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ARTICLE INFO ABSTRACT

Editor: Jing M. Chen High-resolution soil moisture data are essential for applications in agriculture, hydrology, and disaster man-
agement. Four global daily SM products at 1 km resolution have recently been developed, being the Seamless Soil
Moisture (SSM), Global Surface Soil Moisture (GSSM), Global Land Surface Satellite (GLASS), and a downscaled
SMAP product (DSMAP). These products rely on either machine learning or empirical regression models, offering
significant potential but raising concerns regarding their generalization capability and spatial fidelity. Previous
evaluations of these high-resolution products have relied predominantly on point-scale comparisons using the
same in-situ networks employed for model training. Consequently, this study provides an independent evaluation
using 1545 global in-situ stations excluded from product development and airborne passive microwave mea-
surements from five field campaigns across North America and Australia. Results reveal that none of the eval-
uated products met the target unbiased Root Mean Square Error (ubRMSE) of 0.04-0.06 m3/m3, with observed
values ranging from 0.097 to 0.104 m®/m®. All products exhibited narrower dynamic ranges (0.10-0.30 m®/m®)
than those of in-situ observations (0.05-0.40 m>/m?®), particularly underestimating wet and overestimating dry
extremes. GLASS (R = 0.576) and DSMAP (R = 0.556) generally outperformed GSSM (R = 0.504) and SSM (R =
0.399) in capturing temporal dynamics relative to ground measurements. Spatially, airborne-based evaluation
highlighted limitations in capturing fine-scale heterogeneity, particularly for SSM (mean R = 0.19) and GSSM
(mean R = 0.31), which showed a narrow dynamic range and nearly static spatial pattern with weak response to
regional rainfall. In contrast, DSMAP effectively captured the temporal dynamics of airborne data (mean R =
0.57) but retained coarse resolution artifacts from its downscaling process. Expanding training datasets,
enhancing the generalization capability of the machine learning methods employed, and conducting rigorous
spatial evaluations are identified as critical steps to ensure the reliability of high-resolution soil moisture
products for operational applications.
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1. Introduction

Soil moisture plays a pivotal role in the terrestrial hydrological cycle,
influencing land-atmosphere energy exchanges, vegetation dynamics,
and the distribution of precipitation between infiltration and runoff
(Legates et al., 2011). Reliable soil moisture information is essential for
various applications, including irrigation scheduling, drought and flood
forecasting, and climate modeling (Chen et al., 2017). However,

acquiring high-quality soil moisture data at appropriate spatiotemporal
resolutions remains challenging, particularly at continental scale
(Colliander et al., 2017a; Petropoulos et al., 2015). In-situ soil moisture
measurements provide high accuracy but are limited in spatial coverage,
especially in remote or data-scarce regions. In recent decades, remote
sensing technologies have become widely used for large-scale near-
surface soil moisture monitoring (Babaeian et al., 2021). This study
focuses on the near-surface soil moisture within the top 0-5 cm, which is
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critical for characterizing land-atmosphere interactions and is the pri-
mary target of L-band microwave remote sensing.

There are currently two passive microwave satellite missions dedi-
cated to soil moisture observation, being the Soil Moisture Active Pas-
sive (SMAP) (Entekhabi et al., 2010) and Soil Moisture and Ocean
Salinity (SMOS) (Kerr et al., 2010). While these missions have achieved
significant success in global soil moisture mapping, their coarse native
spatial resolutions (36 km for SMAP and 43 km for SMOS) limit their
ability to capture fine-scale variability and thus their usefulness in ap-
plications that require high spatial detail. Many studies have shown that
soil moisture data at finer spatial resolutions, around 1 km, can be used
to significantly enhance the accuracy of hydrological and climatic pro-
cess modeling (Merlin et al., 2006a; Merlin et al., 2006b). High-
resolution soil moisture data also supports practical applications that
rely on detailed spatial variability. For example, it enables field-level
irrigation management in precision agriculture, improves the detec-
tion of localized flood and drought risks, enhances landslide forecasting
by capturing slope-specific moisture conditions, and strengthens wild-
fire risk assessment by identifying dry zones with greater precision
(Dandridge et al., 2020; Fan et al., 2025; Peng et al., 2021).

Various downscaling methods have been proposed to achieve higher
spatial resolution (Peng et al., 2017; Senanayake et al., 2024). Despite
these efforts, generating reliable soil moisture estimates at resolutions of
1 km or finer remains a considerable challenge (Sabaghy et al., 2018).
Synthetic Aperture Radar (SAR) has the capability to directly provide
high-resolution soil moisture estimates (Zhu et al., 2022; Zhu et al.,
2023). However, its application at the global scale remains chal-
lenging due to limited temporal coverage, signal interference from
vegetation and surface roughness, the complexity involved in data
preprocessing, and the difficulty in calibrating retrieval methods across
diverse landscapes (Rahmati et al., 2026). Optical and thermal infrared
remote sensing technologies also have high spatial resolutions, with
many successful applications in soil moisture estimation presented in
literature (Chauhan et al., 2003; Zhang and Zhou 2016b). However,
their effectiveness is often limited by cloud cover, atmospheric inter-
ference, and the indirect nature of the retrieval, making them less reli-
able for consistent, large-scale soil moisture monitoring (Zhang and
Zhou 2016a).

Despite these challenges, four global-scale soil moisture products
with daily temporal resolution and approximately 1-km spatial resolu-
tion have been recently developed, offering promising solutions for fine-
scale hydrological and environmental applications. Zheng et al. (2023)
developed the Seamless Soil Moisture (SSM) product by applying a
Random Forest algorithm to disaggregate coarse-resolution satellite
data into 1 km resolution, using multi-source optical remote sensing
inputs and in-situ measurements from the International Soil Moisture
Network (ISMN, Dorigo et al., 2021). Han et al. (2023) produced the
Global Surface Soil Moisture (GSSM) product, which integrates satellite
observations, the fifth generation European Centre for Medium-Range
Weather Forecasts (ECMWF) atmospheric reanalysis (ERA5-land) data,
and ISMN measurements. This was achieved through a Random Forest
model that utilizes input predictors that are physically relevant to soil
moisture dynamics, thereby enhancing both the physical consistency
and the overall predictive accuracy. Zhang et al. (2023) produced the
Global Land Surface Satellite (GLASS) SM product using an eXtreme
Gradient Boosting (XGBoost) model, combining GLASS remote sensing
products, ERA5-Land data, ISMN observations, and static auxiliary
variables in an ensemble learning framework to improve robustness and
spatial detail. Fang et al. (2022) proposed a thermal inertia-based
downscaling algorithm to refine 9 km SMAP data to 1 km resolution.
By establishing an inverse relationship between land surface tempera-
ture and soil moisture, and stratifying the model by Normalized Dif-
ference Vegetation Index (NDVI) levels, the sensitivity to vegetation
dynamics and surface heterogeneity was improved.

Unlike traditional retrieval algorithms based on radiative transfer or
scattering models, the three seamless daily products (SSM, GSSM and
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GLASS) were developed using machine learning techniques, which
enable flexible integration of multi-source data and an improved
adaptability across diverse environmental conditions. However, it is
widely acknowledged that the performance of machine learning models
strongly depends on the availability and quality of training samples (Zhu
et al., 2025b), particularly the accuracy, spatial representativeness, and
temporal coverage of ground truth data. Although global in-situ soil
moisture measurements from the ISMN were partly used in the devel-
opment of these products, the uneven spatial distribution of ISMN sta-
tions raises concerns about model performance in regions lacking
training data. Furthermore, all of the studies randomly divided in-situ
measurements into training and testing sets, which may introduce de-
pendencies between the two subsets. This practice can compromise
model stability and accuracy, potentially leading to overfitting (Liu,
2023; Ramo et al., 2018). In addition, spatial evaluation remains an
essential yet often overlooked aspect in the accuracy assessment of high-
resolution soil moisture products, as the spatial distribution of soil
moisture plays a critical role in regulating runoff generation, evapo-
transpiration, and land-atmosphere interactions (Lakhankar et al.,
2010). Point-scale evaluation approaches are insufficient for evalu-
ating the spatial patterns of soil moisture, especially in areas with sparse
ground observations and complex surface heterogeneity. The spatial
mismatch between in-situ measurements and satellite-derived soil
moisture products further complicates the assessment of dynamic soil
moisture variations. Such limitations in evaluation strategies and the
uncertainty in accuracy assessment greatly restrict broader application
and reliability of these high-resolution soil moisture products, particu-
larly in regions with limited ground observations or complex land sur-
face conditions.

In this study, the four global daily soil moisture products at 1-km
resolution were independently evaluated to support enhanced applica-
tions. A more comprehensive ground truth dataset was constructed by
integrating in-situ measurements from the ISMN along with data from
several additional monitoring networks. This dataset was used to
perform an independent evaluation of each product, aiming to reduce
bias introduced by training data overlap. Moreover, high-resolution soil
moisture data from three series of airborne campaigns conducted across
North America and Australia were used for comparative analysis,
allowing the first spatially explicit evaluation of these soil moisture
products. The evaluation was designed to (1) assess real-world perfor-
mance of the four products beyond official validation reports, particu-
larly given their reliance on machine learning or empirical regression
relationships; (2) examine the spatial patterns captured by each product
using airborne estimates, offering insights into their ability to capture
fine-scale spatial distributions and dynamic variability; and (3) provide
practical guidance for end users and inform future development of high-
resolution soil moisture datasets.

2. Data and methods
2.1. Soil moisture products

The SSM product is a secondary soil moisture product developed by
Zheng et al. (2023), based on the European Space Agency-Climate
Change Initiative (ESA-CCI) SSM product. To address data gaps in the
original ESA-CCI product, an operational gap-filling procedure was
applied using ERA5 data as auxiliary input. Subsequently, a random
forest regression model was trained to downscale the coarse-resolution
soil moisture data (0.25°) to a finer spatial resolution of 1 km. This
disaggregation was based on the ISMN in-situ measurements, multi-
source optical remote sensing datasets, and static terrain and soil
texture variables. The resulting product (Version 1.0) provides global,
seamless daily soil moisture estimates from 2000 to 2020 and is publicly
accessible via the National Tibetan Plateau Science Data Center at
https://data.tpdc.ac.cn/home (accessed 2024-03-15).

The GSSM product developed by Han et al. (2023) was generated
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using a Random Forest model that integrates physically meaningful
predictors, including meteorological forcing, static soil physical prop-
erties, and multi-source optical remote sensing data. A total of 18 pre-
dictors were selected to represent key atmospheric, land surface, and
vegetation factors known to influence soil moisture dynamics, with
temporal harmonization applied to ensure consistency across input
sources. Similarly, this model was trained using in-situ measurements
from the ISMN. The resulting product GSSM1.7 provides daily global
near-surface soil moisture at a spatial resolution of 1 km for the period
from 2000 to 2020. The dataset is publicly available at https://github.
com/QiangianHan96/GSSM1km (accessed 2024-03-07).

The GLASS soil moisture product (version 1.0) is a spatiotemporally
continuous, global daily dataset at 1 km resolution for the period from
2000 to 2020. This product was generated using an XGBoost model from
other GLASS datasets, ERA5-Land reanalysis data, auxiliary environ-
mental datasets, and ground-based soil moisture observations from the
ISMN (Zhang et al., 2023). The dataset is publicly available at http://
glass.umd.edu/soil_moisture/ (accessed 2024-02-19).

Fang et al. (2022) developed a soil moisture downscaling model
based on thermal inertia theory to disaggregate the SMAP Enhanced L2
radiometer 9 km product to a 1 km resolution. For simplicity, this
product is referred to as DSMAP throughout this study. The algorithm
relies on an empirical linear relationship between soil moisture and
diurnal land-surface-temperature (LST) variations, stratified by NDVI
groups to account for vegetation conditions. Because this relationship is
derived from regression fitting using the Global Land Data Assimilation
System Noah land surface (GLDAS-Noah) model outputs, the resulting 1
km estimates are fundamentally empirical and therefore require inde-
pendent validation against in-situ measurements. DSMAP is provided at
the SMAP descending (06:00 AM) and ascending (06:00 PM) overpass
times. As the descending overpass is generally considered more reliable,
only the descending data were evaluated in this study. Although the
product is nominally daily, spatial gaps caused by missing SMAP
enhanced L2 radiometer half-orbit soil moisture product observations
(SPL2SMP_E) were not filled, making it a quasi-daily dataset. This
product (version 1) spans from April 1, 2015 to September 29, 2022, and
is freely available from the National Snow and Ice Data Center (NSIDC)
at https://nsidc.org/data/nsidc-0779/versions/1 (accessed 2024-02-
23).

2.2. In-situ datasets

The in-situ soil moisture observations used in this study were ob-
tained from a range of global ground-based monitoring networks. The
primary data source was the International Soil Moisture Network (ISMN;
https://ismn.geo.tuwien.ac.at/), providing harmonized and quality-
controlled SM data, and serving as a valuable resource for the evalua-
tion and development of satellite- and model-based soil moisture prod-
ucts. As of July 2021, the ISMN had integrated measurements from 71
operational networks and more than 2800 stations worldwide (Dorigo
et al., 2021), and continues to expand.

In addition to the ISMN, supplementary in-situ data were collected
from several regional and national networks that had not been incor-
porated into the ISMN at the time of this study. This expansion was
necessary because most of the ISMN stations had already been used in
the development of the four SM products. The additional data sources
included several soil moisture observation networks in China covering
the 2000-2020 period. These consisted of stations from Tibet-Obs that
were unavailable through the ISMN, SONTE-China observations recor-
ded before 2020 (Wang et al., 2023), QLB-NET (Chai et al., 2024), and
the Genhe and Saihanba observation networks (Jiang et al., 2020).
These networks collectively provide detailed measurements across
diverse ecological zones, enhancing spatial representativeness. In
southeastern Australia, several OzNet stations not included in the ISMN
were also used (Smith et al., 2012), while in the United States, data from
the Little Washita and Fort Cobb watershed networks were incorporated
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(Yang et al., 2020). Additionally, the Raam network in the Netherlands
was included in the evaluation (Benninga et al., 2018).

2.3. Auxiliary data

Landcover, climate zone and soil texture datasets were used to assess
the performance of soil moisture products under varying environmental
conditions. These variables represent the most fundamental and widely
recognized factors on surface soil moisture dynamics and are consis-
tently available at global scales, allowing for a fair comparison across
the four soil moisture products evaluated in this study. Landcover in-
formation was derived from the 2023 MODIS MCD12C1 product at a
spatial resolution of 0.05°. The original 17 categories of International
Geosphere-Biosphere Programme (IGBP) classification scheme were
reclassified into four generalized types including cropland, forest,
grassland, and others to ensure a sufficient number of stations for
evaluation. The “others” category includes barren land, urban and built-
up areas, and wetland or snow. While some of these categories and water
bodies are commonly masked in many soil moisture products, they were
retained here because a 1 km grid cell may be classified as part of the
“others” category even though the ground station is situated on valid
soil. Furthermore, since the four evaluated products did not mask these
categories in their original releases, they were included to ensure that
the evaluation reflects the actual performance of the data as provided for
operational use.

Climate zones following the Koppen-Geiger system were reor-
ganized into four primary classes including tropical (A), arid (B),
temperate (C), and cold and polar (D and E) (Peel et al., 2007; Rubel and
Kottek, 2010). Soil texture information was extracted from the Harmo-
nized World Soil Database (HWSD) version 2.0. This database provides
global soil property data at 30 arc-seconds (IIASA, F, 2023), which
closely corresponds to the 1 km resolution of the four evaluated prod-
ucts. To ensure a sufficient number of stations for evaluation within each
category, the soil texture classes were reclassified into four types, con-
sisting of clay, loam, sandy loam, and sand.

2.4. Airborne datasets

Five airborne soil moisture campaigns conducted between 2012 and
2016 specifically for calibration and evaluation of the SMAP concept
were included in this study (Table 1). These campaigns were categorized
into two series based on their geographic locations. The native spatial
resolution of these airborne estimates ranged from 0.5 to 1.5 km
(Table 1) and so were resampled to 1 km using cubic convolution
interpolation to match the soil moisture products being evaluated. The
first series is the SMAP Evaluation Experiments that were made across
North America, including the SMAPVEX12, SMAPVEX15 and SMAP-
VEX16. A few early campaigns, e.g. SMAPVEX08 (Park et al., 2011),
were not included as >90% of its pixels were labeled as no data. The
Passive and Active L and S Band Microwave Instrument (PALS) was the
main sensor used in these North American campaigns (Colliander et al.,
2012), and so the derived near-surface soil moisture from PALS were
used for intercomparison in this study.

The SMAPVEX12 campaign was made from June 7 to July 19, 2012,
over an agricultural region in southern Manitoba, Canada. PALS flights
were conducted at a 1500 m spatial resolution, with soil moisture re-
trievals in non-forested areas showing strong agreement with ground
measurements (R = 0.87, RMSE = 0.058 m>/m®) (Colliander et al.,
2016). The SMAPVEX15 campaign was made in southeastern Arizona,
USA from August 2 to 18, 2015, with PALS observations acquired at a
500 m spatial resolution. The retrieved soil moisture values achieved an
R and RMSE of 0.83 and 0.016 m3/m® (Colliander et al., 2017a).

The SMAPVEX16 experiment was conducted over two regions, being
the SMAPVEX16-IA in Iowa, USA, and the SMAPVEX16-MB in Man-
itoba, Canada. SMAPVEX16-IA was undertaken in two separate periods,
being May 28 to June 5 and August 3 to 16, 2016 in order to achieve
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Table 1

Description of each field campaign utilized in the evaluation process.
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Name Location Flight area Spatial resolution [m] Flight Date Main Landcover Koppen Climate Type
SMAPVEX12 Canada Manitoba 1500 15 June 7-July 19, 2012 Cropland and Forest Dfb
SMAPVEX15 us Arizona 1500 7 August 2-18, 2015 Shrubland and Grassland BSh
SMAPVEX16 us Towa 500 12 May 28-June 5 and August 3-16, 2016 Cropland Dfa
Canada Manitoba 500 12 June 8-20 and July 10-22, 2016 Cropland and Forest Dfb
SMAPEx-4 Australia Yanco 1000 8 May 1-22, 2015 Grassland and Cropland Cfa
SMAPEX-5 Australia Yanco 1000 8 September 7-27, 2015 Grassland and Cropland Cfa
bl demonstrated high accuracy, with RMSE values below 0.04 m®/m® and
Table 2

List of independent evaluation set utilized in this study. Grid cells with a similar
area ratio > 0.82 were classified as core cells, while the remaining stations were
designated as extra cells.

Product Core grid cells Extra grid cells

# grid cells # stations # grid cells # stations
SSM 184 290 228 298
GSSM 182 352 213 274
GLASS 679 1241 773 897
DSMAP 544 760 903 1008

different vegetation and soil moisture conditions (Colliander et al.,
2017c). SMAPVEX16-MB was conducted from June 8 to 20 and July
10 to 22, 2016, covering the same location as SMAPVEX12, but with a
slightly different spatial extent. Both regions were observed using PALS
at a 500 m spatial resolution. The retrieved soil moisture data

R values exceeding 0.85 (Colliander et al., 2019).

The second series of airborne campaigns include the Soil Moisture
Active Passive Experiments 4 and 5 (SMAPEx-4 and SMAPEx-5). They
were made in the Yanco agricultural area of southeastern Australia.
These campaigns provided a unique opportunity for evaluating and
calibrating the SMAP active/passive soil moisture retrieval concept in
the Southern Hemisphere and include the only experiment to be un-
dertaken while the SMAP radar was still operational. SMAPEx-4 was
carried out during the Australian autumn (May 1-22, 2015), and
SMAPEX-5 during the summer (September 7-27, 2015), with each
campaign comprising eight flights. Observations were collected using
the Polarimetric L-band Multi-beam Radiometer (PLMR), which pro-
vided soil moisture estimates at a spatial resolution of approximately 1
km. The PLMR-retrieved soil moisture showed strong agreement with in-
situ measurements, achieving RMSE values of 0.05-0.07 m®/m® for
SMAPEx-4 and 0.05-0.09 m®/m® for SMAPEx-5, after excluding pixels
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affected by standing water (Ye et al., 2021).
2.5. Evaluation methods

A comprehensive evaluation of four downscaled soil moisture
products was conducted in this study using both long-term point-based
in-situ soil moisture measurements and short-term spatially intensive
airborne passive microwave derived soil moisture estimates. The in-situ
soil moisture data for the top 5 cm soil layer were collected from a range
of global monitoring networks covering the period from 2000 to 2020.
To ensure the independence and fairness of the evaluation, only in-situ
measurements that were not used in the development, calibration or
evaluation of the four soil moisture products were used. Specifically, all
stations with site names identical to those reported as training, cali-
bration or evaluation stations were filtered out. This enabled an unbi-
ased assessment of product performance across diverse environmental
conditions, with the spatial distribution of these independent evaluation
sites illustrated in Fig. 1. It should also be noted that many more stations
were used in the production of the SSM and GSSM products than for
GLASS and DSMAP. DSMAP has the largest number of stations as the in-
situ measurements were not directly used in the development of model.

Two ground-truth datasets were prepared for the four evaluated
products. To match the daily resolution of the GSSM, GLASS, and SSM
products, in-situ measurements were averaged by date. For DSMAP,
only observations collected between 05:00 and 07:00 local time were
used as the reference, consistent with the SMAP descending overpass.
For each 1 km grid cell, the mean of all stations located within that cell
was calculated to represent the 0-5 cm reference soil moisture, which is
comparable to the sensing depth of the airborne L-band passive mea-
surements (Ye et al., 2021).

Grid cells were categorized into core and extra grid cells based on the
similar area ratio of sites (LC-area, Peng et al., 2025). This metric is
defined as the ratio of number of sub-grid cells within a grid cell that
share the same landcover type as the ground station to the total number
of sub-grid cells in that grid cell. High-resolution landcover data from
the 10 m ESA WorldCover dataset were used to calculate this consis-
tency. A higher LC-area indicates that the station's local environment is
more characteristic of the entire grid cell, thereby reducing spatial
representativeness errors caused by sub-grid environmental heteroge-
neity. Following the threshold derived by Peng et al. (2025), grid cells
with an LC-area > 0.82 were classified as core cells, while the remaining
stations were designated as extra cells. Although this threshold was
originally developed for coarse-resolution products (tens of kilometers),
its application in this study is considered conservative because the
spatial mismatch between point-scale measurements and 1 km grid cells
is substantially smaller. Therefore, if a station located within the
dominant land-cover type can be regarded as representative of a much
larger grid cell when the dominant class exceeds 82% of the area, the
same criterion is expected to be at least as valid for 1 km grid cells. In
this study, the threshold is thus adopted as a literature-based and
physically reasonable criterion to ensure station representativeness,
rather than an optimized value specific to the dataset. Moreover, a
sensitivity analysis was conducted (Fig. A1) by varying the LC-area
threshold from 0.70 to 0.85 at intervals of 0.05. The results indicate
that the evaluation outcomes are generally insensitive to the choice of
threshold. Specifically, the RMSE of each product varies by no more than
0.015 m®/m®, while the R values of most products change by less than
0.05. Although GSSM exhibits the largest variation in R (0.16), its RMSE
remains nearly stable (0.099-0.105 m3/m®), suggesting that the influ-
ence of this parameter is marginal within a reasonable range.

Four widely used accuracy metrics were employed, being the Pear-
son correlation coefficient (R), Bias, Root Mean Square Error (RMSE),
and Unbiased Root Mean Square Error (ubRMSE). These metrics are
defined as
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Where SM,, represents the soil moisture value from each of the four
satellite products and SM, denotes the reference observations. The
overbar indicates the average of n samples. For the ground-based eval-
uation, SM, refers to the in-situ measurement while for the airborne-
based evaluation, SM, refers to the airborne passive microwave esti-
mates. Because airborne estimates were considered approximations of
the ground truth rather than absolute truth, the terms RMSE and
ubRMSE in Eq. 3 and 4 are referred to as Root Mean Square Difference
(RMSD) and Unbiased Root Mean Square Difference (ubRMSD) in that
context, respectively.

The accuracy of soil moisture products varies substantially across
different environmental conditions (Al-Yaari et al., 2019; Meng et al.,
2024a). In this study, product performance was evaluated across
diverse landcover, climate, and soil-texture scenarios. As described in
Section 2.3, each environmental variable was grouped into four cate-
gories, allowing a larger number of grid cells to be included in each class
and thereby improving the statistical robustness of the results. The
number of available grid cells in each category is provided in Table A2 in
the Appendix.

Airborne passive microwave soil moisture estimates were used as
reference data to approximate ground truth. The GSSM, GLASS and SSM
are provided in Coordinated Universal Time (UTC), while the airborne
measurements, originally recorded in local time during the flight cam-
paigns, were converted to UTC based on the corresponding flight dates
and geographic locations. Temporal alignment was subsequently per-
formed by selecting, for each product date, the nearest airborne obser-
vation in time. For the DSMAP, the airborne campaigns used in this
study were specifically designed for SMAP validation and thus provide
well-matched soil moisture estimation. As a result, potential sub-daily
soil moisture response lags associated with precipitation and infiltra-
tion processes are expected to have limited influence on the comparison
results. In addition to visual comparisons of spatial patterns, quantita-
tive spatial evaluation was conducted using the same accuracy metrics
described earlier.

3. Evaluation using ground soil moisture
3.1. Overadll performance

Fig. 2 presents the evaluation results of the four soil moisture prod-
ucts against in-situ observations from the core grid cells. Among the four
products, GLASS generally performed best, achieving the highest cor-
relation (0.576) and low RMSE (0.105 m*®/m®) and ubRMSE (0.097 m®/
m®). However, a relatively large bias of —0.041 m®/m® was observed.
This bias primarily originated from the underestimation at mid to high
soil moisture values (>0.25 m3/m3; Fig. 2e), whereas the scatter points
at low values (< 0.15 m®/m®) were largely aligned with the 1:1 line
(Fig. 2¢). This behavior differs from many existing machine-learning-
based studies (Mao et al., 2022), as well as from the patterns of SSM
and GSSM (Fig. 2a and b), where low values tend to be substantially
overestimated and high values underestimated due to the learning
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Fig. 2. Scatterplots comparing the four soil moisture products with in-situ measurements across the core grid cells. (a)-(d) show the results for SSM, GSSM, GLASS,
and DSMAP, respectively. (e) presents the range-specific bias and RMSE for the four products.

process gravitating toward the global mean to reduce training loss.
The relatively strong performance of GLASS is likely attributable to
the implementation of Triple Collocation (TC, McColl et al., 2014) to
identify representative training stations for the XGBoost model. DSMAP
also showed strong agreement with the in-situ measurements, with a
slightly lower correlation (0.556) and slightly larger bias (—0.046 m>/
m®) and RMSE (0.109 m®/m?). Similar to GLASS, the relatively large
bias primarily resulted from the underestimation of high soil moisture
values. GSSM demonstrated comparable performance, characterized by
a moderate correlation (0.504), the smallest bias (0.019 m®/m?®), and
relatively low RMSE (0.100 m®/m®) and ubRMSE (0.099 m®/m®).
However, the minimal overall bias reported for GSSM is largely attrib-
utable to the substantial positive bias at low soil moisture levels, which
offsets the negative bias observed at higher levels. In contrast, SSM
showed more moderate performance, with the lowest correlation

(0.399), a notable negative bias (—0.038 m3/m3), and the largest RMSE
(0.110 m®/m®). Both GSSM and SSM failed to capture dry extremes
(Fig. 2e), with the minimum SSM values clustering around 0.02 m3/m?3.

Fig. 3 presents the boxplots of the accuracy metrics estimated for
each grid cell, including the core grids, the extra grids, and their com-
bination. GSSM and GLASS achieved significantly higher (p < 0.05,
Student's t-test) median correlations than DSMAP (median R = 0.439)
and SSM (median R = 0.383). This pattern differs from the overall re-
sults in Fig. 2, where the aggregated correlation of DSMAP matched or
exceeded that of GSSM and GLASS. SSM achieved the smallest inter-
quartile range of R, followed by GSSM, DSMAP and GLASS.

GSSM, GLASS, and DSMAP achieved nearly identical median RMSE
values (0.087-0.088 m3/m3), which were substantially lower than their
corresponding overall RMSEs (0.100-0.109 m%/m®). Among these three
products, GSSM exhibited the fewest high-RMSE outliers and the
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Fig. 3. Boxplots of grid specific performance on core, extra and all grid cells. The number of available grid cells for each type is listed in Table 2.

smallest interquartile range. In contrast, SSM produced a median RMSE
of 0.104 m®/m?, similar to its overall RMSE and significantly higher (p
< 0.05) than those of the other products. All products showed negative
shifts in median bias relative to their overall bias. GSSM yielded a small
negative median bias (—0.014 m®/m®), despite overestimating soil
moisture on average. As expected, the median ubRMSE values were
markedly smaller than the overall ubRMSE values after removing grid-
cell-specific biases. The grid-cell-level ubRMSEs for GSSM, GLASS,
DSMAP, and SSM were 0.056 m®/m>, 0.054 m®/m®, 0.063 m®/m?, and
0.068 m3/m>, respectively, approaching the 0.06 m3/m® target
commonly set for high-resolution radar-based soil moisture retrievals.

Fig. 3 also presents the results for the extra grid cells. The core grids
achieved higher R values than the extra grids for the three machine-
learning-based products (SSM, GSSM, and GLASS), with statistically
significant differences between SSM and GLASS. Although only GLASS
was trained using filtered stations (Zhang et al., 2023), the training
networks used for SSM and GSSM also consisted of well-established
monitoring stations with substantially better spatial representative-
ness. This partly explains why these products had higher correlations at
the core grid cells.

The differences between core and extra grids are more complex for
RMSE and ubRMSE. DSMAP and GLASS showed slightly lower median
RMSEs at the core grids, whereas SSM and GSSM performed marginally
better at the extra grids; however, none of these differences were sta-
tistically significant. The boxplots for all grid cells are also provided in
Fig. 3. The median values show no significant differences compared with
those derived separately from the core and extra grids. Accordingly,
subsequent evaluations across landcover types, climate zones, and soil-
texture classes were conducted using all grid cells to ensure sufficient
sample sizes and more reliable statistics. Only correlation coefficients
were used for this stratified analysis, as they are considered less sensitive
to spatial representativeness effects (Meng et al., 2024a; Wang et al.,

2024).
3.2. Performance under different environmental conditions

The performance of the four products varied substantially across the
evaluated landcover types (Fig. 4a), reflecting the differing sensitivities
of their underlying algorithms to surface heterogeneity. In cropland
regions, DSMAP and GSSM showed stronger agreement with the in-situ
measurements, with DSMAP achieving a median correlation of
approximately 0.600. SSM maintained a more moderate but stable me-
dian correlation of about 0.351. GLASS exhibited a relatively high
central tendency but a wider performance spread, suggesting that it may
be more susceptible to local variations in crop phenology or irrigation
practices. In forested areas, the influence of vegetation density and
canopy structure became more pronounced. DSMAP's performance
declined to a median correlation of 0.372, which can be attributed to the
high attenuation of L-band passive microwave signals in dense forests
and the reduced sensitivity of thermal-inertia-based methods under
substantial vegetation cover. In contrast, GLASS achieved comparable
correlations in cropland (0.452) and forest (0.432), indicating that its
algorithm may better account for the effects of dense canopy cover.

Grassland represented a high-performance zone for nearly all prod-
ucts. GSSM reached its peak median correlation of 0.574, closely fol-
lowed by GLASS (median R = 0.541). In contrast to the SPL2SMP_E,
DSMAP achieved a significantly lower (p < 0.05) median correlation on
grassland (0.502) than on cropland (0.600). This pattern reflects the
nature of the thermal-inertia downscaling approach, which infers soil
moisture from diurnal LST amplitude stratified by NDVI. Its accuracy
therefore depends on the strength of the coupling between LST dynamics
and near surface soil moisture. Croplands often experience irrigation,
tillage, and bare soil periods that produce large diurnal temperature
swings strongly correlated with soil moisture, enabling more stable
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Fig. 4. Performance of four products on (a) four landcover types, (b) four climate zones and (c) four soil texture types.

empirical regressions. Grasslands, by contrast, typically maintain
continuous vegetation cover, which dampens diurnal LST amplitude and
reduces the sensitivity of the downscaling relationship, leading to lower
accuracy.

The “others” category (wetland, urban areas, and water surface)
highlights a critical divergence in product reliability and algorithmic
robustness due to the substantial surface complexity. While SSM, GLASS,
and DSMAP maintain relatively consistent performance, GSSM experi-
ences a pronounced degradation. Its median correlation drops to
approximately 0.1, accompanied by a markedly larger interquartile
range that extends into negative correlation values. Although GSSM
performs strongly in cropland and grassland, these results indicate that
it lacks the generalizability required for accurate soil moisture retrieval

in more complex or heterogeneous landscapes.

Fig. 4b shows the grid-specific correlations across different climate
zones. In tropical regions, all products exhibited high median correla-
tions. GLASS achieved a slightly higher median R (0.745) compared
with GSSM (0.730) and DSMAP (0.728). More importantly, all three
products performed best in the tropics, a region that is typically chal-
lenging for dedicated soil moisture missions such as SMAP and SMOS.
Tropical environments are characterized by strong diurnal LST cycles
and tight coupling between rainfall and near-surface soil moisture.
These conditions help explain why DSMAP can still perform well, even
though SMAP's microwave signal is heavily attenuated by humid, high-
biomass canopies. Similarly, the machine learning models used in
GLASS and GSSM can leverage surface-temperature dynamics, rainfall
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history, and vegetation indices to infer soil moisture, allowing them to
maintain strong performance despite the reduced sensitivity of remote
sensing observations in these regions.

In arid regions, GSSM performed best, achieving a median correla-
tion of 0.740, which was significantly higher than that of the other
products. However, GSSM still substantially overestimated the soil
moisture in these regions as shown in Fig. 2e. SSM, GLASS, and DSMAP
showed more moderate median correlations ranging from 0.49 to 0.52,
with DSMAP exhibiting the widest variability and a larger number of
negative grid-cell correlations. This is likely attributable to the large
temperature fluctuations that are weakly related to soil moisture. In
temperate regions, DSMAP achieved the highest median correlation
(0.660), statistically outperforming both SSM and GSSM. GLASS fol-
lowed closely, although its wider interquartile range indicates less
consistency across grid cells.

In cold and polar regions, the performance of all products converged,
with median correlations ranging from 0.38 to 0.58. Although GSSM
maintained a slight advantage in this zone, the differences were not
statistically significant. DSMAP showed the lowest median correlation
(0.38), which can be attributed to the fact that frozen soils, snow cover,
and weak diurnal temperature cycles suppress both microwave sensi-
tivity and thermal-inertia signals, thereby breaking the physical link
between surface observations and soil moisture. Overall, GSSM and
GLASS remained the most robust across diverse climate regimes, with
GSSM's advantage being most pronounced in arid environments.

Fig. 4c presents the grid-specific correlations of the four products
across different soil-texture classes. In clay soils, DSMAP achieved the
highest median correlation (0.615), followed closely by GSSM (0.599),
SSM (0.575), and GLASS (0.564). In loam soils, GLASS exhibited the
highest median correlation (0.578), with GSSM following closely at
0.576; both products were statistically superior to SSM, whose median
correlation dropped to 0.42. Sandy-loam soils showed a similar pattern,
with DSMAP reaching its peak performance in this texture class (median
R = 0.585). The substantial spread and numerous outliers—particularly
for GSSM in loam—indicate that although median performance is high,
local soil heterogeneity and differences in moisture-retention properties
can lead to occasional retrieval inaccuracies.

Remote Sensing of Environment 344 (2026) 115534

In sandy soils, only GLASS and DSMAP were represented. GLASS
achieved a median correlation of 0.416, whereas DSMAP showed a
slightly higher median (0.445) but a much broader distribution,
including several negative outliers. Both products exhibited their
poorest performance in sandy soils among the four texture classes,
consistent with the pronounced overestimation at low soil moisture
values observed in Fig. 2.

4. Intercomparison with airborne soil moisture
4.1. North America

During SMAPVEX12 (Fig. 5), airborne data revealed a distinct spatial
distribution of soil moisture, with wetter conditions in the southeast and
drier conditions in the northwest. On June 15, airborne soil moisture
ranged from 0.07 to 0.55 m3/m°, with a mean of 0.22 m3/m®. SSM
demonstrated relatively poor agreement with the airborne observations,
with a low correlation of 0.152 and an RMSD of 0.116 m®/m®, indicating
limited spatial variability and a relatively uniform spatial pattern. In
contrast, GSSM and GLASS better captured the regional variations. The
dynamic ranges of GSSM and GLASS were 0.14-0.38 m®/m® and
0.13-0.45 m>/m? respectively. Following heavy rainfall on June 16, soil
moisture increased sharply before gradually declining until July 3, with
the airborne data on June 17 showing a substantial rise in the southeast
and an increase in the mean near-surface soil moisture from 0.29 to 0.42
m®/m®. SSM had a small increase in the average soil moisture value
(0.06 m3/m3), but with a large bias of —0.15 m3/m>. GLASS provided a
closer mean (0.37 m®/m®) but slightly underestimated the magnitude of
change (0.01 m3/m®). During the subsequent drying period (June
17-July 3), the average airborne soil moisture decreased from 0.28 to
0.12 m%/m>. All products captured this trend, but with differing dy-
namic ranges. GLASS (0.31 to 0.19 m3/m?) exhibited a variation that
was most consistent with the airborne observations, whereas SSM (0.25
to 0.19 m3/m®) showed a more limited variation. This contrast is
consistent with the accuracy metrics reported in Table 3 for SMAP-
VEX12, where a higher correlation was achieved for GLASS (0.387) than
SSM (0.152). A minor rainfall event on July 12 led to an increased soil
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Fig. 5. Spatial patterns of soil moisture derived from SSM, GSSM and GLASS products in comparison with aircraft observations throughout the SMAPVEX12

field campaign.
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Table 3
Evaluation results of SSM, GSSM, GLASS and DSMAP product against airborne observations of soil moisture during the field campaign.
Product Metrics SMAPVEX12 SMAPVEX15 SMAPVEX16-IA SMAPVEX16-MB SMAPEx-4 SMAPEx-5
R 0.152 0.316 —0.065 0.152 0.131 0.441
SSM Bias (m®/m?) 0.007 —0.051 —-0.016 0.074 —0.001 0.032
RMSD (m®/m®) 0.116 0.081 0.09 0.122 0.112 0.157
R 0.358 0.409 0.32 0.251 0.1 0.426
GSSM Bias (m®/m®) —0.067 0.014 0.014 0.023 0.008 0.041
RMSD (m®/m®) 0.121 0.058 0.07 0.093 0.114 0.163
R 0.387 0.426 0.384 0.219 0.119 0.406
GLASS Bias (m®/m?) -0.88 0.003 -0.029 0.017 0.008 —0.035
RMSD (m®/m%) 0.138 0.056 0.075 0.105 0.112 0.157
R 0.527 0.518 0.411 0.747 0.665
DSMAP Bias (m®/m?) —-0.012 0.025 —-0.010 —0.034 0.004
RMSD (m®/m%) 0.132 0.075 0.092 0.067 0.131

moisture in the central and southern regions on July 13, which was
effectively captured only by GLASS. In view of the statistics in Table 3,
all three products showed a low correlation with the airborne soil
moisture during SMAPVEX12, with the highest R reaching only 0.387
(GLASS). While GLASS had the strongest temporal consistency, it also
showed the largest overall spatial bias (—0.088 m®/m® and RMSD
(0.138 m*/m?).

Fig. 6 compares the airborne soil moisture observations with the four
satellite-derived soil moisture products during SMAPVEX15, a campaign
conducted under predominantly dry conditions. Following a rainfall
event on August 8, airborne soil moisture showed a sharp increase in the
central region, with the average soil moisture increasing from 0.079 m%/
m® on August 5 to 0.151 m%/m® on August 8. GLASS captured this
wetting trend most closely, with an increase of 0.041 m®/m?, followed
by GSSM (0.033 m3/m3), while SSM showed a minimal response (0.016
m®/m®), indicating low sensitivity to precipitation. After August 8, the
study area exhibited an overall drying trend, with mean soil moisture
decreasing from 0.151 m®/m? to 0.063 m®/m®. DSMAP reproduced this
trend most accurately, with a variation from 0.155 m3/m? to 0.083 m%/
m®, closely matching the airborne range. GLASS showed a moderate
decline (0.19-0.31 m3/m3), while GSSM exhibited the smallest change

Airborne _ _ ' GS

=

(0.121-0.085 m3/m3). However, SSM failed to reflect the drying trend,
maintaining a narrow range (0.173-0.142 m®/m®) and consistently
overestimated soil moisture.

During the SMAPVEX15, DSMAP best captured both the spatial
variability and temporal dynamics, showing the highest correlation with
airborne data (0.527). However, it also had the largest RMSD (0.132 m3/
m®), indicating greater variability and potential overestimation. GLASS
and GSSM performed comparably well, with moderate correlations
(0.426 and 0.409, respectively) and the lowest RMSD values (0.056 and
0.058 m>/m?), suggesting better overall accuracy. Both products effec-
tively identified dry regions but underestimated the central wet zones
and showed compressed dynamic ranges. SSM performed the poorest,
with the lowest correlation (0.316) and limited spatial responsiveness,
consistently overestimating soil moisture and failing to capture both dry
and wet extremes.

Fig. 7 compares the four products with airborne observations during
the SMAPVEX16 campaign at the lowa and Manitoba sites. At the Iowa
site (Fig. 7a), airborne data showed a large soil moisture decrease from
0.294 to 0.133 m®/m? between June 1-3. All three long-record products
detected this drying, but they all substantially overestimated the soil
moisture content. However, the same dry patches in SSM were not
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Fig. 6. Same as Fig. 5 but for SMAPVEX15.
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observed during the drying period. During the second Iowa period
(August 3-14), airborne soil moisture followed a dry-wet-dry cycle,
peaking at 0.33 m®/m>. GLASS most accurately tracked this evolution,
with both the dynamic range (0.183-0.32 m%/m®) and spatial patterns
closely aligning to the aircraft data. GSSM captured the initial wetting
but underestimated the subsequent drying (0.003 m%/m® change vs.
0.04 m3/m® airborne). DSMAP showed muted responses to rainfall
(0.163-0.238 m3/m3), while SSM again performed the worst, remaining
nearly static (0.257-0.27 m®/m®) and spatially uniform.

At the Manitoba site (Fig. 7b), multiple rainfall events (June 14, 19;
July 18, 21) caused a pronounced soil moisture increase (Qian et al.,
2025), especially in the clay-rich southeast where water retention is
high. DSMAP most faithfully reproduced these episodic wettings and
maintained a good agreement with the airborne measurements. How-
ever, clear patches of 9 km grids can be observed in the DSMAP images.
This occurs because the downscaling approach redistributes coarse-

Airborne SSM GSSM DSMAP

GLASS

Remote Sensing of Environment 344 (2026) 115534

resolution soil moisture using high-resolution auxiliary patterns and
thus retains strong dependence on the original coarse grid, particularly
in areas with low surface heterogeneity. As a result, although DSMAP
performed well in capturing temporal dynamics, its spatial fidelity was
limited. GLASS captured the broad east-west moisture variations and
matched the airborne dynamic range (0.08-0.52 vs. 0.03-0.56 m3/m3)
but responded weakly to individual storms. Moreover, GLASS and GSSM
consistently maintained drier conditions in the western part of the study
area throughout the experiment, exhibiting narrow dynamic ranges of
0.237-0.244 m>/m® and 0.151-0.208 m®/m?, respectively. Further-
more, the spatial extent of the dry zones was similar to the distribution
of sand and sandy loam in the west, indicating a relatively poor per-
formance of GLASS over sand. SSM lagged overall, showing limited
spatial variability and failing to reflect rainfall impacts.

Airborne SSM DSMAP

GLASS

03

Soil moisture [m3/m?3]
0.5

Fig. 8. Comparison of soil moisture distributions patterns from SSM, GSSM, GLASS, DSMAP, and airborne observations during (a) SMAPEx-4; and (b) SMAPEx-5.
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4.2. Australia

Fig. 8 compares airborne soil moisture observations with the four
products during the SMAPEx-4 (a) and SMAPEx-5 (b) campaigns.
SMAPEx-4 began under spatially homogeneous dry conditions, followed
by small to moderate rainfall events on May 9 and 18 that increased
surface heterogeneity. Among the products, DSMAP showed the best
overall performance, with an RMSD of 0.067 m?®/m?3, effectively
capturing both the spatial distribution and the temporal dynamics. On
May 10, DSMAP closely followed the airborne wetting trend, with a
mean soil moisture of 0.252 m®/m®, compared to airborne values
ranging from 0.06 to 0.201 m®/m®. In contrast, SSM, GSSM and GLASS
failed to represent the rainfall-induced changes, showing limited dy-
namic ranges. This limitation likely resulted from cloud contamination
affecting the optical remote sensing inputs used in these products, as
imperfect cloud masking (Zhu and Woodcock, 2012) can lead to residual
atmospheric artifacts and data gaps that propagate uncertainty into the
derived soil moisture estimates (Zhong et al., 2024).

Among them, GSSM performed the worst, with a narrow range
(0.11-0.137 m*/m®) and an RMSD of 0.114 m*/m> SSM and GLASS
showed moderate improvements, but still underestimated the post-
rainfall soil moisture, with dynamic ranges of 0.176-0.183 m>/m® and
0.128-0.161 m®/m°, respectively.

Compared to SMAPEx-4, SMAPEx-5 began with wet and heteroge-
neous soil due to extensive rainfall prior to the experiment (Ye et al.,
2019). As no further rainfall occurred, the full transition of SM from
wet to dry (0.367 to 0.074 m3/m?) was clearly observed.

All four products captured the overall drying trend, but SSM and
GSSM showed limited responsiveness, with small changes in magnitudes
(0.06 m3/m®) and a high RMSD (0.157 and 0.163 mg/mg’, respectively).
In contrast, GLASS and DSMAP displayed wider dynamic ranges. DSMAP
most closely matched the airborne data, with a dynamic range of
0.317-0.127 m®/m® and an RMSD of 0.131 m®/m®. Spatially, GLASS
better captured wet conditions in the western and northern regions,
while DSMAP more accurately represented wetter areas in the eastern
and southern parts. However, GLASS exhibited a distinct dry zone in the
southeastern part of the study area, characterized by a narrow soil
moisture range (0.091-0.131 m3/m®) and low spatial variability. This
pattern may be attributed to the hilly terrain of the region; affected by
topographic variability, the GLASS algorithm performed relatively
poorly under complex topographic conditions.

5. Discussion

Overall, the results reveal clear differences in performance among
the four soil moisture products across evaluation scales. GLASS and
GSSM generally show stronger agreement with in-situ observations,
while DSMAP demonstrates advantages in capturing spatial and tem-
poral dynamics when compared with airborne data. In contrast, SSM
consistently exhibits limited sensitivity to both extremes and variability.
Performance also varies substantially across environmental conditions,
with notable dependencies on land cover, climate regime, and soil
texture Building on these findings, the discussion is organized around
three objectives and knowledge gaps: evaluating real-world perfor-
mance beyond official reports, assessing spatial patterns using airborne
references, and providing practical guidance for users and developers.

5.1. Limitations and generalization challenges revealed by independent
evaluation

The four evaluated products performed more poorly within the core
grid cells (Fig. 2) than what was reported in their respective documen-
tation. For example, SSM was officially reported to have an ubRMSE of
0.045 m3/m° (Zheng et al., 2023), yet in this study its ubRMSE was
found to be 0.104 m3/m3, with a bias reaching —0.038 m®/m?, deviating
substantially from the reported zero bias. This discrepancy may result
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from the reliance on ESA-CCI soil moisture and ERA5 reanalysis for
downscaling, which could introduce bias under regions with sparse in-
situ observations. GSSM achieved an RMSE of 0.10 m®/m®, being
nearly twice its reported value of 0.05 m3/m® (Han et al., 2023), indi-
cating limited cross-regional generalization capability despite being
driven by predictors with clear physical relevance to soil moisture dy-
namics. GLASS showed a relatively consistent performance, with an
RMSE of 0.105 m®3/m?3, which is close to its reported value of 0.079 m>/
m3 (Zhang et al., 2023), likely reflecting the stabilizing effect of ETC-
based station selection and the robustness of the XGBoost model. In
contrast, DSMAP was reported to have an ubRMSE of 0.063 m®/m®
(Fang et al., 2022), but was found to have an ubRMSE of 0.099 m3/m?3.
This is consistent with the known limitations of thermal inertia-based
downscaling in regions where soil moisture and surface temperature
are weakly coupled. Overall, the performance degradation observed
across products largely reflects two factors: overfitting to the official
validation environments and the reduced physical sensitivity of key
input features when applied to independent regions with different
climate, vegetation, and soil conditions.

The comparison between core and extra grid cells (Fig. 3) further
reveals the influence of spatial representativeness on product evalua-
tion. Core grid cells, where the in-situ station's land cover is more
representative of the surrounding 1 km grid, reduce the mismatch be-
tween point-scale measurements and grid-scale estimates, leading to a
more reliable assessment of product performance. In contrast, extra grid
cells are more affected by sub-grid heterogeneity. The higher correla-
tions observed in core grid cells for machine-learning-based products
(SSM, GSSM, and GLASS) suggest that these products are more capable
of capturing soil moisture dynamics in areas with low surface hetero-
geneity. For DSMAP, the absence of significant difference in correlation
between core and extra grid cells likely reflects the fact that its thermal-
inertia-based downscaling approach is less dependent on local land-
cover homogeneity. These findings highlight the need to include
diverse, heterogeneous site conditions in both model training and in-
dependent evaluation, so that reported accuracies are representative of
real-world applications rather than limited to homogeneous landscapes.

Substantial discrepancies were also observed between evaluations
using different grid cell definitions. Performance over the core grid cells
defined in this study was compared with results from a stricter definition
requiring more than five in-situ stations per grid cell. All products
showed improved performance under this stricter definition (Supple-
mentary Material), with SSM exhibiting the largest improvement,
achieving an R of 0.585 and an RMSE of 0.082 m®/m® (Fig. S6a). A
similar pattern was reported for the GLASS product, where performance
on extended triple collocation (ETC)-selected sites was substantially
better than on excluded sites (Zhang et al., 2023). These differences arise
because strict site selection greatly reduces sub-grid representativeness
error. Grid cells with dense in-situ sampling provide a more accurate
approximation of the true 1 km soil moisture mean, thereby inflating
apparent accuracy. However, such strict sites represent only a very small
fraction of the land surface (e.g., only five grid cells for SSM in Sup-
plementary Material), and their environmental conditions are typically
homogeneous and well-instrumented. As a result, while accuracy on
these sites is more reliable, it is less informative for independent eval-
uation and offers limited insight into model performance in heteroge-
neous or complex regions.

Even with the broader core grid definition adopted in this study, the
evaluated grid cells still cover only a small portion of the global land
surface and remain subject to uncertainties in spatial representativeness.
Consequently, the evaluation results may be substantially influenced
when generalized across diverse climates and landcover conditions (Min
et al., 2023; Peng et al., 2025), and should therefore be interpreted as
reflecting product performance within the studied regions rather than
being generalized to the global scale. While this study reveals perfor-
mance limitations under specific conditions, further validation across
more diverse and spatially extensive observational networks is required
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to more comprehensively characterize the products' global error char-
acteristics. Nevertheless, these findings indicate that none of the eval-
uated products met the target accuracies of 0.04 m>/m? for radiometer-
based (Brown et al., 2013) and 0.06 m®/m? for radar-based soil moisture
retrievals (Colliander et al., 2017b) under the tested machine learning
frameworks. This suggests a limited generalization capability of ma-
chine learning methods and empirical regressions when applied to
environmental conditions not fully represented in the original training
data, highlighting the need for independent evaluation and a cautious
use of these products in real-world applications.

5.2. Implications from the intercomparison with airborne data

The airborne soil moisture estimates provided a spatially continuous
reference that revealed notable differences in how well each product
captured fine-scale spatial patterns, offering insights that cannot be
obtained from point-based in-situ validation alone, thereby providing a
more process-relevant basis for their application in hydrological and
ecological studies. Among the evaluated products, DSMAP demon-
strated the best overall performance in capturing both spatial distribu-
tion patterns and temporal dynamics of soil moisture (Figs. 6-8 and
Table 3). It successfully captured the soil moisture increase after pre-
cipitation events and maintained a dynamic range closely aligned with
airborne observations. This is largely attributed to the high quality of the
original SPL2SMP_E dataset, which provides reliable soil moisture dy-
namics in both space and time. However, as the 1 km DSMAP product is
derived through downscaling from the SPL2SMP _E data used on a 9 km
grid, residual coarse-resolution spatial patterns remain evident, man-
ifested as distinct grid artifacts in the outputs, which limit its ability to
capture fine-scale spatial heterogeneity. This may introduce spatial
discontinuities in catchment-scale hydrological models, potentially
misrepresenting lateral flow or localized saturation zones (Minet et al.,
2011).

GLASS generally performed well across the airborne campaigns, but
showed notable underestimation in areas with complex topography (e.
g., hilly terrain in Fig. 8b) and sandy soils (Fig. 7b), along with relatively
low spatial variability. In contrast, GSSM and SSM exhibited more
pronounced limitations. While GSSM captured broad drying and wetting
trends in some cases (e.g., SMAPVEX12), its dynamic range was
consistently narrow, failing to reflect rainfall-driven spatial variations in
soil moisture. SSM performed the poorest overall (Table 3), character-
ized by low spatial contrast correlation (0.188), limited dynamic range,
and higher RMSD values than the other products, with an average RMSD
of 0.113 m®/m®. These deficiencies prevented it from adequately rep-
resenting the true spatial heterogeneity of soil moisture observed in
airborne measurements. The narrow dynamic range and low spatial
contrast observed in SSM and GSSM limit their utility for ecological
monitoring. For example, they may fail to trigger the soil moisture
thresholds required to identify localized plant water stress or map
drought-resilient refugia (Fu et al., 2024).

A common issue across the three machine-learning-based products
was the presence of nearly “frozen” spatial patterns, where certain areas
remained persistently wetter or drier regardless of rainfall events. While
the internal mechanisms of these models cannot be fully diagnosed due
to their black-box nature, such behavior is likely driven by their heavy
reliance on static predictors (e.g., terrain attributes, soil texture) and on
input variables with limited sensitivity to short-term rainfall. As a result,
the models tend to preserve stable spatial contrasts even during wetting
events, leading to muted temporal variability and an underrepresenta-
tion of event-scale soil moisture dynamics.

Although this study made an effort to evaluate spatial patterns, the
methods applied were primarily based on visual interpretation and
overall accuracy statistics. These approaches provide only qualitative
insights and do not offer quantitative measures of how well each product
captures spatial variability. Accordingly, key aspects such as pattern
similarity, spatial structure, and fine-scale heterogeneity remain
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unassessed. Future research should incorporate more rigorous spatial
evaluation techniques to better characterize the spatial performance of
high-resolution soil moisture products. Enhancing spatial-scale evalua-
tion will improve the reliability and practical applicability of these
datasets in hydrological modeling, drought monitoring, and agricultural
management.

5.3. Guidance for end users and future development of soil moisture
products

The four evaluated products had distinct strengths, and no single
dataset is universally optimal. GLASS generally provided the most
balanced performance, achieving the highest correlation (0.575) and
lowest ubRMSE (0.097 m®/m®) among the products in the core grid cells
(Fig. 2), DSMAP also performed strongly, particularly in capturing
temporal dynamics, though its spatial fields sometimes retained coarse-
resolution artifacts (Fig. 7 and 8). GSSM showed comparable overall
accuracy with smallest overall bias (—0.019 m3/m3) and median bias
(—0.014 m3/m?) but suffered from a narrow dynamic range and the
largest bias (0.164 m®/m®) during dry extremes (Fig. 2). SSM consis-
tently performed the poorest, with low overall correlation (0.399) and
median correlations (< 0.5) (Fig. 2 and 3), limited spatial variability,
and weak sensitivity to wetting and drying events. Look up figures were
provided (Fig. 9) for end users to identify the best-performing product
for a specific landcover type, soil texture, and climate zone. However,
only six environmental categories exhibited significantly superior
products, highlighting the need to further enhance the accuracy of these
products. Fig. 9 may also serve as a reference for deriving fusion weights
in the development of a composite product, which is expected to result
in an enhanced product.

Apart from a fusion framework of existing products, clear priorities
were identified for the observed systematic limitations. A recurring issue
across the four products is the imbalance of bias across different soil-
moisture ranges, with substantial overestimation at dry conditions and
underestimation at wet conditions (Fig. 2e). This reflects several inter-
acting factors. Extremes occur in environments where remote sensing
sensitivity is inherently low: very dry conditions are often associated
with sandy soils or frozen surfaces, while very wet conditions frequently
coincide with dense vegetation that attenuates both microwave and
thermal inertia signals. These physical limitations make both ends of the
soil moisture spectrum more difficult to retrieve accurately (Fig. 4b and
). In addition, dry and wet extremes were generally underrepresented
in the training data due to fewer extreme dry or wet ground measure-
ments, meaning that learning algorithms devote less attention to these
cases during optimization. Beyond these environmental and sampling
constraints, data-driven models also tend to regress toward the mean, a
natural consequence of minimizing global loss functions, which further
amplifies the overestimation of dry values and underestimation of wet
values. Mitigating the bias imbalance across soil-moisture ranges will
require multiple strategies: (1) better representation of extreme envi-
ronments in the training data; (2) hybrid physical-statistical modeling
to improve sensitivity under challenging conditions; and (3) tailored loss
functions or post-processing schemes that explicitly preserve the dy-
namic range rather than regressing toward the mean.

Environmental generalization remains a major challenge. Product
performance varied substantially across land-cover types, climate zones,
and soil textures, with sharp degradation in heterogeneous landscapes,
arid regions, dense forests, and sandy soils (Fig. 4). These patterns
highlight the need for training datasets that more fully represent global
environmental diversity, as well as model architectures that explicitly
incorporate physical constraints to improve transferability beyond well-
instrumented regions. Expanding in-situ networks, integrating airborne
campaigns, adopting hybrid physical-machine-learning and applying
transfer learning approaches (Zhu et al., 2025a; Zhu et al., 2024) will be
essential for improving robustness across diverse conditions.

Improving spatial fidelity is another key priority. DSMAP
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Fig. 9. Correlation coefficients (R) achieved by the four products under a) cropland, b) forest and c) grassland respectively. Only categories with more than five grid
cells were included. Circle colors represent the four products, and the circle size reflects the magnitude of R. Circles outlined with black rectangles indicate cases
where the product with the highest R value is statistically superior to the others based on a one-sample t-test (p < 0.05).

demonstrated strong temporal responsiveness but retained coarse-
resolution artifacts inherited from the SMAP radiometer product,
particularly in regions with low surface heterogeneity. GLASS and GSSM
showed muted dynamic ranges and systematic underestimation in sandy
soils and complex topography. A related limitation across the data-
driven products is the presence of persistent, nearly “frozen” spatial
patterns that change little with rainfall. These observations point to a
clear trade-off that future development must address. Reliable coarse-
resolution inputs such as SMAP products supply valuable temporal in-
formation, yet excessive dependence on them can imprint coarse-grid
structures onto downscaled fields. Conversely, greater emphasis on
high-resolution auxiliary variables improves spatial detail but can
amplify systematic errors in challenging environments (e.g., sandy soils,
complex terrain). Likewise, heavy use of static predictors (e.g., terrain
attributes, soil texture and landcover data) risks locking the retrieval
into spatial patterns that are insensitive to short-term hydrologic forc-
ing. Following Meng et al. (2024b), future models should better inte-
grate dynamic, rainfall-responsive information and assign greater
weight to predictors that reflect the soil water balance (e.g., low-
frequency microwave observations, improved precipitation forcing,
and physically informed constraints), while carefully balancing the
stabilizing influence of coarse products against the spatial fidelity
offered by high-resolution inputs.

6. Conclusions

This study provides a comprehensive assessment of high-resolution
soil moisture products by evaluating their real-world performance
beyond official validation reports, incorporating spatial validation using
airborne observations, and identifying limitations in their generalization
and spatial fidelity. The main conclusions are as follows:

1) All four soil moisture products performed more poorly in this
independent evaluation than reported in their respective official docu-
mentations. None of the products achieved the target ubRMSE of 0.04
m3/m? for radiometer-based retrievals or 0.06 m>/m?> for radar-based
retrievals. The observed ubRMSE ranged from 0.097 to 0.104 m>/m?,
highlighting the need for caution when applying these datasets in an
operational context.

2) The evaluated products had narrower dynamic ranges (0.10-0.30
m3/m?) compared to in-situ observations (0.05-0.40 m3/m?). Imbal-
ance of bias was observed with substantial overestimation at dry con-
ditions (> 0.1 m3/m? for 0-0.05 m®/m®) and underestimation at wet
conditions (< —0.1 m*/m? for 0.40-0.50 m%/m?). This indicates a sys-
temic limitation in representing extreme dry and wet conditions, often
resulting from machine learning models regressing toward the global
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mean.

3) Across diverse environmental conditions, the four soil moisture
products exhibit distinct strengths and limitations, reflecting the varying
sensitivities of their underlying algorithms to land-cover complexity,
climate regimes, and soil texture. GLASS and GSSM emerge as the most
consistently robust products overall, with GLASS demonstrating strong
adaptability across heterogeneous landscapes and GSSM excelling
particularly in arid regions and open vegetation types. DSMAP performs
well in croplands and certain soil textures but shows reduced reliability
in forests, arid climates, and sandy soils due to the inherent constraints
of thermal-inertia downscaling and SMAP radiometer sensitivity. SSM
generally lags behind the other products, especially in grasslands and
loam soils. Notably, GLASS, GSSM, and DSMAP perform exceptionally
well in tropical regions, where strong diurnal temperature cycles and
tight rainfall-soil moisture coupling enhance retrieval skill despite the
challenges faced by traditional microwave missions.

4) Airborne campaigns provided critical insights into spatial per-
formance that the point-based evaluation cannot reveal. DSMAP
demonstrated the strongest ability to reproduce wetting and drying
trends and maintain temporal consistency. However, it retained distinct
9 km “grid artifacts” inherited from the original SMAP radiometer data,
which limit its fine-scale spatial fidelity. GLASS effectively captured
broad spatial patterns but underestimated soil moisture in sandy soils
and complex terrain. SSM and GSSM showed pronounced limitations,
including weak responsiveness to rainfall and poor representation of
fine-scale heterogeneity, resulting in a compressed dynamic range and
reduced spatial variability. Persistent, nearly “frozen” spatial patterns of
soil moisture were observed across the three data-driven based products.
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Summary of the in-situ soil moisture networks used in this study.
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Project of Jiangsu Province (BK20250192) and Qing Lan Project. The
authors express sincere thanks to the data providers and the Interna-
tional Soil Moisture Network for the network data.

Network name Country/Region # Station used Depth used [cm] Reference

AACES Australia 19 0-5 (Peischl et al., 2012)
AMMA-CATCH Benin, Niger, Mali 7 5 (Galle et al., 2018)

ARM USA 35 25,5 (Cook, 2016)

BIEBRZA S-1 Poland 27 5 (Musiat et al., 2016)
BNZ-LTER Alaska 11 5

COSMOS USA 2 0-5, 0-4 (Zreda et al., 2008)
COSMOS-UK UK 21 5 (Cooper et al., 2021)
CTP_SMTMN China 57 0-5 (Yang et al., 2013)
DAHRA Senegal 1 5 (Tagesson et al., 2015)
FLUXNET-AMERIFLUX USA 5 2,5

FMI Finland 26 2,5 (Ikonen et al., 2018)
FR_Aqui France 5 1,5 (Al-Yaari et al., 2018)
HOAL Austria 33 5 (Bloschl et al., 2016)
HOBE Denmark 32 0-5 (Jensen and Illangasekare, 2011)
HYDROL-NET_PERUGIA Italy 2 5

HiWATER_EHWSN China 174 4 (Kang et al., 2014)
KHOREZM Uzbekistan 7 0-5 -

MAQU China 27 5 (Su et al., 2011)
MySMNet Malaysia 7 0-5 (Kang et al., 2019)
NAQU China 11 5 (Su et al., 2011)

NGARI China 23 5 (Su et al., 2011)
ORACLE France 6 53

OZNET Australia 20 0-5 (Smith et al., 2012)
PBO_H20 USA 154 0-5 (Larson et al., 2008)
REMEDHUS Spain 24 0-5 (Gonzalez-Zamora et al., 2019)
RISMA Canada 23 0-5 (Ojo et al., 2015)

RSMN Romania 20 0-5

Ru_CFR Russia 5

SASMAS Australia 14 0-5 (Riidiger et al., 2007)
SCAN USA 1 2.54 (Schaefer et al., 2007)
SD_DEM Sudan 1 5 (Ardo, 2013)

SKKU Korea 5 5 (Nguyen et al., 2017)
SMN-SDR China 34 3 (Zhao et al., 2020)
SMOSMANIA France 22 5 (Calvet et al., 2016)
SNOTEL USA 1 0-5 (Leavesley et al., 2010)
SOILSCAPE USA 127 4,5 http://soilscape.usc.edu/
SWEX POLAND Poland 2 0-2 (Marczewski et al., 2010)
TAHMO West Africa 4 5

TERENO Germany 5 5 (Bogena et al., 2018)
TWENTE Netherlands 44 5 (van der Velde et al., 2023)
TxSON USA 40 5 (Caldwell et al., 2019)
UDC_SMOS Germany 11 5 (Schlenz et al., 2012)
USCRN USA 115 5 (Palecki and Bell, 2013)
USDA-ARS USA 4 0-5 (Jackson et al., 2010)
VAS Spain 2 0-5 http://nimbus.uv.es/
WSMN UK 4 25,5 (Petropoulos and McCalmont, 2017)
XMS-CAT Spain 11 5 https://visors.icgc.cat/mesurasols/#9/42.1765/1.1132
iRON USA 10 5 (Osenga et al., 2021)
Tibet-Obs China 1 5 (Zhang et al., 2021)
SONTE-China China 19 0-5 (Wang et al., 2023)
QLB-NET China 82 5 (Chai et al., 2024)

Genhe China 24 5 (Jiang et al., 2020)
Saihanba China 25 5 (Jiang et al., 2020)

Little Washita USA 31 5 (Yang et al., 2020)

Fort Cobb USA 17 5 (Yang et al., 2020)

Raam Netherlands 15 5 (Benninga et al., 2018)
OZNET Australia 93 0-5 (Smith et al., 2012)
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Table A2

The number of available grid cells in each category used in this study.

Remote Sensing of Environment 344 (2026) 115534

Environmental condition Product Category N
SSM Forest 6
SSM Grassland 299
SSM Cropland 78
SSM Others 29
GSSM Forest 11
GSSM Grassland 269
GSSM Cropland 26
Landcover GSSM Others 89
GLASS Forest 125
GLASS Grassland 912
GLASS Cropland 327
GLASS Others 88
DSMAP Forest 132
DSMAP Grassland 1011
DSMAP Cropland 229
DSMAP Others 75
SSM Tropical 0
SSM Arid 29
SSM Temperate 228
SSM Cold and polar 155
GSSM Tropical 41
GSSM Arid 49
GSSM Temperate 142
Climate GSSM Cold and polar 163
GLASS Tropical 80
GLASS Arid 263
GLASS Temperate 489
GLASS Cold and polar 620
DSMAP Tropical 54
DSMAP Arid 278
DSMAP Temperate 531
DSMAP Cold and polar 584
SSM Clay 32
SSM Loam 263
SSM Sandy Loam 112
SSM Sand 5
GSSM Clay 42
GSSM Loam 259
GSSM Sandy Loam 88
Soil texture GssM Sand 6
GLASS Clay 126
GLASS Loam 938
GLASS Sandy Loam 281
GLASS Sand 107
DSMAP Clay 107
DSMAP Loam 954
DSMAP Sandy Loam 317
DSMAP Sand 69
1.0
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GSSM
084 GLASS
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0.6 e - £
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Fig. Al. Sensitivity of accuracy metrics (R and ubRMSE) to different land-cover similarity thresholds (LC-area = 0.70-0.85). The evaluation outcomes are generally
insensitive to the choice of threshold, with 0.82 being a literature-based conservative threshold rather than an optimized threshold specific to this study.
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Appendix B. Supplementary data
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Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2026.115534.

Data availability
Data will be made available on request.
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