SMAP-AMSR2 from 0.1 to 0.8 for the studied 
points. In contrast, in the present study, SMOS.BEC-SMAP 
ranged 0.38, SMOS.BEC-AMSR between 0.27 and 0.33, 
and SMAP-AMSR between 0.34 and 0.45. The differences 
can be explained by the specific regional characteristics: 
our study four climate zones in Europe (spanning from 
the Mediterranean to polar regions) and four topographic 
regions (ranging from plains to high mountains), which 
pointed on the relevance of the given area: the correlation 
structure relevantly differed by the climatic zones based on 

group was most pronounced for high mountains and zone 
B (0.181), and D (0.211). Meanwhile, the smallest standard 
deviation in medians was observed for zone C in plains 
(0.066) and hills (0.082) (Table 1). We found that the ele-
ments of the high mountain category, climate zone B and E 
differed, this is because only 73 belonged to climate zone B, 
47 to climate zone E, and 24 to the high mountain category 
from the 1454 sample points. However, these regions cov-
ered a relevantly smaller area compared to climate zones C 
and D at the European level (Fig. 4). In this study, category 
B covers 5% and category E 3% in Europe, while category 
C covers 39% and category D 53%.

In terms of correlation (Fig.  5), the result called the 
attention of dissimilarities, i.e., at the same location and 
same date, different SM products had different values, and 
the relationship among the different datasets cannot be 
described with linear or non-linear functions. This gives a 
special relevance on finding the most reliable data sources, 
as these data are used in regional planning or used as input 
data in predictive models (climate change, irrigation, etc.). 

Fig. 9  Accuracy pattern of soil moisture data based on UMAP dimension reduction (A: active, P: passive, C: combined, M: modelled type of 
products)
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4.2  Efficacy Issues of Modeling and Error Variance

In the context of statistical modeling, where satellite prod-
ucts serve as target variable, it was determined that RF 
models for GLDAS and SMOPS exhibited the lowest 
RMSE and the highest R2 (Fig. 6): GLDAS (RMSE: 0.044 
m3/m3; R2: 0.628) and SMOPS (RMSE: 0.037 m3/m3; R2: 
0.592). Accordingly, these two data products may provide 
estimates closest to real SM states, with environmental 
factors accounting for the most variance in these cases. 
Conversely, the largest RMSE errors were obtained for 
the AMSR models (0.208–0.209 m3/m3) and SSM (0.211 
m3/m3). The smallest R2 values were associated with the 
SSM (0.254) and AMSR.C2 (0.299) indicating increased 
model inaccuracy and a poor explanation of environmen-
tal variable variance in these instances. We examined the 
relationship between the observed values and the modelled 
values. This led us to conclude that SMOPS (nRMSE:61.2, 
ubRMSE:0.03, KGE:0.640, NSE:0.624, wR2: 0.612) 
and GLDAS (nRMSE:60.7, ubRMSE:0.04, KGE:0.691, 
NSE:0.631, wR2: 0.614) gave the best results (Fig. 8).

the Mantel test. In arid areas the SM products had stron-
ger correlations, which can be the consequence of dry soils, 
i.e., if the whole area is dry, the biasing factors’ influence is 
also smaller, consequently, the patterns are similar. How-
ever, in temperate and continental zones there can be spa-
tial differences, and the drought is not completely true due 
to local rainfalls, varying evaporation and the vegetation is 
also spatially different. Ray et al. (2017) conducted their 
analysis in Texas in a less variable dry environment, which 
justifies our hypothesis. (Fan et al. 2025) demonstrated that 
SM retrieval accuracy varies significantly across land cover 
types, with optimal performance in croplands, grasslands, 
and cropland/natural vegetation mosaics, while noting sub-
stantial estimation errors in areas characterized by complex 
topography, such as steep slopes, forests, and desert regions, 
where surface properties substantially affect backscatter sig-
nal interpretation. The high mountains with their special cli-
mate represented a unique environment, but their differing 
correlation (see Mantel test results) is also the consequence 
of the lesser spatial extent and data.

Fig. 10  Distribution of error variances (errVar) by satellites
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individual stations, the RMSE values for SMOS were less 
than 0.1, while SMOPS, AMSR2 and SMAP went above 
0.1. Kugler et al. (2024) found that SMAP overperformed 
SMOS in a linear analysis of river flow monitoring, and 
Gibon et al. (2024) pointed to possible sources of uncertain-
ties of SMOS data on a global scale highlighting the role of 
terrain and soil properties. This result aligns with our study, 
with their respective RMSE values: SMOS.BEC exhibited 
an RMSE of 0.08, SMOPS with 0.04, and SMAP performed 
well with an RMSE of 0.10. In contrast, the AMSR mod-
els, when considering environmental factors, yielded higher 
RMSE values ranging from 0.19 to 0.21. Zheng et al. (2022) 
analyzed 24 different satellite SM datasets (of which ERA5-
Land, ESA, GLDAS, SMOS (from INRA-CESBIO) and 
AMSR2 were included in our study) and compared them 
based on the SMN-SDR network data in the Shandian River 
Basin, China, using TCA. According to their findings, ESA.C 
showed the best results, with an RMSE of 0.028, ESA.P 
0.063, and ESA.A 0.073, while GLDAS 0.038, ERA5-Land 
ranged from 0.076 to 0.080, SMOS ranged from 0.111 to 
0.118 and AMSR2 RMSE ranged from 0.063 to 0.103. In 
our case, the ESA showed a moderately good result, RMSE 

The primary variables chosen for the models were pri-
marily weather and climate-related factors, such as precipi-
tation, maximum temperature, and Köppen climatic zone, 
as well as topography categories (Supplement 2). Soil tex-
ture was the seventh most frequent variable in the models. 
According to Gibon et al. (2024), land cover, topography 
categories, and soil properties (texture, organic matter) had 
significant effects on the SMOS’s uncertainty, which is 
consistent with our general findings regarding the key fac-
tors affecting accuracy in modeling. However, our experi-
ment revealed that NDVI alone did not make a significant 
contribution to the models. The influence of vegetation on 
SM data did not identify consistent linear relationship with 
the MODIS NDVI values (Fig. 13), the R2 values did not 
explain large variance.

Bhardwaj et al. (2022) examined the AMSR2, SMOS, 
SMAP, and SMOPS data with TCA, supplemented with 
modelled data such as ERA5-Land and GLDAS, and in-
situ data (OzNet, CosmOz, OzFlux). They concluded that 
SMOS (from Barcelona Expert Centre) provided the best 
results but ASMR2 and SMAP showed outliers for Australia 
and the South-West Pacific: compared to the values of the 

Fig. 11  Distribution of the rho2s by satellites
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and SMOS-IC were below 0.20. In our study, the ESA mod-
els ranged between 0.04 and 0.15, while the SSM model 
was 0.21 and SMOS.IC was 0.12.

The evaluation of model-based metrics using UMAP 
dimension reduction and ETC provided insights into patterns 
and clusters of similar products. While these approaches dif-
fered significantly in their calculation methods, they yielded 
comparable outputs with some notable distinctions. GLDAS 
performed exceptionally well in the model-based evalu-
ation, achieving the highest NSE, KGE, and wR2 scores, 
along with low nRMSE and ubRMSE values. However, it 
demonstrated weaker performance according to ETC, with 
low Mean_rho2 and Mean_errVar scores. This discrepancy 
suggests that although GLDAS was highly predictable using 
environmental factors in the model, ETC revealed that only 
20% of its values could be attributed to the true signal. The 
low Mean_errVar indicated consistent values and minimal 
random error. Another notable difference between the two 
evaluations was observed in GRD.A. Based on model-based 
accuracy metrics; this product ranked in the middle to lower 
range among the 16 products evaluated. This ranking may 

values as follows: ESA.C 0.04, ESA.P 0.14, ESA.A 0.15, 
and AMSR2 ranged from 0.19 to 0.21. The current RMSE 
value of GLDAS 0.04, ERA5 0.07, and SMOS.IC 0.12 more 
closely with the findings of Zheng et al. (2022). In a global 
investigation by Ma et al. (2019), which considered various 
products including AMSR2, ESA CCI, SMAP, and SMOS-
IC across different climatic regions and accounting for con-
founding factors using ISMN data, the average ubRMSE for 
AMSR was 0.143, for ESA it was 0.041, SMAP it was 0.043 
and for SMOS-IC it was 0.048. In our study, AMSR exhib-
ited values ranging between 0.19 and 0.21, while ESA were 
found between 0.04 and 0.15, SMAP was 0.10, and SMOS.
IC was 0.12. Mazzariello et al. (2023) conducted an evalua-
tion, including the assessment of ESA, SSM, and SMOS-IC 
models for Europe, considering ecoregions and incorporat-
ing factors such as geographical heterogeneity, climate, and 
land cover. The study compared these models with measure-
ments from the ISMN in-situ network. Their findings indi-
cated that ESA demonstrated favorable results, while SSM 
showed the lowest performance. Specifically, for ubRMSE, 
ESA values were below 0.10 for each ecoregion and SSM 

Fig. 12  Pattern of the soil moisture data based on the Extended Triple Collocation Analysis (whiskers: ±1 × standard error)
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was an outlier in several terms: it was the only SM prod-
uct with high rho2 and the lowest errVar, while the RMSE 
was high. Overall, UMAP dimensions exhibited strong cor-
relations with Mean_errVar (Spearman’s r: 0.72 and 0.73 
for UMAP dimensions 1 and 2, respectively). However, 
no significant relationship was observed with Mean_rho2 
(-0.16 and − 0.15). This suggests that the accuracy metrics 
of models constructed using environmental factors are pri-
marily associated with consistency or random error but fail 
to account for the fraction of true signal variance. The date 

be associated with its highest Mean_errVar (0.14), indicat-
ing significant random variability and low precision. How-
ever, its high Mean_rho2 (0.57) suggested that the values 
of this product more accurately reflected the true value, 
exhibiting a low signal-to-noise ratio (McColl et al. 2014). 
Despite these differences, the evaluation methods revealed 
similar patterns. GRD.P, SMOPS, and SMAP consistently 
emerged as the best-performing products across both evalu-
ation approaches. The accuracy and unbiased nature of 
SMAP were also reported by Chen et al. (2017). GRD.A 

Fig. 13  The scatterplot of Modis NDVI and SM values
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these two models best reflected the individual environmen-
tal factors. Based on the relationship between the observed 
and the modelled values, the SMOPS and GLDAS provided 
the best results, while the SSM had the least good results. 
The multivariate evaluation using the UMAP technique 
and the ETC demonstrated enhanced reliability, character-
ized by reduced uncertainty, for both SMOPS and GLDAS. 
A strong correlation (r = 0.73; p < 0.001) was observed 
between UMAP dimensions and the Mean_errVar of ETC. 
The SMOPS soil moisture product exhibited superior per-
formance in modeling environmental factors and yielded 
the lowest error variance in the Triple Collocation Analysis 
(TCA). Furthermore, GRD.P emerged as the most reliable 
product based on ETC results, despite ranking fourth in 
both NSE and KGE metrics but within the best-performing 
cluster defined by UMAP. However, as there is no absolute 
reference data, it is not easy to name one SM product: if 
the requirement is the highest rho2, the GRD.P is the best 
product, regarding the errVar, the GRD.C, and SMOPS can 
be a good option followed by the GRD.P, and if we rely on 
the SM reflected by the environmental factors, the GLDAS, 
SMOPS, SMAP, and GRD.P seems the best choice. The 
intersection of the different approaches can be the GRD.P 
and the SMOPS. This analysis calls attention to the differ-
ences, and potential errors when these SM data sources are 
involved in planning.
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of the SM products was considered only in 3 months; thus, 
we focused on the spatial rather than the temporal aspects. 
(Brocca et al. 2024) computed monthly averages of SM, 
and found that the SM products (ASCAT, ESA.CCI, SMAP, 
S1-RT1, S1-COP) had high temporal consistency. Gener-
ally, the SM products’ reliability is better in time than in 
space, which should be considered when involved in differ-
ent models.

4.3  Limitations

In the studies used in the discussion, SM frequently relied 
on data from in-situ networks such as ISMN (Ma et al. 2019; 
Gruber et al. 2020; Mazzariello et al. 2023), OzNet, Cos-
mOz, OzFlux (Bhardwaj et al. 2022), SMN-SDR (Zheng et 
al. 2022). These networks are often regional and may lack 
the necessary density to be representative of the entire Euro-
pean region, considering its diverse climate and topography. 
In contrast, our study utilized 1454 spatially evenly distrib-
uted sampling points, providing a comprehensive portrayal 
of 16 SM data products across Europe in terms of both cli-
mate and topography. It is essential to acknowledge that 
the data used in our study faced challenges such as satellite 
pass-induced gaps, particularly notable in the case of SSM. 
The varied resolution of the data (ranging from 1 to 25 km) 
and the presence of dense vegetation in European areas also 
influenced the obtained SM results.

Furthermore, limitations in SM analysis were identified 
in snow-covered, frozen areas, and high mountain areas, 
particularly in the E Köppen zone and the high mountain 
category. In addition, the presence of small water bodies 
may introduce modifications to values at individual sam-
pling points.

5  Conclusions

We aimed to compare the SM data of 16 satellite-based 
SM products throughout three seasons, climatic zones, and 
topography; furthermore, we hypothesized (i) that envi-
ronmental factors should be good predictors of the SM in 
a statistical modeling scheme, and that (ii) error variance 
of ETC and accuracy metrics of the models are correlat-
ing. We found that SM products provided different values 
exhibiting variations across data sources (i.e. satellites) and 
had relevant differences in all combinations of climate and 
topography. Correlations among SM products were usually 
low (r < 0.5), the closest relationships were found between 
ESA.P and GRD.P, ESA.C and GRD.C, while the lowest 
values were for GLDAS. Based on the models including 
environmental factors, we found that GLDAS and SMOPS 
produced the lowest RMSE and the highest R2 values; thus, 
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