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Abstract. Machine-learning approaches for soil moisture modelling are expanding rapidly, but their comparison remains dif-

ficult because studies often use different target data, predictors, preprocessing methods, and evaluation strategies. Here we

present SoMoBench, a quasi-global benchmark dataset that provides standardised predictor inputs and soil moisture targets for

data-driven modelling. The targets are derived from in situ observations provided by the International Soil Moisture Network

and Brazil’s CEMADEN network. Sub-daily measurements are aggregated to daily values and assigned to a common 0.25◦grid5

for three nominal soil layers (0–10, 10–30, and 30–50 cm). To reduce site-dependent offsets while retaining observation-derived

temporal variability, each station series is adjusted to the mean and standard deviation of collocated ERA5 soil moisture. Tar-

get series are constructed only for grid cells containing at least one eligible station, and no spatial interpolation is applied. For

each grid cell and layer, the longest station record is used as the primary series, and temporal gaps are filled with validated

secondary-station record from the same grid cell when available. The current release spans 2001-2024 and includes 1,44510

grid cells with at least one target layer, along with daily ERA5 meteorological predictors for 2000–2024. We characterise the

spatial and temporal properties of the targets and illustrate their use with climatology-based and Ridge regression models. The

release also includes a Python example notebook and baseline performance results to support reproducibility. SoMoBench is

designed as a reusable community resource for observation-informed benchmarking and model intercomparison in soil mois-

ture modelling. The dataset is available for peer review through Zenodo; access information is provided in the Data availability15

section.

1 Introduction

Soil moisture is a key state variable regulating the exchange of water, energy, and carbon between the land surface and the at-

mosphere (Seneviratne et al., 2010). Through its role in land–atmosphere coupling, soil moisture influences the occurrence and

severity of hydrometeorological extremes, including droughts, floods, and heatwaves (Koster et al., 2004; Seneviratne et al.,20

2006; Hirschi et al., 2011; Wasko et al., 2020). Despite its importance, accurate representation of soil moisture in process-based

models remains challenging because land-surface processes are complex and are often simplified in model formulations (Clark

et al., 2017), while key physical parameters related to soil hydraulic and thermal properties are difficult to constrain reli-
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ably (Van Looy et al., 2017; Dai et al., 2019).

25

Machine-learning (ML) methods are increasingly used for soil moisture modelling tasks, including estimation, forecasting,

gap filling, and downscaling (e.g. O and Orth, 2021; Fang and Shen, 2020; O et al., 2022; Zheng et al., 2023; Senanayake

et al., 2024). These methods can learn nonlinear relationships among meteorological forcing, land-surface properties, and soil

moisture dynamics, offering a flexible complement to conventional process-based modelling (Shen et al., 2018; Reichstein

et al., 2019). However, reported model skill depends not only on the ML method itself, but also on choices related to the target30

dataset, spatial and temporal sampling, predictor set, data preprocessing, and evaluation strategy. As a result, differences among

published performances can reflect differences in data preparation and experimental design as much as differences in model

capability.

Benchmark datasets can make such comparisons more transparent by providing standardised input data, target variables,35

and evaluation procedures. Here, a benchmark dataset refers to a standardised input and output resource designed to support

ML model development and intercomparison. While benchmark datasets have long been central to ML research, they are also

becoming increasingly important in weather forecasting and hydrology, as shown by WeatherBench (Rasp et al., 2020, 2024),

CAMELS (Addor et al., 2017), and Caravan (Kratzert et al., 2023). Land-surface benchmarks, including WaterBench-Iowa (Demir

et al., 2022), and LandBench (Li et al., 2024), further illustrate the growing demand for standardised model evaluation frame-40

works.

However, recent benchmarks for land-surface modelling often rely on targets derived from model outputs or reanalysis be-

cause these products provide spatially complete and temporally continuous fields. This is useful for emulation and prediction

tasks, yet it can make model evaluation partly dependent on reproducing an existing model system. Observation-derived tar-45

gets provide a complementary perspective by assessing how well data-driven models reproduce measured variability rather

than another model output. At the same time, constructing such a dataset from in situ observations introduces additional

challenges because soil moisture measurements are point-scale and not immediately comparable across depths, sensors, and

networks (Ochsner et al., 2013). A benchmark dataset based on these observations therefore requires careful harmonisation

and diagnostic evaluation.50

Here we present SoMoBench, a quasi-global benchmark dataset for data-driven soil moisture modelling with targets con-

structed from in situ observations. The released archive provides daily soil moisture targets for three nominal soil layers (0–10,

10–30, and 30–50 cm) on a 0.25◦grid for 2001–2024 and collocated daily ERA5 meteorological forcings for 2000-2024, to-

gether with metadata and a Python example notebook demonstrating data loading and baseline modelling. The targets preserve55

observation-derived temporal dynamics while reducing systematic differences by adjusting the mean and standard deviation
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Figure 1. Workflow for constructing SoMoBench. Sub-daily soil moisture measurements from ISMN and CEMADEN are aggregated to
daily values, assigned to the nearest grid cell (0.25◦) , and adjusted to the local ERA5 soil moisture climatology while retaining their original
measurement depths. Candidate target series are then constructed by selecting a primary station record and filling gaps with validated
secondary records where available. Finally, one representative target is selected for each nominal soil layer (0–10, 10–30, and 30–50 cm).
The released dataset includes target series, meteorological forcing data, metadata, and a Python example notebook.

of each station series to collocated ERA5 soil moisture. This paper describes the data sources and processing workflow, sum-

marises spatial and temporal properties of the targets, and provides baseline modelling results as reference points for future

studies.

2 Data and Methods60

2.1 Overview of SoMoBench workflow

The SoMoBench workflow converts heterogeneous in situ soil moisture measurements into daily multi-layer target series on a

common 0.25◦grid (Fig. 1). The workflow consists of quality control and daily aggregation, gridding and climatological adjust-

ment, target construction, and preparation of the released data files. Because the targets are derived from in situ measurements,

they are provided only for grid cells and dates with suitable observations rather than as spatially and temporally complete soil65

moisture fields. The construction procedure is described in detail in Sect. 2.3.
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2.2 Input data sources

In situ soil moisture observations are obtained from the International Soil Moisture Network (ISMN) and Brazil’s National

Center for Monitoring and Early Warning of Natural Disasters (CEMADEN). For target construction, we use observations

from 2001–2024. ISMN provides a global data hosting facility for many regional and national soil moisture networks and70

includes metadata, sensor information, quality flags, and long-term in situ observations (Dorigo et al., 2011, 2021). Table 1

summarizes the ISMN networks contributing to SoMoBench. CEMADEN provides additional soil moisture observations from

Brazil and substantially expands the South American coverage of SoMoBench. We use Version 2 of the publicly available

dataset described by Zeri et al. (2020).

75

Meteorological forcings are obtained from ERA5 reanalysis (Hersbach et al., 2020, 2023). The forcing data are provided

as complete daily time series for each target grid cell over 2000-2024, including one year before the target period to support

the use of lagged and antecedent meteorological predictors. The provided variables are precipitation, 2 m air temperature,

near-surface specific humidity (calculated from dew point temperature and surface pressure), downward shortwave radiation,

downward longwave radiation, surface pressure, and 10 m wind speed. Table 2 summarizes the forcing variables provided with80

the dataset.

Additional descriptors are provided in a metadata file to support filtering, stratified evaluation, and diagnostic analyses. For

each target grid cell and layer, the metadata include the grid-cell identifier, coordinates, region, representative measurement

depth, record start and end dates, number of valid days, number of contributing stations, and gap-filling fraction. Environmental85

descriptors in the same file include long-term mean temperature and dryness index derived from ERA5, and mean tree-cover

percentage for 2015–2019 derived from the Copernicus Global Land Service Land Cover 100 m Collection 3 product based on

PROBA-V observations (Buchhorn et al., 2020b, a)

2.3 Construction of target series90

Because ISMN and CEMADEN use different quality-control systems, we use the quality information provided with each

dataset. For ISMN, only measurements flagged as good quality are included Dorigo et al. (2013). For CEMADEN, measure-

ments passing the quality control applied by the data provider are used Zeri et al. (2018). A daily value is calculated only on

days with at least six valid sub-daily observations. Station records shorter than 90 valid days are discarded.

95

Each station is assigned to the nearest 0.25◦grid cell. At this stage, each station time series remains associated with the mea-

surement depth of the original observation. Measurements reported over a depth interval are assigned to a nominal layer only
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when the entire measurement interval is contained within that layer. Because in situ observations originate from different sen-

sors, calibration methods, and site conditions, their absolute values are not directly comparable across networks, and they may

differ even among nearby stations. To reduce these systematic differences, each daily time series is linearly rescaled to match100

the long-term mean and standard deviation of collocated ERA5 soil moisture over their overlap period during 2001–2024. This

approach preserves the temporal dynamics of the in situ measurements while aligning their mean and variability to a common

reference scale. The adjustment is motivated by previous studies showing that temporal soil moisture dynamics are generally

more spatially coherent than absolute soil moisture values Mittelbach and Seneviratne (2012); Brocca et al. (2014); Nicolai-

Shaw et al. (2015). A similar climatological adjustment of in situ soil moisture observations was used in SoMo.ml to support105

large-scale data-driven soil moisture modelling (O and Orth, 2021).

Following this adjustment, station data within the same grid cell and measurement depth are considered as candidate target

series. For each grid cell and measurement depth, the longest available record is selected as the primary series to maximise

temporal coverage. Other stations in the same grid cell and depth are used only to fill missing dates and extend coverage beyond110

the primary record period when they have at least 90 days of overlap with the primary record and a correlation of at least 0.3.

Before gap filling, each eligible secondary series is further matched to the mean and standard deviation of the primary series

over their overlapping period. This step helps reduce discontinuities when the source station changes over time. When multiple

secondary stations are available, they are ranked first by correlation and then by overlap length.

115

For each grid cell and nominal soil layer, the final representative target is selected from the available candidate depths as the

one closest to the nominal layer midpoint. The three nominal layers are 0–10, 10–30, and 30–50 cm, with midpoints of 5, 20,

and 40 cm, respectively. Point measurements exactly at 10 or 30 cm are assigned to the shallower layer. If two candidate depths

are equally close to the nominal midpoint, the longer record is chosen. Final time series data include an indicator showing

whether each value originates from the primary or a secondary station.120

2.4 Baseline modelling experiments

We provide simple baseline modelling experiments to demonstrate the practical utility of the data. These experiments are not

intended to define state-of-the-art soil moisture models. Instead, they show that the inputs and targets can be used to train and

evaluate simple predictive models, and provide reference performance information for future users of SoMoBench. They also

illustrate how model performance changes under different predictor configurations.125

Each grid cell and layer is modelled independently. Dates with valid target values are ordered chronologically, with the first

80% used for training and the final 20% held out for testing. Performance is evaluated on the held-out period using Pearson

correlation and root mean square error (RMSE). This split is deliberately simple, but users can define stricter temporal, spatial,
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or regional splits using the metadata.130

We consider four baseline configurations. The first is a monthly climatology baseline that predicts soil moisture using

monthly mean target values estimated from the training period only. The second is a Ridge regression model using previous-

day meteorological forcing variables. The third is a Ridge regression model that additionally uses antecedent memory features,

represented by 7-day accumulated precipitation and 7-day means of the other forcing variables. The fourth is a state-augmented135

Ridge regression model that includes previous-day soil moisture from overlying layers where available. For Layer 2, this model

includes previous-day Layer 1 soil moisture. For Layer 3, it includes previous-day Layer 1 and Layer 2 soil moisture. The state-

augmented configuration is not defined for Layer 1. All Ridge models use standardised predictors and a fixed regularisation

parameter of α=5.0, implemented in scikit-learn (Pedregosa et al., 2011).

3 Dataset description140

The SoMoBench v1.0 archive (O et al., 2026) consists of target time series, meteorological forcing time series, a metadata file,

a baseline performance table, and a Python example notebook. The target files contain daily observation-derived soil moisture

series for the three nominal layers in CSV format. Each file is indexed by date and includes the soil moisture value and an in-

dicator of whether the value comes from the primary station or from secondary-station gap filling. Both target and forcing data

files are named using the grid-cell coordinates, following the format IDX_{latitude}_{longitude}. The metadata file145

describes the grid cells and target records included in the archive. It includes grid-cell identifiers and locations, representative

measurement depths, record coverage, contributing networks, and environmental descriptors.

The baseline performance table contains the results of the baseline modelling experiments described in Sect. 2.4. It provides

performance metrics at each grid cell and layer for the monthly climatology and Ridge-regression configurations, allowing150

users to compare new models against the reference results reported in this paper. The Python example notebook demonstrates

basic dataset use by running all applicable baseline models for a grid cell selected by the user.

4 Results

4.1 Target coverage and availability

SoMoBench includes 1,445 grid cells with at least one target layer and provides quasi-global coverage across a broad range of155

hydroclimatic regimes, with particularly dense sampling in North America and Europe (Fig. 2). In addition, the supplementary

analysis of environmental diversity shows that SoMoBench includes grid cells ranging from sparsely vegetated to moderately

forested regions, and from weakly to strongly seasonal precipitation regimes (Fig. S1). CEMADEN observations expand the
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Figure 2. Spatial coverage and hydroclimatic diversity of SoMoBench target grid cells. (a) Global distribution of grid cells with soil moisture
targets. The legend reports the number of grid cells available for each layer. (b) Distribution of target grid cells across hydroclimatic regimes,
defined by long-term mean dryness and temperature. Dryness is defined as the ratio of long-term mean annual net radiation, converted to
equivalent evaporation, to long-term mean annual precipitation Orth and Destouni (2018). Colors denote continental regions. The map is
created using the Matplotlib Basemap v1.2.2 toolkit Hunter (2007).

benchmark coverage, particularly for Layers 1 and 2 in South America, where they increase the representation of relatively dry

environments. Spatial coverage decreases with depth, and Layer 3 remains the most spatially limited layer.160

The spatial distribution of SoMoBench is geographically uneven, as it inherently depends on the availability of in situ obser-

vations. This unevenness should be considered when designing train–test subsets or interpreting modelling results, especially

for Layer 3, where both spatial coverage and diversity are more limited than in the shallower layers. Nevertheless, the dataset

covers a wide range of hydroclimatic and environmental conditions, which is important for data-driven modelling because ML165

generalisation depends strongly on whether training samples cover diverse conditions O et al. (2020); Gauch et al. (2021).

Thus, SoMoBench can support not only general model benchmarking but also targeted experiments that evaluate model trans-
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Figure 3. Temporal availability of SoMoBench target data during 2001–2024. (a) Monthly completeness of each layer, calculated as the
proportion of days with target values among all possible days within the observation span of each grid cell and layer, where the observation
span is defined from the first to the last valid observation. (b) Annual number of grid cells with at least one available target for each layer.

ferability across contrasting regimes. To facilitate such analyses, the released metadata include the long-term temperature and

dryness index used in Fig. 2, allowing users to filter, stratify, or interpret benchmark results.

170

The SoMoBench target record spans 24 years, from 2001 through 2024, and shows clear seasonal and interannual variation

in data availability (Fig. 3). Because most target grid cells are located in the Northern Hemisphere, monthly completeness is

generally higher during the warm season and lower during the cold season in that hemisphere. The lower cold-season avail-

ability partly reflects the ISMN quality-control flags, which already remove many observations affected by frozen soil or other

adverse measurement conditions Dorigo et al. (2013, 2021). The released targets do not apply an additional temperature-based175

freeze mask beyond the source quality control. Instead, the forcing data include near-surface air temperature so that users can

define stricter freeze-related filtering criteria if required for their specific application.
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Figure 4. Layer availability and effective measurement depth of SoMoBench targets. (a) Co-location of target layers across grid cells. Bars
show the number of grid cells for each layer combination, and the dot matrix indicates whether Layer 1 (L1), Layer 2 (L2), and Layer 3 (L3)
are present. (b) Distribution of effective-depth deviations from the nominal mid-depth of each layer, i.e. 5, 20, and 40 cm. Sample size n and
modal deviation are reported for each layer.

The annual number of grid cells with at least one available target increases over time, reflecting the expansion of contribut-

ing networks and the availability of additional observations. The increase is most pronounced for the shallower layers around180

2015-2019, when CEMADEN adds many South American grid cells. Layer 3 does not experience the same expansion and

remains more limited throughout the record.

SoMoBench provides substantial multi-layer coverage. The inclusion of deeper target layers enables benchmarking of sub-

surface soil moisture models, while multiple layers within the same grid cells can support evaluation of vertically coupled soil185

moisture dynamics and models that use information from multiple soil depths as predictors. Among the 1,445 grid cells with

at least one target layer, 832 contain targets for all three layers (Fig. 4a). A further 352 grid cells contain only Layers 1 and

2, while the remaining grid cells provide other two-layer or single-layer combinations. Thus, the dataset supports multi-layer
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Figure 5. Within-grid consistency of soil moisture measurements used to construct SoMoBench. (a) Relative spread of mean soil moisture
among stations within each grid cell and layer before climatological adjustment. The spread is calculated as the standard deviation of the
station means divided by their median and expressed as a percentage. (b) Temporal consistency between primary stations and secondary
stations used for gap filling. When more than one secondary station contributes to a target, the median correlation is shown. Both panels use
only stations that contribute values to the final targets. Sample sizes refer to the number of grid cells with at least one contributing secondary
station in each layer. Boxes show the 25th–75th percentiles, horizontal lines show the median, and whiskers show the 20th–80th percentiles.

evaluation across a substantial number of grid cells while retaining single-layer locations that broaden spatial coverage.

190

Effective measurement depth differs across layers (Fig. 4b). Layers 1 and 2 are generally close to their nominal midpoints

of 5 and 20 cm, respectively, whereas Layer 3 has a broader distribution and is often represented by measurements closer to 50

cm than to the nominal 40 cm midpoint. The metadata include the representative depth of each target, which users may use to

exclude targets with large depth deviations, include depth deviation as a covariate, or conduct sensitivity analyses with stricter

depth matching.195

4.2 Technical validation and target uncertainty

We provide a technical validation of the SoMoBench targets using two complementary diagnostics. First, we examine dif-

ferences in absolute soil moisture levels and temporal consistency among multiple in situ soil moisture time series located

within the same grid cell. This analysis examines the premise underlying SoMoBench that temporal soil moisture variability is

more spatially coherent within a grid cell than absolute soil moisture levels, and characterises the temporal agreement among200

secondary stations used for gap filling. Second, we compare the final adjusted targets with collocated ERA5 soil moisture

to evaluate the effect of the adjustment and determine the extent to which the targets preserve observation-derived temporal

variability.
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Figure 5 illustrates the within-grid consistency of the in situ data used to construct SoMoBench targets. Grid cells with at205

least one contributing secondary station account for approximately 18% of all target grid cells across the three layers. The

relative spread of mean soil moisture among individual stations within the same grid cell is often large before adjustment

(Fig. 5a), indicating substantial differences in absolute soil moisture among collocated measurements. These offsets likely

reflect differences in sensors, calibration procedures, installation depths, and other site-specific measurement conditions. This

result supports the adjustment step to reduce systematic differences among station time series before constructing benchmark210

targets from multiple observation networks.

In contrast, collocated soil moisture time series generally show coherent temporal variability. The correlations between pri-

mary records and secondary records accepted for gap filling are mostly positive and generally high, with median values of

0.78, 0.76, and 0.75 for Layers 1, 2, and 3, respectively (Fig. 5b). Their distribution across hydroclimatic regimes is shown in215

Fig. S2. We also compare anomaly correlations after removing each station’s monthly climatology calculated over the overlap

period. Median anomaly correlations are approximately 0.71, 0.65, and 0.60 for Layers 1, 2, and 3, respectively (Fig. S3). This

indicates that secondary stations used for gap filling tend to capture similar temporal dynamics to the corresponding primary

record, even when their absolute values differ. However, simply averaging all available stations within a grid cell could intro-

duce discontinuities because the set of available stations often changes through time. SoMoBench therefore uses secondary220

stations only for calibrated gap filling, rather than simple averaging. The released target data include a gap-filling indicator for

each daily value, allowing users to exclude gap-filled values or apply stricter filtering criteria if needed.

11

https://doi.org/10.5194/essd-2026-620
Preprint. Discussion started: 12 November 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 6. Characterisation of the ERA5-based climatological adjustment for Layer 1 SoMoBench targets. (a) Monthly climatology of So-
MoBench and collocated ERA5 soil moisture at matched grid cells. Lines and shading show the median and interquartile range across grid
cells. (b) Regional distributions of grid-level correlations between SoMoBench and ERA5 time series. (c) Same as (b), but for daily differ-
ences, ∆SM = SM(t)−SM(t− 1).

. Boxes show the interquartile range, centre lines show the median, and whiskers extend to 1.5 times the interquartile range;
outliers are omitted.
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Figure 6 evaluates the ERA5-based climatological adjustment for Layer 1. Because the adjustment aligns the long-term

mean and standard deviation of each in situ time series to collocated ERA5 soil moisture, the adjusted monthly climatology225

is expected to resemble ERA5 at matched grid cells (Fig. 6a). This confirms that the targets are placed on a common gridded

reference scale, which is especially relevant for applications that compare model performance across grid cells or train models

using data pooled across regions. Without such harmonisation, systematic differences among sites and networks could other-

wise obscure the soil moisture dynamics that data-driven models are intended to learn.

230

However, the adjusted targets do not simply reproduce ERA5 temporal variability. Daily correlations between SoMoBench

and ERA5 are generally moderate to high but vary across regions (Fig. 6b), while correlations of daily differences are substan-

tially lower (Fig. 6c). Agreement in daily changes becomes weaker at deeper layers (Fig. S4) This contrast indicates that the

short-term dynamics of SoMoBench are mainly derived from the in situ measurements. We therefore interpret SoMoBench as

an in situ-informed, ERA5-harmonized benchmark dataset whose absolute climatology is largely constrained by the reference235

reanalysis, while its temporal dynamics remain primarily observation-derived.

4.3 Illustrative soil moisture prediction experiments

Figure 7 presents the baseline modelling experiments introduced in Sect. 2.4. These deliberately simple experiments are in-

tended to demonstrate the use of SoMoBench for model training and evaluation and provide a reproducible reference rather240

than a comprehensive model intercomparison.
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Figure 7. Example application of SoMoBench for soil moisture prediction. Boxplots show Pearson correlations for each grid cell and layer
over the held-out test period. Four simple baseline configurations described in Sect. 2.4 are compared: monthly climatology, Ridge regression
using previous-day meteorological forcing, Ridge regression using the same predictors together with antecedent memory features, and state-
augmented Ridge regression. The state-augmented configuration is not applicable to Layer 1 and is evaluated only for the subset of grid cells
and dates with the required overlying-layer target data. Boxes show interquartile ranges, centre lines show medians, and whiskers extend to
1.5 times the interquartile range; outliers are omitted for readability.
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The monthly climatology baseline already shows appreciable predictive skill across all three layers, reflecting the strong

seasonal cycle and persistence of soil moisture. For Layer 1, the forcing-only Ridge model improves over climatology, and the

addition of memory features provides further gains. This is consistent with the direct response of near-surface soil moisture to245

recent atmospheric forcing.

For deeper layers, forcing-only models are generally closer to the climatology baseline, while antecedent memory features

become more important. This is consistent with the greater persistence of deeper soil moisture and the delayed propagation of

atmospheric forcing into the soil profile. The strongest improvements for Layers 2 and 3 are obtained with the state-augmented250

Ridge model, which additionally uses previous-day soil moisture from the overlying layer. Because this configuration requires

the corresponding overlying-layer targets, it is evaluated on smaller subsets, with 1,068 grid cells for Layer 2 and 737 grid cells

for Layer 3. Nevertheless, the results illustrate how SoMoBench can be used to quantify the added value of using soil moisture

information from overlying layers where multi-layer data are available. The corresponding baseline performance scores are

included in the data release to support reproducibility and provide a reference for future model evaluations.255

5 Discussion and Conclusions

5.1 Use cases

SoMoBench is designed as a standardised input and output resource that can support data-driven soil moisture modelling. Its

main distinction is that the benchmark targets are derived from in situ observations. Existing benchmark resources based on

land surface model or reanalysis products are useful, but their target labels inevitably reflect the assumptions of the product260

from which they are derived. SoMoBench provides a complementary reference by offering in situ-informed targets that pre-

serve temporal information from direct measurements while harmonising the data on a common grid and within consistent

nominal depth layers.

The primary purpose of SoMoBench is to provide a common benchmark for developing and evaluating data-driven models,265

including comparisons among model architectures, memory representations, and data split strategies. The baseline experiments

in this paper are intentionally simple, but they provide reproducible reference results for future model assessments. Because the

target data are harmonised across many grid cells, SoMoBench can also support large-scale modelling, where multiple sites are

used together to train regional or global ML models (Kratzert et al., 2019; O et al., 2022). Building on previous in situ-based

global soil moisture modelling efforts such as SoMo.ml (O and Orth, 2021), SoMoBench provides standardised targets and270

forcings as a reusable benchmark for model development and intercomparison.
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The dataset can also serve as an in situ-informed reference for intercomparison with other soil moisture datasets. Its tar-

gets can be used to compare land-surface model outputs, satellite-based products, or ML products trained on other target

datasets. Beyond standard model benchmarking, SoMoBench also supports controlled modelling experiments. For example,

users can examine transferability between climatically contrasting regions, evaluate regional model transfer, or assess whether275

specific modelling choices improve predictions under difficult conditions such as dry periods or other extremes. The multi-

layer structure also supports experiments on vertical soil moisture dynamics, including the potential benefit of using shallow

layer information to predict deeper layer soil moisture.

5.2 Limitations and target uncertainty

The dataset covers diverse hydroclimatic and environmental conditions, but its spatial distribution remains geographically280

uneven. Very cold or dry regions are underrepresented, and data availability is lower during cold seasons, which should be con-

sidered when interpreting modelling performance. Layer 3 has lower spatial coverage and more limited temporal availability

than the shallower layers. Point-to-grid representativeness also cannot be fully resolved, even after climatological adjustment.

The targets are derived from point measurements and may not fully represent sub-grid variability in soil texture, vegetation,

or land management. In addition, because the adjustment uses ERA5 long-term mean and standard deviation, the long-term285

statistics of the targets depend partly on that reference product.

The targets and meteorological predictors come from different data sources. Although the observation-informed targets pro-

vide a complementary reference to reanalysis-derived labels, observational uncertainty and reanalysis errors may limit agree-

ment between predictions and targets. Nonetheless, the baseline results in Fig. 7 show that the provided predictors contain290

information relevant to the target variability and can support informative and reproducible model comparisons. The current

release focuses on a common ERA5-based predictor set rather than an exhaustive collection of possible inputs. Users may

supplement it with predictors from other datasets or with additional variables, such as Earth observation products and static

attributes. Future versions may include predictors from additional datasets, a broader range of variables, and higher spatial and

temporal resolutions.295

Uncertainty in the target data also remains difficult to quantify comprehensively. In principle, multiple colocated stations

within a grid cell could be used to estimate target uncertainty or construct ensemble targets. However, most grid cells have

only a small number of colocated sensors, and their records often have limited temporal overlap. We therefore do not provide

an ensemble uncertainty estimate in the current release. Instead, SoMoBench provides diagnostic information on within-grid300

consistency (Fig. 5), metadata on the number of contributing stations and an indicator of whether each target value comes from

the primary or a secondary station. These fields allow users to filter or stratify the data according to their uncertainty criteria.

Users requiring stricter criteria can define subsets of grid cells, exclude gap-filled values, or apply additional filters using the
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released metadata.

305

As ML approaches become increasingly common in Earth system modelling, benchmark datasets are becoming important

for reproducible model development and evaluation. While such resources are now widely used in atmospheric and hydrolog-

ical modelling, comparable benchmarks for land-surface variables, and especially soil moisture, remain limited. SoMoBench

addresses this gap by providing a shared benchmark designed specifically for data-driven soil moisture modelling. By providing

standardised inputs and in situ-informed targets, the dataset supports further advances in data-driven soil moisture modelling.310

6 Code availability

The code used to reproduce the figures and baseline modelling experiments presented in this paper is available at https:

//github.com/osungmin/somobench/.

7 Data availability

The SoMoBench v1.0 dataset (O et al., 2026) is available for peer review through the following temporary Zenodo review link:315

https://zenodo.org/records/21534022?preview=1&token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6IjE1MzUwOTAzLTk4YmYtNDEwMC1hZjNmLTliZWFlM

jhjZmY1NyIsImRhdGEiOnt9LCJyYW5kb20iOiJmZjBjMmRlMjY0ZDc5YWFlOWYwODk4ZjU3YzA5NTVmZiJ9.y2NazeUb8afGyhqZE2rRaO3wfQed

ZHGcPSGzPpOBQR02Rm8WB_SMkh8devXY8jh1RIZmOb8yD2HxgSgOfry6Ag

The archive includes daily soil moisture target time series, meteorological forcing time series, metadata, baseline perfor-

mance results, and a Python example notebook. The CC BY 4.0 licence applies only to the processed SoMoBench products;320

it does not apply to the original input datasets. The original input datasets are available from the International Soil Moisture

Network (https://ismn.earth/), the CEMADEN soil moisture dataset (https://data.mendeley.com/datasets/xrk5rfcpvg/2), and

ERA5 reanalysis (https://cds.climate.copernicus.eu/).
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Table 1. ISMN networks contributing observations to the final SoMoBench targets. The number of contributing stations is calculated across
all three target layers; stations contributing to multiple layers are counted only once.

Network Region(s) Stations (n) Reference

AMMA-CATCH Africa 7 Lebel et al. (2009)

ARM North America 33 Cook (2016)

BDF-Saxony Europe 4 –

BFG-Nw Europe 1 –

BIEBRZA-S-1 Europe 9 Dąbrowska-Zielińska et al. (2018)

BNZ-LTER North America 9 Van Cleve et al. (2015)

Berlin Europe 18 –

CALABRIA Europe 5 Brocca et al. (2011)

CAMPANIA Europe 2 Brocca et al. (2011)

COSMOS Africa, Europe, North America 7 Zreda et al. (2012)

COSMOS-UK Europe 48 Cooper et al. (2021)

CTP-SMTMN Asia 39 Yang et al. (2013)

CW3E North America 20 Ralph et al. (2022)

DAHRA Africa 1 Tagesson et al. (2015)

DWD Europe 19 –

FLUXNET-AMERIFLUX North America 7 Baldocchi et al. (2001)

FMI Europe 11 Ikonen et al. (2018)

FR-Aqui Europe 4 Al-Yaari et al. (2018)

GROW Europe 32 Woods et al. (2020)

GTK Europe 6 –

HOAL Europe 15 Blöschl et al. (2016)

HOBE Europe 20 Bircher et al. (2012)

HSC-SEOLMACHEON Asia 1 –

HYDROL-NET-PERUGIA Europe 2 Morbidelli et al. (2014)

HiWATER-EHWSN Asia 1 Jin et al. (2014)

ICN North America 1 Hollinger and Isard (1994)

IIT-KANPUR Asia 1 –

IPE Europe 2 Alday et al. (2020)

KIHS-CMC Asia 5 –

KIHS-SMC Asia 2 –

Continued on next page.
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Table 1 continued.

Network Region(s) Stations (n) Reference

LAB-net South America 3 Mattar et al. (2016)

LABFLUX Europe 4 –

MAQU Asia 23 Su et al. (2011)

METEROBS Europe 1 –

MOL-RAO Europe 2 Beyrich and Adam (2007)

MySMNet Asia 1 Kang et al. (2019)

NAQU Asia 8 Su et al. (2011)

NGARI Asia 16 Su et al. (2011)

NVE Europe 1 –

OZNET Oceania 35 Smith et al. (2012)

PTSMN Oceania 4 Hajdu et al. (2019)

REMEDHUS Europe 14 Sánchez et al. (2012)

RISMA North America 23 Ojo et al. (2015)

ROMPS Asia 9 Zech et al. (2020)

RSMN Europe 20 –

RU-ADDFerti Europe 3 –

Ru-CFR Europe 2 –

SASMAS Oceania 9 Rüdiger et al. (2007)

SCAN North America 220 Schaefer et al. (2007)

SD-DEM Africa 1 Ardö (2013)

SKKU Asia 5 Nguyen et al. (2017)

SMN-SDR Asia 24 Zhao et al. (2020)

SMOSMANIA Europe 22 Calvet et al. (2007)

SNOTEL North America 473 Al Bitar et al. (2012)

SOILSCAPE North America, Oceania 72 Moghaddam et al. (2010)

SONTE-China Asia 12 Li et al. (2022)

STEMS Europe 10 Biddoccu et al. (2016)

SWEX-POLAND Europe 5 Marczewski et al. (2010)

TAHMO Africa 65 van de Giesen et al. (2014)

TERENO Europe 5 Bogena et al. (2018)

TWENTE Europe 30 van der Velde et al. (2023)

TxSON North America 9 Caldwell et al. (2019)

Continued on next page.
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Table 1 continued.

Network Region(s) Stations (n) Reference

UDC-SMOS Europe 11 dall’Amico et al. (2013)

UMBRIA Europe 12 Brocca et al. (2009)

UMSUOL Europe 1 –

USCRN North America 115 Bell et al. (2013)

VAS Europe 2 Jackson et al. (2010)

VDS Asia 4 –

WATERLINE Europe 2 –

WEGENERNET Europe 10 Kirchengast et al. (2014)

WSMN Europe 2 Petropoulos and McCalmont (2017)

XMS-CAT Europe 19 –

iRON North America 7 Osenga et al. (2019)
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Table 2. Meteorological forcing variables included in SoMoBench. Forcings are distributed as complete daily time series for 2000–2024 at
target grid cells.

Variable Description Units
tp Total precipitation mmd−1

t2m Near-surface air temperature at 2 m K
qair Near-surface specific humidity kgkg−1

ssrd Surface downward shortwave radiation Wm−2

strd Surface downward longwave radiation Wm−2

sp Surface pressure Pa
ws Magnitude of the daily-mean 10 m wind vector ms−1
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