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Global daily 9 km remotely sensed 
soil moisture (2015–2025)  
with microwave radiative  
transfer-guided learning
Sijia Feng1,14, Aoyang Li2,3,4,5,14, Rui Zhou   2,3,4,5, Klaus Butterbach-Bahl1,6, Kaiyu Guan2,3,4,5, 
Zhenong Jin   7, Majken C. Looms8, Sherrie Wang9,10, Christian Igel11,12, Claire Treat   1, 
Jørgen Eivind Olesen   13 & Sheng Wang   1,2 ✉

Accurate estimation of surface soil moisture (SM) in terrestrial ecosystems is essential for understanding 
hydroclimate dynamics. The L-band Soil Moisture Active Passive (SMAP) mission provides 9-km global 
daily surface SM by using a microwave radiative transfer model (RTM)-based algorithm. However, the 
accuracy of SMAP SM is limited in regions with dense vegetation cover and complex surface conditions, 
due to the empirical parameterization and oversimplified radiative transfer processes. To overcome 
the limitations, we developed a Process-Guided Machine Learning (PGML) framework to integrate 
RTM theories and deep learning to predict global daily surface 9-km SM from April 2015 to June 2025. 
Informed by domain knowledge, we developed the PGML model structure using RTM and hydrological 
theories, designed a Kling-Gupta efficiency-based cost function, pretrained it with RTM simulations, 
and fine-tuned it with in-situ measurements. The independent validation shows that PGML SM has 
strong agreement with in-situ measurements (R = 0.868 and unbiased RMSE = 0.054 m3/m3). This study 
highlights the potential of PGML to enhance the accuracy of satellite SM, thereby supporting improved 
water resources and ecosystem management.

Background and Summary
Surface soil moisture (SM) is a critical hydroclimatic variable that influences the global water, carbon, and energy 
cycles1,2. It plays a crucial role in regulating evapotranspiration, modulating plant water stress, and governing 
interactions between the land and the atmosphere3. Furthermore, SM is a key indicator for assessing ecosystem 
productivity, forecasting weather and climate features and extremes, and supporting early warning systems for 
natural hazards4–6. Therefore, accurate spatial and temporal SM information is vital for these applications and 
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for advancing our understanding of ecohydrological processes. Despite its importance, capturing the global 
spatiotemporal variability of SM through frequent observations remains a major challenge.

Satellite remote sensing provides continuous, cost-effective, and global observations, and has been widely 
used in SM estimation. Microwave remote sensing is a powerful and reliable approach due to its ability to pene-
trate clouds and operate under all weather conditions. Among microwave techniques, passive microwave sens-
ing at L-band (1.41 GHz) is especially effective for retrieving SM from the top ~5 cm of soil3. Currently, the Soil 
Moisture Active Passive (SMAP)7 mission from the National Aeronautics and Space Administration (NASA) 
and the Soil Moisture and Ocean Salinity (SMOS)8 mission from the European Space Agency (ESA) are specifi-
cally designed to provide global daily surface SM products at L-band.

Current SM products are typically derived from microwave radiative transfer models (RTMs), enabling con-
sistent and physically based SM retrievals across diverse landscapes. The strength of RTMs lies in their solid 
physical foundation: they explicitly simulate microwave scattering and absorption by vegetation and soil, allow-
ing them adapt to varying land cover conditions9,10. Building on these strengths, several enhanced RTM-based 
algorithms have been developed for L-band passive microwave observations, including the multi-temporal 
dual-channel algorithm that assumes vegetation remains unchanged within around a week11, the multi-channel 
collaborative algorithm that assumes vegetation optical depth varies with polarization while SM is independent 
of polarization12, and the mono-angle L-band microwave emission of the biosphere model where vegetation 
parameters are initialized from optical observations and SM is retrieved independently13. Despite these advance-
ments, RTM-based SM products still exhibit significant uncertainties, particularly in areas with dense vegeta-
tion, actively growing crops and complex land surface with strong spatial heterogeneity14,15. These uncertainties 
are primarily attributed to a combination of fundamental physical constraints and inherent model limitations. 
Specifically, the physical constraints include the limited penetration capability of microwave signals through 
vegetation canopies and confounding signal scattering introduced by terrain, land management and rainfall 
events16. The model limitations come from the empirically derived vegetation parameters17–19 and surface rough-
ness representations16,20–22, as well as oversimplified microwave radiative transfer processes (e.g., neglecting mul-
tiple scattering between the surface and vegetation and assuming the canopy is a homogeneous medium)10.

To overcome the limitations of RTM-based algorithms, data-driven machine learning (ML) approaches 
have increasingly been adopted to leverage microwave observations and hydroclimate datasets for SM esti-
mations23–25. A range of ML models have been applied, including random forest24, neural networks23,25, and 
long-short-term memory26 (LSTM). For example, Lei et al.24 used random forest regression to estimate global 
daily SM from SMAP observations with an unbiased root mean square error (ubRMSE) of 0.05 m³/m³. Similarly, 
Gao et al.23 developed a deep neural network to improve SM estimates by incorporating SMAP observations 
alongside multi-source land surface features (surface temperature, soil texture, etc.), achieving an R of 0.697 
and a ubRMSE of 0.057 m³/m³. While these ML methods show great promise for improving the accuracy of 
global SM estimates, they still suffer from the lack of embedded physical knowledge and limited generalizability 
in data-scarce regions24,27. These shortcomings may reduce model robustness and transferability when applied 
across diverse environmental conditions.

Process-guided machine learning (PGML)—also known as knowledge-guided or physics-informed machine 
learning—offers a promising pathway to bridge the gap between process-based physical models and data-driven 
approaches28,29. PGML integrates ML with domain knowledge through various strategies, such as designing 
model architecture based on domain knowledge, developing physics-guided loss functions, and training models 
using simulation data from physical models30,31. These strategies enhance the flexibility and modularity of PGML, 
enabling it to effectively assimilate multi-source data, including satellite observations, RTM simulations, hydro-
climatic data, and field measurements32. PGML has been successfully applied to simulate key ecosystem states 
and dynamics from biogeochemical processes, such as soil organic carbon changes29 and plant biomass in crop-
lands33. In the context of SM estimation, PGML frameworks have been used to fuse multi-source hydroclimate 
variables with in-situ measurements, and to incorporate physical constraints into model loss functions34–37. Wang 
et al.34 incorporated a physical constraint into a LSTM model by applying the water transport mechanism in the 
unsaturated zone. Based on the Richardson-Richards equation, Zhang et al.37 developed a physical constraint loss 
function for the convolutional neural networks and LSTM model to predict multi-layer SM in eastern China. 
While these approaches have improved the accuracy of SM estimates, many of them treat domain knowledge as 
an external constraint, rather than fully embedding physical mechanisms within the model structure, thereby 
limiting their ability to capture complex physical relationships. Accordingly, further development of PGML 
approaches that tightly couple radiative transfer principles, in-situ SM measurements, and multi-source satellite 
and model data is essential for enhancing the accuracy and generalizability of global SM estimation.

To produce accurate global surface SM estimates, this study developed a microwave radiative transfer 
process-guided machine learning framework that integrates microwave RTM with deep learning. Specifically, 
guided by microwave radiative transfer processes, we developed an ML model for SM estimation using remote 
sensing observations, hydroclimate features and in-situ SM measurements. The RTM physics and ML model 
are deeply embedded in mechanisms cooperating and external constraints, including simulating pre-trained 
datasets, informing the selection of input features, and guiding the design of model structure and loss functions. 
Based on this framework, a global daily surface SM dataset at 9 km spatial resolution from April 2015 to June 
2025 was produced.

Methods
Datasets and pre-processing.  We developed the PGML model using multi-source remote sensing obser-
vations and hydroclimate datasets (Table 1). All the datasets used in PGML were projected to the Equal-Area 
Scalable Earth Grid 2.0 (EPSG: 6933) with 9-km spatial resolution, consistent with the spatial reference of SMAP 
observations.
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Passive microwave observations.  The L-band SMAP mission provides vertically (V) and horizontally 
(H) polarized surface brightness temperature (Tb) at 40°, with overpasses at 6 AM (descending) and overpasses 
at 6 PM (ascending) since April 20157. We collected the Tb observations at both V- and H-polarization from 
SMAP Level 3 Enhanced Soil Moisture version 638 (SPL3SMP_E, https://nsidc.org/data/spl3smp_e/versions/6) 
from April 2015 to June 2025. Due to the thermal consistency between the vegetation canopy and bare soil surface 
in the early morning39, only Tb observations at 6 AM (local time) were collected to estimate SM.

Vegetation water content.  We estimated the Vegetation Water Content (VWC) using an empirical equa-
tion of NDVI with land cover-based parameters40.

VWC NDVI NDVI sf NDVI(1 9134 0 3215 ) ( 0 1)/(1 0 1) (1)2
max= . × − . × + × − . − .

Here, the first part with NDVI describes the canopy water content, the second part with sf estimates the veg-
etation stem water content. NDVImax is the maximum during the whole study period, sf is the static parameter 
for vegetation stem fractions collected from the land-cover-based lookup table in the SMAP DCA document41. 
Note that the daily NDVI is used instead of NDVImax for croplands and grasslands40.

As the dynamic NDVI can capture the surface vegetation variation better than climatological NDVI and 
further improve SM retrieval accuracy19, the daily NDVI composited by 0.05° 16-day NDVI from MOD13C142 
(https://www.earthdata.nasa.gov/data/catalog/lpcloud-mod13c1-061) was used for estimating VWC. The 
pre-processing steps include quality control (remove poor data with quality flag > 1), reprojection, resampling 
to 9-km spatial resolution, linear interpolation, Savitzky-Golay filtering43 with a smoothing window size of 9 
and a 6th-order polynomial44, and removing the instances where more than 2 sets of 16-day NDVI composites 
are missing consecutively.

Surface temperature, precipitation and evaporation.  The surface temperature, precipitation and 
evaporation data were acquired from the European Centre for Medium-Range Weather Forecasts (ECMWF) 
ERA5-Land hourly dataset45 (https://cds.climate.copernicus.eu/doi/10.24381/cds.e2161bac). These variables pro-
vide global spatial-temporal continuous coverage, with hourly data at a spatial resolution of 0.1° (~10 km). Daily 
surface temperature was collected from the average hourly surface temperature of each day. Daily precipitation 
and evaporation were acquired from the total precipitation and evaporation at 12 PM each day. Then, these vari-
ables were reprojected and resampled to the 9-km EASE-Grid 2.0.

Ancillary data.  Ancillary data for SM estimation include land cover types, soil texture, and climate types. The 
land cover classification map based on the International Geosphere-Biosphere Program (IGBP) was extracted 
from the MCD12C146 (https://www.earthdata.nasa.gov/data/catalog/lpcloud-mcd12c1-061, Figure S1a and 
Table S1). The soil bulk density and clay fraction were collected from the SoilGrid25047. The Köppen-Geiger 
climate classification map was produced by Beck et al.48, with five major climate zones including tropical, arid, 
temperate, cold, and polar regions (Figure S1b). All the ancillary datasets were processed into the EASE-Grid 2.0 
projection with 9-km spatial resolution.

In-situ soil moisture measurements.  We collected global in-situ SM measurements from the 
International Soil Moisture Network49 (ISMN, https://ismn.earth/en/), AmeriFlux50 (https://ameriflux.lbl.gov/
resources/logos-acknowledgments/), Integrated Carbon Observation System51–53 (ICOS, https://www.icos-cp.
eu/), JapanFlux54 (https://ads.nipr.ac.jp/japan-flux2024/) and previous related studies55–65 during April 2015 to 
June 2025. The following four processing steps were taken to obtain reliable daily SM measurements. (i) To con-
sider the depth of passive microwave penetration through the land surface, only the top 5 cm measurements 
were used in this study. (ii) All sites were filtered through strict quality control approaches, including removing 
missing, erroneous and anomalous values based on the quality flag (quality flag≠G). (iii) To ensure a consistent 
temporal resolution across multi-source datasets and maximize data availability, daily SM was extracted directly 
or calculated by averaging hourly SM measurements (at least 18 valid measurements per day). (iv) To reduce the 

Variable Source Spatiotemporal resolution Unit Range

Brightness Temperature (Tb) SPL3SMP_E38 9 km, daily K 0–330

Normalized Difference Vegetation Index (NDVI) MOD13C142 0.05°, 16-day / 0–1

Clay fraction (Cf) Soilgrid25047 250 m / 0–0.8

Soil bulk density (Bd) Soilgrid25047 250 m g/cm3 0–1.8

Land cover types (Lc) MCD12C146 0.05°, yearly / /

Precipitation (Prep) ERA5-Land45 0.1°, daily mm 0–250

Evaporation (Evap) ERA5-Land45 0.1°, daily mm 0–15

Land Surface Temperature (LST) ERA5-Land45 0.1°, daily K 200–330

Köppen-Geiger climate zone (Climate) Beck. et al.48 1 km / /

In-situ Soil Moisture (In-situ SM) ISMN49, Fluxnet50–54 and published papers55–65 Daily m3/m3 0-1

Table 1.  Details of data used in microwave-based radiative transfer model (RTM) and RTM process-guided 
machine learning (PGML). Note: The ranges represent valid land-surface values.
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uncertainty from the spatial mismatch, in-situ measurements of sites located within one pixel were averaged arith-
metically, and pixels with at least 30 valid records were retained. It should be noted that daily SM aggregation was 
adopted to ensure temporal consistency across predictors while maintaining compatibility with satellite observa-
tions acquired at different overpass times. Finally, a total of 757 pixels from 1,197 sites were included in this study. 
The in-situ data were used for (i) PGML five-fold cross-validation (2015–2023, 757 pixels with 457,681 records), 
(ii) temporally independent validation using data at the same pixels from different years (2024–2025, 469 pixels 
with 58,923 records), and (iii) SM products intercomparison (2015-2023, 350 sites with 69,115 records).

Process-guided machine learning to estimate soil moisture.  This PGML employs the multi-layer 
perceptron (MLP) structure to integrate relationships between various hydroclimate features and radiative trans-
fer processes with radiative transfer physics from RTM10 for guidance (Fig. 1). Specifically, developing PGML for 
SM estimation can be divided into 4 steps. (i) Developing the architecture for an MLP based on the causal rela-
tions derived from RTM. (ii) Designing the physics-guided cost function for both pre-training and fine-tuning 
processes. (iii) Pre-training PGML using synthetic data generated from RTM. (iv) fine-tuning PGML using in-situ 
measurements, remote sensing data, and climate data of collected pixels from April 2015 to December 2023. After 
these steps, we applied fine-tuned PGML to estimate global daily SM at 9-km spatial resolution from April 2015 
to June 2025.

Structure of PGML.  The PGML was developed based on the MLP and incorporated physical knowledge 
through feature selection and model training strategy. We applied two steps to train PGML (pre-training and 
fine-tuning), resulting in a model structure with flexible input dimensionality. For pre-training, PGML consists 
of an MLP with an input of 22 features. Among these features, the Lc (Land cover types) is categorical and was 
encoded using one-hot encoding into 16 columns, resulting in a total of 22 input features. Its network includes 
4 fully connected (linear) layers of sizes 256, 128, 64, and 32, each followed by a ReLU nonlinearity activation, 
and a final linear output layer to estimate surface SM. The 32-dimensional representation obtained from this 
stage serves as a latent embedding learned from RTM-informed variables. For fine-tuning, 3 additional climatic 
variables (precipitation, evaporation and climate zones) were incorporated. The climatic zone follows the first 
letter of the Köppen-Geiger classification (5 classes, Fig. S1b) and was encoded using one-hot encoding. These 
features (precipitation, evaporation and 5 climatic zones) were concatenated with the 32-dimensional embedding 
produced during pre-training. The fine-tuning head processes this 32 + 7 dimensions input with fully connected 
linear layers of sizes 256, 128, 64, 32, 16, and 8, each followed by a ReLU activation, and the final linear layer 
followed by sigmoid activation. The sigmoid layer serves as a physical constraint to ensure that the predicted SM 
values remain within the physically valid range of 0–1 m3/m3. This design preserves the RTM-based knowledge 
from pre-training while allowing the model to adapt to the expanded feature space introduced in fine-tuning.

The physical law-based cost function.  To further enhance physical consistency, the Kling-Gupta effi-
ciency (KGE)66 was used to consider the correlation coefficient, bias and standard deviation (STD) between 

Fig. 1  Overview of the framework used for PGML development and assessment.
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simulations and measurements. The KGE is widely used to assess models’ ability to capture the temporal dynam-
ics of the target variable and quantify errors67,68. We minimized the squared distance term in the original KGE 
formulation. The KGE-style cost function is defined below:

∑α β λ= − + − + − +L R p sim( 1) ( 1) ( 1) ( ) (2)KGE i i
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Here sim is the simulation, meas is the measurements, R is the Pearson correlation coefficient, α is the term 
representing the variability of prediction errors, β is the bias, STD is the standard deviation of data, and sim is 
the average of the simulations, and meas is the averaged measurements. This cost function is equivalent to min-
imizing KGE(1 )2− , while additionally incorporating a soft physical constraint through the penalty term 
λ∑ p sim( )i i . In LKGE, the bias and variability terms (β, α) act as soft constraints to penalize the deviations from 
the target values (equal to 1) but are not enforced exactly. The additional boundary penalty p sim( )i  discourages 
predictions outside the physically valid range (0 to 1), ensuring that SM estimates remain valid without intro-
ducing non-differentiable projections. Additionally, we deliberately avoided hard clipping or projection opera-
tions, as these can interrupt gradient flow. All statistics (R, means, and STD) are computed on the samples used 
in each training step. To avoid numerical instability when the variance is close to zero, small numerical epsilons 
are added to the denominators.

Pre-training PGML.  For pre-training PGML, we applied the τ-ω model10 to generate synthetic data. This 
model is applied in the satellite SM retrieval algorithms41,69 to produce satellite SM products. Based on the radi-
ative transfer processes, the τ-ω model simulates the upward radiation from the land surface through vegetation 
layers briefly and effectively10. We conducted 500,000 records from the τ-ω model by sampling inputs within 
predefined valid ranges (Table 1) randomly and uniformly, ensuring broad coverage of potential variable combi-
nations. While for vegetation water content, the input ranges were further adjusted by land-cover type to better 
describe realistic surface conditions40. Specifically, the synthetic data contains Tb simulations with inputs of land 
cover type, surface temperature, NDVI, soil clay fraction, soil bulk density, and SM. Further, we pre-trained 
PGML using synthetic data to learn radiative transfer processes. The synthetic dataset was randomly split into two 
parts, 80% of the whole dataset for training and 20% of it for testing.

Fine-tuning PGML.  For fine-tuning PGML, we used global in-situ SM measurements with RTM inputs and 
climate data from April 2015 to December 2023, with a total of 457,681 pixel-level records. Then, we conducted 
a 5-fold cross-validation for the fine-tuning process. The input layer of the pre-trained PGML was extended to 
incorporate additional climate variables (precipitation, evaporation, and climate zone). After training, the 5 mod-
els’ outputs were collected to obtain the ensemble averages and STD. In addition, we fine-tuned the PGML using 
leave-one-year-out cross-validation to assess the temporal generalizability of the model, as reported in Table S5 
and Fig. S2.

Evaluation scheme.  To obtain reliable evaluation results, we assessed PGML SM using both in-situ SM 
measurements and other SM products. The comparison against 7 global SM products, including 5 L-band SM 
products, 1 active-passive combined SM product and 1 model-driven SM product. Detailed information on these 
SM products is summarized in Table 2.

The European Space Agency Climate Change Initiative SM70 (ESA CCI SM, https://data.ceda.ac.uk/
neodc/esacci/soil_moisture/data/daily_files) is generated by combining multi-sensors from both passive 
and active microwave missions. The SMOS Level 3 SM69 (SMOS L3 SM, https://www.catds.fr/Products/
Products-over-Land) and SMOS INRA-CESBIO SM71 (SMOS-IC SM, https://ib.remote-sensing.inrae.fr/index.
php/smos-ic-v2-product-documentation/) are produced using the multi-orbit algorithm applied to SMOS 
observations. Based on RTM, the SMAP team produces the SM products38 (https://nsidc.org/data/spl3smp_e/
versions/6) through the Dual Channel Algorithm (DCA) and Single Channel Algorithm at V-polarization 
(SCAV). The SMAP-INRAE-BORDEAUX SM13 (SMAP-IB SM, https://ib.remote-sensing.inrae.fr/index.php/
smap-ib-product-documentation/) is retrieved through the L-band microwave emission of the biosphere model. 
ERA5-Land SM45 (https://cds.climate.copernicus.eu/datasets/reanalysis-era5-land?tab=overview) is a reanaly-
sis dataset produced by replaying the land component of the ECMWF ERA5 dataset.

To assess SM products, we implemented strict quality control for all SM products, including excluding per-
manent water, snow- and ice-covered regions, urban, and radio frequency interferences (RFI)-contaminated 
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areas. For inter-comparison, all SM products were kept at original spatial resolutions, and their SM values were 
extracted at the 9-km pixel of in-situ average measurements to maintain consistent comparison across datasets. 
The metrics for evaluation included R (p < 0.05), bias, RMSE, and ubRMSE.

Data Records
The PGML SM72 dataset can be accessed from Zenodo at https://doi.org/10.5281/zenodo.15826989.

The PGML SM72 dataset contains global daily surface SM with a spatial resolution of 9 km, in the unit of 
m3/m3, from April 2015 to June 2025. This dataset is stored in Network Common Data Form (NetCDF) format 
with one file per day, defined by two dimensions (latitude and longitude), surface SM, ensemble STD, and a 
quality-control flag.

The file name is designed as “PGML_SM_yyyymmdd_Vx.nc”, where “yyyy” stands for year, “mm” stands 
for month, “dd” stands for day, and ‘Vx’ stands for version ID. For example, “PGML_SM_20170101_V2.nc” 
contains the global surface SM distribution on the first day of January 2017 in version 2. Naming convention: 
PGML_SM_yyyymmdd_Vx.nc, Variable: lat_center, lon_center, pgml_sm, pgml_sm_std and qc (8 bit). The 
missing value is filled with NAN. A quality-control flag (qc) is assigned for SM estimation. The detailed infor-
mation of qc is listed in Table 3. The PGML SM product is provided on the 9-km ESAE-Grid 2.0 (EPSG: 6933).

Technical Validation
Model performance.  The PGML shows high accuracy, data efficiency and generalization ability in estimat-
ing SM (Fig. 2). The out-of-sample validation and independent validation demonstrate strong agreement between 
PGML SM and in-situ SM measurements at the pixel level (Fig. 2a,b), as indicated by the high correlation (R 
> 0.85) and low error statistic (RMSE <0.06 m3/m3). In addition, as the sample fraction increases from 0.05% 
to 70%, the accuracy of PGML SM improves progressively and plateaus near 40%, with R rising by around 0.4 
and RMSE falling by more than 0.05 m3/m3 for both the pre-trained and fine-tuned PGML (Fig. 2c). The fine-
tuned PGML shows higher accuracy than the pre-trained PGML at small sample sizes (e.g., 0.05% and 0.1%). 
Furthermore, the accuracy of PGML SM was improved progressively, where the pre-training strategy contributed 
most, with R increasing by 0.022 and RMSE reducing by 0.003 m3/m3 (Fig. 2d). The performance of the PGML 
model trained with the leave-one-year-out cross-validation strategy can be found in Table S5 and Fig. S2.

Inter-comparison of SM accuracy by using in-situ SM measurements.  To further evaluate the 
PGML SM (five-model ensemble average), we compared it with seven widely used SM products (Table 2) against 
in-situ SM measurements at the pixel level, with a total of 69,115 records from April 2015 to December 2023. 
PGML SM outperforms other SM products, with R = 0.923, bias = −0.001 m3/m3, and ubRMSE = 0.040 m3/m3 
(Fig. 3a). Compared with alternative SM products, PGML SM achieves improvements in accuracy, with R increas-
ing by around 0.3 and RMSE reducing by more than 0.05 m3/m3. Moreover, PGML exhibits minimal bias in both 
dry (<0.2 m3/m3) and wet (>0.4 m3/m3) SM conditions, and its estimates present a lower dispersion. Other SM 
products exhibit various limitations. Although ESA CCI SM achieves favorable overall metrics, it overestimates 
SM under dry conditions (<0.2 m3/m3) and underestimates SM under wet conditions (>0.4 m3/m3) (Fig. 3b). 
SMOS-IC and SMOS L3 SM show poor performance in dry SM with large underestimations (Fig. 3c-d), which 
may be due to the uncertainties in model parameters and interferences of multi-angle observations71. As for 

SM product Source Temporal resolution Spatial resolution Available period (up to October 2025)

ESA CCI ESA CCI V09.170 Daily 0.25 ° April 2015–December 2023

SMOS-IC SMOS-IC V271 Daily 25 km April 2015–August 2024

SMOS L3 SMOS L3 V70069 Daily 25 km April 2015–December 2024

SMAP DCA SPL3SMP V638 Daily 9 km April 2015–October 2025

SMAP SCAV SPL3SMP V638 Daily 9 km April 2015–October 2025

SMAP-IB SMAP-IB V213 Daily 36 km April 2015–August 2024

ERA5-Land ERA5-Land45 Daily 0.1 ° April 2015–October 2025

Table 2.  Soil moisture products for inter-comparison.

Bit Information Value and interpretation

0 Static water / urban area 1: Covered by water, urban or ice/snow
0: Otherwise

1 Frozen ground 1: Surface temperature <273.15 K
0: Otherwise

2 Dense vegetation 1: Vegetation water content > 5 kg/m2

0: Otherwise

3 Valid range 1: Soil moisture <0 or > porosity
0: Otherwise

4–7 Undefined 0 (not used)

Table 3.  Quality flag (8 bit) for PGML SM.
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SMAP DCA SM and SCAV SM (Fig. 3e,f), the application of the Tb-based cost function and saturated SM range 
effectively constrains the values and enhances the accuracy41. SMAP-IB shows large uncertainty in the range of 
0.1–0.3 m3/m3, where overestimate SM occasionally (Fig. 3g). The model-derived ERA5-Land SM tends to sys-
tematically overestimate SM under dry conditions, with the density contours shifting above the 1:1 line (Fig. 3h). 
Overall, the superior performance of PGML SM demonstrates model’s strength in SM estimation, which can be 
attributed to its ability to learn both the mechanism of microwave radiative transfer processes and the intrinsic 
patterns described by in-situ SM measurements.

To further investigate the performance of PGML SM across different land covers, we selected the 5 most 
accurate SM products overall and reported their validation metrics (Fig. 4), and spatial distributions of 
pixel-level performance metrics were presented in Figs. S3–6.

Compared with other SM products, PGML SM demonstrates superior performance across validation metrics, 
with the most significant improvement observed in absolute bias (Fig. 4). PGML SM exhibits lower bias and bet-
ter ability to capture SM dynamics and accurate values than others. For example, PGML substantially enhances 
the accuracy of SM estimates in North American forests (Fig. S4a), where dense vegetation limits microwave 
penetration. As for crop fields (CRL and CRM) across temperate regions of Europe and North America, PGML 
effectively corrects the systematic biases for most pixels. These improvements come from incorporating climate 
variables and in-situ SM measurements into the model framework, enabling the model to better capture tempo-
ral dynamics and management practices (e.g., irrigation and harvest). These improvements indicate that PGML 
can reduce systematic errors and capture robust SM dynamics across diverse land surface and climate regimes.

Inter-comparison of spatiotemporal characteristics.  We conducted global comparisons of annual 
averaged SM and monthly SM dynamics across latitudes between PGML SM and the other seven SM products to 
assess their spatiotemporal characteristics.

Fig. 2  Evaluation of PGML performance. (a) Out-of-sample validation against in-situ SM measurements from 
2015 to 2023. (b) Independent validation against in-situ SM measurements from 2024 to 2025. (c) Sample 
size sensitivity of PGML in R and RMSE, with bars showing mean values and error bars indicating standard 
deviation. (d) Stepwise contribution of PGML, with bars showing mean values and error bars indicating 
standard deviation.
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PGML SM exhibits a similar spatial distribution to other SM products (Fig. 5). In mid-latitude regions where 
in-situ SM measurements are more abundant, PGML further demonstrates its strength by capturing finer spatial 
variability (Figs. S3–6). However, PGML tends to produce drier SM estimates in the tropics near the equator 
(Fig. 5a). This difference is mainly caused by the sparse availability and limited representativenessof in-situ 
SM measurements in this region. In regions where in-situ SM measurements are sparse, PGML relies heavily 
on the radiation transfer mechanism and training data from areas with similar hydroclimate features. As a 
result, PGML provides physically consistent estimations, although some regional discrepancies with other SM 

Fig. 3  Evaluation results of eight SM products against in-situ SM measurements with 69,115 records: (a) 
PGML, (b) ESA CCI, (c) SMOS-IC, (d) SMOS L3, (e) SMAP DCA, (f) SMAP SCAV, (g) SMAP-IB, and (h) 
ERA5-Land.

Fig. 4  Evaluation results of six SM products across different land cover types with 350 pixels: (a) R, (b) Bias,  
(c) RMSE and (d) ubRMSE. The horizontal line denotes the median. Only land cover types with more than 3 
valid pixels were shown here.
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products may remain. In contrast, conventional RTM-based SM products depend strongly on the assumed RTM 
structure and parameterization strategy. In dense forests, microwave signals are dominated by canopy emission 
rather than soil due to the limited penetration depth. This substantially reduces the sensitivity of microwave 
observations to SM, resulting in large uncertainty in SM estimations and often tends to exhibit a positive devia-
tion15,56. Besides, PGML SM presents a higher STD (~0.05 m3/m3) over vegetation coverages than bare surface, 
reflecting the reduced sensitivity of remote sensing observations to SM under dense canopies. Importantly, 
regions with notable discrepancies lack sufficient ground-truth measurements for validation, which remains a 
challenge in assessing the accuracy of different SM products73,74.

PGML SM exhibits similar spatiotemporal patterns to others and captures the meridional migration of the 
Intertropical Convergence Zone (Fig. 6). The primary difference among these SM products lies in the absolute 
magnitude of SM estimates. For SMAP-based SM (Fig. 6e–g), maximum values are observed near the equator, 
where persistently humid climate and abundant precipitation maintain high SM levels exceeding 0.4 m3/m3. 
PGML SM reaches approximately 0.25 m3/m3 at around 55°N during the growing season (April to October), 
consistent with the temporal dynamics presented in other SM products. Outside the growing season, the low 
temperature and presence of snow or ice can weaken the sensitivity of the passive microwave observations to 
SM variations. This uncertainty is further exacerbated by the limited availability of in-situ SM measurements for 
calibration in high latitudes during the cold season. Despite these challenges, PGML SM maintains a continuous 

Fig. 5  Global patterns of annual averaged SM from April 2015 to December 2023: (a) PGML, (b) ESA CCI,  
(c) SMOS-IC, (d) SMOS L3, (e) SMAP DCA, (f) SMAP SCAV, (g) SMAP-IB, and (h) ERA5-Land.
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and coherent latitudinal pattern throughout the entire period, as also confirmed by evaluation results against 
in-situ SM measurements.

Evaluation of PGML SM during droughts.  To investigate the capability of PGML SM during extreme 
droughts, the European drought75,76 in 2018 was selected as a case study. Monthly SM anomalies in 2018 (Fig. 7a 
and Fig. S9) were calculated based on monthly PGML SM for the reference period from April 2015 to June 2025. 
ESA CCI SM was included for comparison due to its good performance (Figs. 3–4). Furthermore, we extracted 
three pixels with in-situ SM measurements located in drought-affected areas to demonstrate the temporal SM 
variations(Fig. 7d–f).

In July 2018, more than 30% of Europe experienced extreme drought, as indicated by negative SM anomalies 
(Fig. 7a). Particularly, regions such as northern Germany, Denmark, the United Kingdom and the Netherlands 
exhibited substantial SM deficits, driven by reduced precipitation and increased evapotranspiration associated with 

Fig. 6  Hovmöller diagrams78 for latitudinal monthly SM from April 2015 to December 2023:(a) PGML, (b) 
ESA CCI, (c) SMOS-IC, (d) SMOS L3, (e) SMAP DCA, (f) SMAP SCAV, (g) SMAP-IB, and (h) ERA5-Land.
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high temperatures77. For example, in the northern Netherlands (Fig. 7f), SM declined to approximately 0.1 m3/m3  
in July 2018 and remained about 20% below the multi-year July averaged SM. Both PGML SM and ESA CCI SM 
can capture the overall drought signal by decreasing, while PGML SM achieves higher R and lower systematic 
bias. Specifically, at the COSMOS-UK pixel (Fig. 7e), PGML and ESA CCI exhibit almost identical ability to 
capture temporal trends (R = 0.952 for PGML v.s. R = 0.914 for ESA CCI), whereas PGML shows a much smaller 
deviation (bias = −0.015 m3/m3) compared with ESA CCI (bias = 0.117 m3/m3). Overall, PGML outperforms 
ESA CCI in capturing SM dynamics during drought events, providing more accurate estimates and highlighting 
its potential for drought detection.

Usage Notes
In this study, we produced a global, daily, 9-km surface soil moisture (SM) dataset from April 2015 to June 2025 
using a microwave radiative transfer-based physical-guided machine learning (PGML) method. This dataset 
provides a valuable complement to existing satellite SM products and enhances capability for applications in 
hydrology, climate research and agriculture from the regional to global scale.

In regions with limited in-situ SM networks, such as high latitudes and forests, the uncertainty of PGML SM 
is mainly driven by the lack of ground measurements to constrain the estimates. Although the PGML incor-
porates RTM-based knowledge, the scarcity of ground data limits local optimization and validation, making 
it difficult to improve accuracy and assess uncertainty. Users should be aware of potential spatial mismatches 
between site-scale and pixel-scale estimations. Although PGML demonstrates robust performance from site 
to pixel scales, fine-tuning with in-situ data might slightly influence the stability of the physical relationship 

Fig. 7  The monthly PGML SM anomaly (a) and monthly averaged SM (b,c) for Europe in July 2018, and 
SM dynamics of selected pixels with precipitation (d–f). The validation metrics for 2018 (brown shadow) are 
reported in sub-figures (d–f).
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and mechanism, especially in heterogeneous regions. This may introduce uncertainty into applications such 
as dry-down rates, drought detection, and crop yield estimation. Therefore, we recommend using PGML SM 
together with other available satellite-based SM products in areas with complex surface conditions or sparse 
SM networks. Furthermore, since PGML uses remote sensing inputs, SM cannot be estimated when satellite 
observations are unavailable. These missing days are documented in the dataset release notes. Overall, this new 
PGML SM provides a valuable complement to existing SM products and enhances capability for large-scale 
hydroclimate analysis.

Data availability
The global soil moisture dataset72 published in this study is available from Zenodo at https://doi.org/10.5281/
zenodo.15826989. All external input datasets used in this research (e.g., SMAP brightness temperatures, ERA5-
Land meteorological variables, MODIS NDVI) are publicly available from their original repositories, as cited in 
the manuscript.

Code availability
Data processing and analysis were conducted using Python version 3.13. The code is available on GitHub at 
https://github.com/SkyeFengg/PGML-SM.
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