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Abstract. Increasing water scarcity and climate variability demand reliable, site-specific soil moisture information to guide

irrigation and crop management decisions at the plot scale. Land surface models simulate the interactions between land, veg-

etation, and the atmosphere, and provide detailed information on hydrological states and fluxes. This study presents an au-

tomated, end-to-end modelling pipeline that connects real-time sensor observation, land surface modelling, data assimilation,

and ensemble forecasts to deliver operational, site-specific soil moisture forecasts for agricultural stakeholders. The frame-5

work integrates in situ measurements from a Cosmic-Ray Neutron Sensor (CRNS) with the Community Land Model version

5 (CLM5) and the Parallel Data Assimilation Framework (PDAF). Observations are assimilated using an Ensemble Kalman

Filter (EnKF) to constrain model states and reduce uncertainties. For forecasting, the system includes medium-range ensemble

weather predictions from the European Centre for Medium-Range Weather Forecasts (ECMWF), which provide probabilis-

tic information on future atmospheric conditions by running multiple simulations with perturbed initial states. Applied at the10

Selhausen agricultural research site (Germany), the framework shows how data assimilation improves the agreement between

simulated and observed soil moisture by approximately 20 % (e.g., reduced RMSE), and yields short-term forecasts with skill

comparable to or exceeding the open-loop at short-to-intermediate lead times, with added value becoming particularly apparent

when unresolved wetting or drying events occur later in the forecast horizon. By translating model outputs into threshold-based

indicators, the system enables actionable insights for irrigation and field management, thereby bridging the gap between sci-15

entific modelling and practical agricultural decision-making. Overall, the proposed framework represents an important step

towards an operational, site-specific decision-support tool for short-term irrigation and agricultural water management under

uncertain weather conditions.

1 Introduction

Rising climate variability and the consequent rise in frequency and intensity of droughts significantly increase uncertainties in20

the management of agricultural water resources (Aaheim et al., 2012; Lobell and Gourdji, 2012; Reichstein et al., 2013; Pulido-

Bosch et al., 2018; Raza et al., 2019; Klages et al., 2020; Fu et al., 2022). Global soil water systems are under unprecedented

stress from population growth, agricultural intensification, and climate warming (Liu et al., 2022). There is thus a need for
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effective and sustainable agricultural management practices supported by predictive tools that integrate real-time data and

soil–water process models. Such tools could enable accurate, site-specific short-term irrigation and crop management decisions.25

Low-cost wireless sensor networks and Internet-of-Things (IoT) devices enable remote monitoring and assessment of field-

scale water and energy fluxes (Ochsner et al., 2013; Bogena et al., 2018; Freebairn et al., 2018; Brinkhoff et al., 2019; Li et al.,

2020; Bwambale et al., 2022; Veerachamy and Ramar, 2022; Nsoh et al., 2024). At the same time, traditional land surface

and hydrological models simulate water, energy, and carbon exchanges at different scales based on conservation laws and

physically based parameterizations, which allows us to better understand the impact of climate variability on crop production30

(Karandish and Šimůnek, 2016; Lawrence et al., 2019; Colossi and Tucci, 2020; Boas et al., 2021; Li et al., 2024). However,

uncertainty in meteorological forcing, model structure, initial states, and parameters often limits the predictive skills of these

tools, and thus their usability.

Advances in data assimilation (DA) can improve model predictive capabilities by combining simulations with observa-

tional data, leading to improved predictions of states and fluxes that can better support agricultural practices, such as irrigation35

scheduling (Li et al., 2018; Colossi and Tucci, 2020; Gumiere et al., 2020; Togneri et al., 2022; Jin et al., 2022). One class of

data assimilation approaches is based on sequential frameworks, in which model states are recursively updated as new observa-

tions become available. In this context, data assimilation provides a mathematically rigorous approach to combine prior model

forecasts with observational data, thereby continuously correcting model trajectories over time (Reichle, 2008). This capability

makes data assimilation suitable for operational land surface modelling under changing climatic conditions. By continuously40

integrating land information from observations (e.g., satellite retrievals and in situ measurements), data assimilation enables

the dynamic updating of model states and improves the reliability of short-to-mid-term forecasts (Colossi and Tucci, 2020;

Strebel et al., 2022; Li et al., 2024).

Beyond modelling and assimilation, there is a growing need to develop climate-resilient agricultural strategies that are

supported by effective climate service frameworks and can translate scientific information into actionable knowledge for end-45

users. Climate services aim to provide tailored, decision-relevant information, such as soil moisture dynamics and drought risk,

to support adaptation and resource management in agriculture (Raza et al., 2019; Srivastav et al., 2021; Alwis et al., 2022).

However, the transition from a supply-driven provision of climate information to a demand-driven service remains challenging.

A major challenge lies in the connection between scientific developments and stakeholder needs (Bojovic et al., 2021). In fact,

the practical value of model outputs for agricultural decision-making depends not only on their scientific quality but also on how50

results are presented, interpreted, integrated into management practices, and weighed against their costs and benefits. Studies

have shown that climate information is often produced at regional and global scales, while decisions are made at smaller local

scales (Smith et al., 2021; Sadri et al., 2022). Additionally, such information is often presented in a manner that is tailored to

expert users, while a broader audience struggles to interpret what is usable and relevant for their specific needs (Porter and

Dessai, 2017). These mismatches contribute to a gap, limiting the effective use of climate information in practical applications.55

Consequently, there is an increasing demand for integrated, user-oriented systems that bridge this gap by combining high-

quality modelling with application-focused outputs. To achieve this, model outputs must be translated into context-specific

management information, such as irrigation recommendations or risk indicators, that can be easily interpreted by farmers
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and agricultural stakeholders. In this context, automated data-model pipelines represent a promising but still underdeveloped

approach for operational, plot-scale applications (Zhao et al., 2026a; Hendrickx et al., 2026). Therefore, this study presents60

an automated, end-to-end data-model pipeline for operational, site-specific soil moisture ensemble forecasting, designed to

support agricultural stakeholders.

The pipeline presented in this study integrates in situ observations, cloud-based data processing, numerical modelling, and

data assimilation to generate probabilistic site-specific forecasts based on ensemble weather forecasts. It consists of four main

components: (i) an integrated observation system; (ii) automated data transmission, processing, and storage in the cloud infras-65

tructure; (iii) numerical simulation and data assimilation using a land surface model, and (iv) user-oriented delivery of forecast

information. At its core, the modelling framework builds upon the Community Land Model version 5 (CLM5) (Lawrence

et al., 2019) coupled with the Parallel Data Assimilation Framework (PDAF) (Nerger et al., 2005), hereafter referred to as

CLM5-PDAF (Strebel et al., 2022). The main contributions of this study are as follows:

– Automated data assimilation and forecasting: We extend the CLM5-PDAF system to continuously integrate cosmic-ray70

neutron sensors (CRNS) soil moisture estimates and local meteorological measurements. The system uses the Ensem-

ble Kalman Filter (EnKF) to update soil moisture states, providing improved initial conditions for a 10-day forecast.

By keeping all ensemble members in memory, the pipeline avoids costly re-initialisation and better supports real-time

operation.

– Integration of ensemble weather forecasts: Atmospheric forcing for the forecast stage is derived from an ensemble of75

medium-range weather predictions generated by the European Centre for Medium-Range Weather Forecasts (ECMWF).

Then, ensemble forecasts are generated over a 10-day horizon that propagate atmospheric uncertainty and enable proba-

bilistic information on agricultural variables, such as soil moisture, soil temperature, and evapotranspiration.

– Translation to management recommendations: In addition to producing scientific model outputs, this pipeline provides a

user-centred interface that translates forecast information into actionable guidance. Model outputs such as soil moisture80

at different depths are used in combination with predefined thresholds to derive management information (e.g., irrigation

timing and quantity).

2 Materials and methods

2.1 Integrated observation system

At the monitoring site (see detailed description below), an integrated framework combines field-scale, point-scale, and mete-85

orological observations to provide complementary information on soil and atmospheric conditions required for land surface

modelling and data assimilation. It consists of three main components: (i) a cosmic-ray neutron sensor (CRNS), which provides

spatially integrated estimates of soil moisture at the field scale; (ii) a distributed soil sensor network (SoilNet) that measures

soil mositure and soil temperature at multiple depth for local validation and characterization of vertical soil water dynamics;
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and (iii) an automated meteorological station that continuously records key atmospheric variables, such as precipitation, air90

temperature, humidity, wind, and radiation.

The CRNS monitors the surrounding environmental neutron intensity, which is inversely related to environmental hydrogen

content (e.g., soil water) (Zreda et al., 2008; Andreasen et al., 2017). Compared with conventional point measurements, CRNS

provides non-invasive and continuous field-scale estimates of volumetric soil moisture. The effective measured volume, or

footprint, of a CRNS varies with air pressure, air humidity, soil moisture, and vegetation conditions. Typically, the footprint95

ranges between 150 m (wet) to 240 m (dry) in radius, with an effective sensing depth of several tens of centimeters (Köhli

et al., 2015; Schrön et al., 2017). Nonetheless, half of the neutron signal is generally representative of the first 50 m around the

sensor (Köhli et al., 2015). The potential of CRNS in irrigation management has been widely recognised (Franz et al., 2020;

Ragab et al., 2017; Köhli, 2026; Brogi et al., 2022). However, its adoption in irrigation modelling frameworks remains limited,

mainly due to methodological complexity and inconsistent performance in certain irrigated setups (Brogi et al., 2023, 2026).100

To complement the field-scale CRNS observations, the SoilNet wireless sensor network provides high-resolution, point-

scale measurements of soil moisture and temperature. In addition to these core sensing components, the monitoring system

integrates front-end electronics and data acquisition units that process neutron detector signals and integrate observations from

CRNS, SoilNet probes, and meteorological stations into a common data logger for synchronized recording and subsequent

transmission (Ney et al., 2021).105

2.2 Data transmission and cloud infrastructure

Measured data is transmitted via low-power wide-area communication technologies such as Narrowband Internet of Things

(NB-IoT) and cellular networks, including mobile communication technologies (Bogena et al., 2022b). These technologies en-

able energy-efficient, robust, and near-real-time data transfer from agricultural monitoring sites to remote cloud infrastructure.

The monitoring network combines measurements from multiple sensor systems operating at different temporal resolutions,110

and measurements are aggregated if needed and transmitted hourly by the station data logger (Ney et al., 2021). The logger

synchronizes observations from the different sensor systems and performs initial processing steps, including filtering, for-

matting, and time synchronization. Upon arrival at the cloud server, automated processing workflows conduct quality control

procedures, apply sensor-specific corrections, and derive higher-level products. For the CRNS, this includes correction of neu-

tron count rates and conversion to soil moisture estimates following the harmonized processing framework of Bogena et al.115

(2022a). For meteorological variables, a standardized gap-filling procedure is applied within the data processing pipeline. Fol-

lowing quality control checks, short data gaps are filled using temporal interpolation, whereas longer gaps are reconstructed

using observations from neighbouring stations. For each variable, a reduced major axis linear regression is fitted to overlapping

quality-controlled observations, and the fitted regression coefficients are subsequently applied to neighbouring-station observa-

tions during periods when measurements at the target station are unavailable. Those gap-filled data are flagged in the database120

to ensure traceability. The processed data are then stored in structured databases and made available through a web-based plat-

form - the TERENO Data Discovery Portal (https://ddp.tereno.net/ddp/) that supports near real-time visualization, analysis,

and integration into numerical models for forecasting applications.
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2.3 Numerical simulation and data assimilation

2.3.1 CLM5-PDAF125

The latest version of the land component in the Community Earth System Model (CESM), CLM5, is used (Kay et al., 2015;

Lawrence et al., 2019). CLM5 simulates water, energy, carbon, and nitrogen cycles within the terrestrial system. Soil hydrolog-

ical processes are represented through a physically based formulation, where water movement in the vadose zone is described

by a finite-difference approximation of the Richards equation combined with Brooks-Corey parameterization (Lawrence et al.,

2019). Soil hydraulic properties are derived from pedotransfer functions (Clapp and Hornberger, 1978) based on the soil texture130

(e.g., sand and clay fractions) and organic matter content. CLM5 simulations are driven by atmospheric forcing data, including

precipitation, relative humidity, air pressure, air temperature, wind speed, and radiation. The model can be applied at regional

to global scales (Ma et al., 2023; Yan et al., 2023) or be configured in a single grid-cell mode. Studies have demonstrated the ca-

pability of CLM5 to incorporate self-collected hydrological and meteorological data (Wieder et al., 2017; Strebel et al., 2022),

as well as complex agricultural management practices (Boas et al., 2021; Dombrowski et al., 2022). The CLM5-PDAF system135

is built within the Terrestrial Modelling Platform model (TSMP)(Shrestha et al., 2014), which provides a high-performance

modelling environment for coupled atmosphere-land surface-subsurface simulations together with data assimilation workflows

(TSMP-PDAF)(Kurtz et al., 2016). Within this architecture, PDAF acts as an external but tightly integrated software for data

assimilation algorithms. The coupling follows an online strategy in which PDAF and CLM5 are compiled into a single ex-

ecutable using modified pseudo-library versions of the model. This design keeps model states in the main memory during140

runtime, avoiding costly file-based communication and repeated model re-initialization steps (Strebel et al., 2022). During

runtime, CLM5 operates in ensemble mode, and PDAF routines are triggered through subroutines and stop-alarm mechanisms

that define the model state vector and initiate the data assimilation step whenever new observations become available. Each

ensemble member represents an independent realization with perturbed atmospheric forcing, model parameters, and initial

conditions. Together, the spread across the ensemble quantifies the model uncertainty. The simulations in this study were per-145

formed on the high-performance computing (HPC) infrastructure of the Jülich Supercomputing Centre, but the framework is

also portable to other Linux-based HPC environments.

2.3.2 Meteorological forcing from ECMWF forecast systems

Modern Land Surface Model (LSM) applications are driven by a variety of atmospheric forcing datasets. In this study, we use

ECMWF products generated by its Integrated Forecasting System (IFS) as they provide multiple physically consistent realiza-150

tions of real-time atmospheric forecasts. IFS produces a single high-resolution deterministic forecast (HRES), which is based

on ECMWF’s highest-resolution model and serves as a deterministic reference. However, it does not represent the uncertainty

in atmospheric evolution, which arises from errors in initial conditions and model formulations. The Ensemble Prediction Sys-

tem (ENS) addresses this limitation through 50 perturbed forecast members, with hourly forecasts during the early forecast

range (up to 90 hours), after which the temporal resolution is progressively reduced to 3 hourly for a forecast window between155

93 and 114 hours and 6 hourly for a forecast window between 150 and 260 hours. The atmospheric forcing fields are provided
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at a 0.1◦× 0.1◦ resolution. When used as forcing for LSMs, each ensemble member generates an independent realization of

land surface states, allowing probabilistic assessment of land surface states. The ensemble forecasts have been shown to pro-

vide informative forecasting and early warning systems (Ollinaho et al., 2021; Belleflamme et al., 2023; Casado-Rodríguez

et al., 2025).160

2.3.3 Data assimilation

Forecast uncertainties arise from imperfect initial conditions, (atmospheric) forcing data, and model structural errors (Turner

et al., 2008). Data assimilation provides a statistical framework to quantify and reduce uncertainty related to initial and bound-

ary conditions as well as model parameterization. In this pipeline, the Ensemble Kalman Filter (EnKF), implemented within

CLM5-PDAF, is used to assimilate soil moisture observations derived from CRNS into the land surface model CLM5, thereby165

providing updated initial conditions for the forecast simulations. The EnKF is a sequential data assimilation method in which

nonlinear dynamical systems are approximated stochastically using Monte Carlo ensembles. During the forecast step, the soil

moisture state vector for ensemble member i at time step t is propagated forward in time following:

xi,t =M(xi,t−1, u, p) (1)

where M represents the nonlinear model operator, xi,t−1 is the analysis state from previous step, u represents uncertain170

atmospheric forcing inputs and p denotes perturbations associated with model parameters. When new observations become

available, the forecast model states are updated through the EnKF analysis step:

xa
i,t = xf

i,t +Kt

(︂
yi,t −Htx

f
i,t

)︂
(2)

where the superscripts a and f denote the analysis (updated) and forecast states, respectively, yi,t is the observation vector,

Ht is the linear observation operator mapping model states into observation space, and Kt is the Kalman gain matrix, which175

is computed as:

Kt =PtH
T
t

(︁
HtPtH

T
t +Rt

)︁−1
(3)

where (·)T denotes the transpose operator, Rt is the measurement error covariance matrix, and Pt represents the model

forecast error covariance matrix that is approximated from the ensemble spread:

Pt =
1

N − 1

N∑︂

i=1

(︂
xf
i,t − x̄f

)︂(︂
xf
i,t − x̄f

)︂T

(4)180

where N denotes the total number of ensemble members. Further details on the numerical implementation and calculation

routines within CLM5-PDAF are provided by Strebel et al. (2022).
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2.4 Stakeholder interaction and information delivery

The final stage of the data processing pipeline addresses the interaction between processed data products and end users. This

layer is realized through web-based platforms and interactive dashboards, which provide near real-time access to observational185

data and model forecasts. Core functionalities of these platforms include: (i) real-time monitoring dashboards, displaying

observed and modelled variables such as soil moisture, soil temperature, and evapotranspiration, providing continuous insight

into current field conditions; (ii) forecast visualization tools, presenting ensemble-based predictions and uncertainties; and (iii)

threshold-based alert and notification systems, which automatically inform users when critical conditions, such as drought

stress or excessive soil moisture, are detected.190

3 Case study: Selhausen

The agricultural research station Selhausen is located in western Germany within a managed cropland landscape of the Lower

Rhine Valley (see Figure 1). It is situated at 104 m above sea level (a.s.l.), and the regional climate is classified as temperate

maritime, characterized by moderate temperature and annual precipitation of approximately 700 mm (Pütz et al., 2016; Jarvis

et al., 2022; Korres et al., 2015). The crop rotation comprises winter cereals (winter wheat and winter barley), cover crops,195

potatoes, and sugar beet (Brogi et al., 2025). The dominant soil type is Haplic Luvisol developed on aeolian deposits (Rudolph

et al., 2015). According to Brogi et al. (2019), the central and eastern parts of the investigated field are composed of meters-

deep aeolian sediments (generally, 14% sand, 67% silt, and 19% clay). The western side is characterized by similar aeolian

sediments until around 1m depth, below which compacted sand and gravel are found. Overall, the area monitored by the CRNS

is rather homogeneous in terms of soil characteristics (Brogi et al., 2025). The topsoil of the field exhibits an organic carbon200

content of 0.98 % and an average bulk density of 1.26 g · cm3 (Wang et al., 2020; Boas et al., 2021).

Figure 2 provides an overview of the integrated monitoring, modelling, data assimilation, and forecasting system developed

for the Selhausen site. Each ensemble member is configured through individualized namelist files using identifier suffixes to

enable independent handling of forcing and input parameter perturbations. The model domain consists of a one-dimensional

(1D) grid column with a spatial resolution of 100 m × 100 m, centered at the Selhausen CRNS station (Figure 1-d). The land205

surface is represented as 100 % cropland, with the crop functional type defined as rainfed potato, consistent with the actual land

cover during the 2022 growing season. In the default CLM5 crop parameterization, potato does not have a dedicated parameter

set and is represented using the winter wheat parameters. To better represent potato growth, we adopted the crop-specific

potato parameterization developed by Boas et al. (2021), which includes revised phenological and physiological parameters

(e.g., planting and harvest dates, maximum leaf area index, canopy height, and carbon allocation) based on field observations.210

Note that the year 2022 was characterised by anomalously low precipitation (568 mm compared to a long-term average of

approximately 700 mm per year). Potato irrigation was applied during the growing season; however, irrigation timing and

applied amounts were not recorded.
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Figure 1. (a) Soil types around the agricultural research station Selhausen, with (b) its location in central Europe, (c) and extended view on its

surrounding area, and (d) locations of the CRNS, meteorological station, and SoilNet nodes of the wireless sensor network. The background

of panel a) shows a geophysics-based digital soil map of the site (Brogi et al., 2019). Satellite imagery: © Google, Maxar Technologies

(2020, 2022).

3.1 Data

3.1.1 In situ measurements215

The Selhausen site is part of the TERrestrial ENviromental Observatories (TERENO) network (Bogena et al., 2018) and

has been operated as an Integrated Carbon Observation System (ICOS) Class 1 ecosystem station. It combines continuous

measurements of soil moisture, soil temperature, meteorological conditions, and ecosystem fluxes. At this site, a CRNS (CRS-

1000, Hydroinnova LLC, Albuquerque, NM, USA) has been operating continuously since 2015, recording raw neutron count

rates at 10 min intervals. Currently, raw observations are automatically transferred to a cloud-based database. Here, by using the220

processing framework of Bogena et al. (2022a), raw counts are a) filtered, b) corrected for atmospheric pressure, air humidity,

and incoming neutron influences (Desilets and Zreda, 2003; Rosolem et al., 2013; Hawdon et al., 2014), c) aggregated by

using a 24-hour rolling mean, and d) converted into soil moisture estimates using the Desilets et al. (2010) method, expressed

according to Köhli et al. (2021). A biomass correction (e.g., Baatz et al. (2015)) was not applied as no sufficient information

on biomass development was available and because the influence of low-height annual crops is generally rather low (McJannet225

et al., 2014). The instrument calibration strategy followed Schrön et al. (2017), with sample locations shown in Figure 1-a. The

resulting time series provide spatially integrated estimates of soil moisture over the CRNS footprint and are shown in Figure 3.

The accompanying SoilNet wireless sensor network has also operated since 2015 and consists of five monitoring nodes

distributed within approximately 30 m of the CRNS station (Bogena et al., 2018). Each node is equipped with SMT100 sensors

(Trübner GmbH, Neustadt, Germany) installed at depths of 5, 10, 20, 50, and 100 cm. All sensors were calibrated to convert raw230

output to dielectric permittivity (Bogena et al., 2017), which was subsequently related to soil water content using an empirical
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Figure 2. Schematic overview of the monitoring, modelling, and forecasting framework developed for site-specific soil moisture prediction

at the Selhausen field site. a) Data acquisition and processing chain; b) Conceptual representation of the modelled soil column; c) Temporal

workflow of the modelling system.

relationship (Topp et al., 1980). Because the site is actively managed for agricultural production, SoilNet sensors are generally

removed before invasive field operations such as tillage or harvesting and subsequently reinstalled at the same locations.

In this case study, the CRNS soil moisture data were assimilated to constrain the model state vector, whereas point-scale soil

sensor measurements were used for independent validation. Meteorological forcing data were obtained from the co-located235

ICOS station, including precipitation (OTT Pluvio2 weighing rain gauge, Ott HydroMet, Kempten, Germany), air temper-

ature and relative humidity (HC2S3, Rotronic, Bassersdorf, Germany), atmospheric pressure (PTB110 barometer, Vaisala

Inc., Helsinki, Finland), incoming and outgoing shortwave radiation together with incoming and outgoing longwave radiation

(CNR4 four-component net radiometer, Kipp & Zonen, Delft, The Netherlands), and wind observations.
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Figure 3. a) Daily time series of precipitation measured at the Selhausen site, and soil moisture derived from the cosmic-ray neutron sensor

(CRNS) and b) estimated measurement depth for three radial distances from the sensor (i.e., 1, 20, and 85 m). The estimated measurement

depths (D86) are calculated by using Schrön et al. (2017).

3.1.2 Atmospheric forcing240

Atmospheric forcing data for the simulations were derived from two sources, depending on whether retrospective or predictive

simulations were conducted. For simulations representing past conditions, in situ meteorological observations from the EC

station at the Selhausen site were used. The continuous hourly observations cover the period from January 2011 to December

2022 and were quality-controlled and gap-filled following the processing procedures described by Graf et al. (2020) (see Figure

4). For predictive simulations, i.e., the generation of 10-day soil moisture forecasts, atmospheric forcing was instead provided245

by the ENS product from the ECMWF (see Figure 5). The spread of the ensemble increases with forecast lead time, reflecting

the growing uncertainty due to the chaotic nature of the atmosphere and model limitations. Importantly, the ensemble can

represent extreme or less likely conditions (e.g., heavy precipitation or drought events).

3.2 Perturbation

To account for uncertainties in model parameters, initial conditions, and meteorological forcing, an ensemble-based pertur-250

bation approach was applied. Such stochastic perturbations are commonly used in land surface data assimilation systems to

represent model uncertainty and to generate a spread of plausible system states (Reichle, 2008; Gehne et al., 2019). Soil

hydraulic properties, including sand, clay, and organic matter contents, were perturbed independently for each ensemble mem-

ber by sampling from a uniform distribution with zero mean and a range of ±20% around their nominal values. To ensure

physical consistency, cases where the sum of sand and clay fractions exceeded 100 % were re-scaled to unity following the255
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Figure 4. Meteorological observations aggregated at the monthly time scale observed at the Selhausen site. Shown are the monthly sum of

precipitation (mm), average monthly 2 m temperature (Tair), average monthly 2 m air pressure (Pair), average monthly relative humidity

(RH), average monthly 2 m wind speed (U), and average monthly global radiation (R).

approach of Strebel et al. (2022). Meteorological forcing uncertainty from the EC-station data was represented through perturb-

ing precipitation, shortwave radiation, and air temperature using a multivariate stochastic framework that preserves prescribed

cross-variable correlations (Reichle et al., 2007; Han et al., 2014). Precipitation and shortwave radiation were perturbed using

a multiplicative log-normal distribution, and air temperature was perturbed using an additive Gaussian noise model, consistent

with common practices in land data assimilation systems (Reichle et al., 2010; McMillan et al., 2011). The meteorological260
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Figure 5. Example of an ensemble medium range weather forecast by ECMWF (initialized on 1 July 2022, 12:00 UTC) used as input for the

Selhausen site. Precipitation (P), Air temperature (Tair), air pressure (Pair), relative humidity (RH), wind speed (U), and global radiation (R)

are shown. Grey lines represent the 50 ensemble members (ENS), while the colored line denotes the high-resolution deterministic forecast

(HRES).

measurements from the EC-station (see Figure 4) were aggregated to time steps of 1 hour before perturbation. The stochastic

perturbation parameters used in this study are summarized in Table 1.
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Table 1. Stochastic parameters used for perturbation of the meteorological in-situ measurements of precipitation, global radiation, and air

temperature.

Perturbation
Multiplicative(M) or

Additive(A)?
Mean Std Dev

Correlations

P R Tair

Precipitation (P) M 1.0 0.5 - -0.8 0

Global radiation (R) M 1.0 0.3 -0.8 - 0.4

Air temperature (Tair) (unit: K) A 0.0 1.0 0 0.4 -
a Std Dev refers to standard deviation.

3.3 Spin-up

In this study, each data assimilation ensemble member was configured in eCLM biogeochemical (BGC) mode, in which the

carbon and nitrogen cycles are explicitly represented, and the vegetation status, such as the leaf area index (LAI), evolves265

dynamically in response to environmental conditions. In models like CLM5, an extensive spin-up procedure is required to

bring slow biogeochemical pools into equilibrium with the prescribed climate forcing (Lawrence et al., 2019). As these slow

biogeochemical processes influence vegetation growth, transpiration, and root water uptake, an inadequate spin-up can also

affect simulated soil moisture dynamics and hydrological fluxes. For this, a multi-stage spin-up strategy was applied. The

model was initialized from arbitrary initial conditions and forced with repeated atmospheric data (1990 to 2010) from the270

CRUNCEPv7 (Viovy, 2018) dataset. The spin-up was conducted over 1000 simulation years. During the first phase, the model

was run in accelerated deposition (AD) mode for 400 years, and a second spin-up phase of 600 years was performed under

standard model settings. This strategy resulted in a near-equilibrium state of the terrestrial carbon and nitrogen pools with

residual imbalances reduced to below approximately 5 % after about 900-1000 years of simulation.

3.4 Soil moisture assimilation275

Simulations were performed with a model time step of 30 min, initialized from the equilibrated states of each ensemble

member. This time step was retained to remain consistent with the standard CLM5 configuration. CLM5 can operate using

forcing data with a coarser temporal resolution than its internal time step. We conducted both the data assimilation experiment

and a reference simulation (open loop) for the year 2022. The EnKF is applied once per day at 12:00 UTC to assimilate

soil moisture observations derived from CRNS, with a measurement uncertainty of 0.02 cm3· cm−3. This prescription is280

consistent with uncertainty estimates reported for CRNS-derived soil moisture observations and lies within the range typically

obtained after temporal aggregation of neutron counts (Jakobi et al., 2020). The CRNS observation operator was implemented

following Schrön et al. (2017) to ensure a consistent comparison between simulated and observed soil moisture. The effective

measurement depth (D86) was computed as a function of soil bulk density, soil moisture, and horizontal footprint radius (1,

20, and 85 m). Based on this depth, an exponential vertical weighting function was applied to discretized soil layers (1 mm285

resolution up to 0.92 m depth). These weights were then aggregated to the model’s soil layers and normalized. The resulting
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layer-specific weights were used to calculate a vertically weighted average soil moisture from the model state and also to

distribute the observation increments across the soil column.

3.5 Forecast mode

Soil moisture forecasts are initialized from the model states obtained at the end of the data assimilation experiment (or from the290

open-loop simulation). The model is then integrated forward using a 30-minute internal time step and driven by the ECMWF

ensemble weather forecasts described in Section 2.3.2. Forecasts are initialized once per day using the 12:00 UTC ECMWF

ENS cycle, while the assimilation cycle is completed before the forecast initialization to provide the corresponding initial

states.

3.6 Assessment of model performance295

The performance of simulation experiments was evaluated using the root mean square error (RMSE), the mean bias error

(MBE) and the Pearson correlation coefficient (r), defined as:

RMSE =

⌜⃓
⎷⃓ 1

N

N∑︂

t=1

(θsim,t − θobs,t)
2 (5)

MBE=
1

N

N∑︂

t=1

(θsim,t − θobs,t) (6)

r =

∑︁N
t=1

(︁
θsim,t − θsim,t

)︁(︁
θobs,t − θobs,t

)︁
√︂∑︁N

t=1

(︁
θsim,t − θsim,t

)︁2√︂∑︁N
t=1

(︁
θobs,t − θobs,t

)︁2 (7)300

where θsim,t and θobs,t denote the simulated and observed soil moisture at time step t, respectively, θsim,t and θobs,t are their

temporal means, and N is the total number of time steps.

4 Results

4.1 Improvements for model simulations

Figure 6 presents a comparison between CRNS soil moisture observations and model simulations from the open-loop (OL) and305

data-assimilation (DA) experiments for the year 2022. The temporal dynamics (Figure 6 a) show that both simulations capture

the seasonal patterns of soil moisture, characterized by wetter conditions during winter and early spring (≈ 35-45 vol%) and

drier conditions during summer (≈ 20-30 vol%). However, the OL simulations generally overestimate soil moisture estimated

by the CRNS, particularly during wet periods, while also showing underestimations during summer months. In comparison, the
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DA simulation avoids these deviations and demonstrates a higher consistency with observed soil moisture dynamics than the310

OL. The scatter plots further quantify the agreement between simulations and observations (Figure 6 b-c). The OL simulation

exhibits a relatively strong correlation with observations (Pearson r = 0.81) but with a noticeable wet bias (MBE = 1.43 vol%)

and higher overall error (RMSE = 4.85 vol%). The DA simulations show improved performance, with a higher correlation (r =

0.90), reduced RMSE (2.76 vol%), and a near-zero bias (MBE = -0.41 vol%). The density of points is more closely distributed

around the 1:1 line, indicating a more balanced representation and reduced seasonal biases across the full soil moisture range.315

Figure 6. Comparison of CRNS-derived soil moisture (SM) observations with model simulations from the open loop (OL) and data as-

similation (DA) experiments: a) Time series of SM, showing CRNS observations as orange circles, OL simulation (green dashed line), and

DA simulation (blue dotted line); b)-c) Scatter plots of simulated versus observed SM for b) OL and c) DA. Colors indicate the probability

density of point occurrence, and the 1:1 line is shown in black.

Figure 7 presents a comparison between simulated soil moisture and independent SoilNet point-scale observations at depths

of 5, 10, 20, 50, and 100 cm. The simulated soil moisture reproduces the seasonal cycle across all depths, with drying during

late spring-summer and wetting in autumn-winter, but exhibits systematic biases relative to point-scale observations. The OL

simulation shows a pronounced wet bias in the upper and intermediate layers (5-20cm), with moderate to high correlations

(Pearson r ≈ 0.86-0.92). DA improves performance by reducing both MBE and RMSE, but the improvements are more lim-320
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ited within the 5–20 cm layers. The impact of DA at depths of 50 cm and 100 cm occasionally degrades model performance

as measured by RMSE, despite the relatively small bias at these depths. This depth-dependent improvement indicates that

the assimilation of CRNS observations primarily improves near-surface soil moisture, consistent with the dominant sensing

depth of approximately 10-20 cm at this site and the vertical weighting applied during the assimilation. The model appears to

propagate assimilation increments more strongly into deeper layers than the measurements, suggesting that the model under-325

estimates vertical hydraulic heterogeneity in the soil profile. The 100 cm layer is often near saturation, while observations at

the EC station indicate that the water table depth generally oscillates between 2 and 2.5 m (Brogi et al., 2021). This suggests

relatively shallow groundwater conditions, under which deeper soil moisture dynamics may be influenced by upward capillary

supply from the groundwater table. CLM5 represents vertical soil water redistribution through matric-potential gradients; it

does not prescribe the observed shallow water table as a lower boundary condition or simulate capillary rise from groundwater.330

Several deviations between simulations and SoilNet observations were observed during the study period. A sharp decline in

measured soil moisture occurred in May 2022, coinciding with the temporary removal and subsequent re-installation of most

sensors during field ploughing. Low soil moisture values were recorded after re-installation. In addition, CRNS measurements

showed higher soil moisture values than point-scale sensors during parts of the summer period. The explanations for these

discrepancies are discussed in the section 5.335

Figure 8 shows the comparison between simulated and observed soil temperature at depths of 5, 10, 20, 50, and 100 cm.

Both the OL and DA reproduce the seasonal cycle, capturing the warming from winter to summer and subsequent cooling

towards winter across all depths. Model performance is consistently high, with strong correlations (Pearson r ≈ 0.93-0.96),

moderate RMSE (≈ 2-4 ◦C) and small positive biases (MBE ≈ 0.6-1.5 ◦C) compared to previous studies (Lawrence et al.,

2019; Ma et al., 2023). The agreement improves slightly with depth, reflecting increased thermal inertia and reduced short-term340

variability in deeper soil layers. Compared to OL, DA yields only marginal improvements in Pearson r, while slightly degrading

performance in terms of MBE and RMSE. This limited response is likely because only soil moisture was directly assimilated,

while soil temperature was adjusted only indirectly through model coupling. Although changes in soil moisture can influence

soil heat capacity, thermal conductivity, evaporation, and surface energy partitioning, the strength of this coupling depends on

the land-surface model’s thermal and hydraulic parameterizations (in this case, CLM5). Consistent with this, other studies have345

similarly found that improvements in soil moisture estimates do not necessarily translate into corresponding improvements in

soil temperature simulations (Alavi et al., 2009; Gevaert et al., 2018). The systematic seasonal bias, with overestimation of soil

temperature in late summer–autumn and underestimation in winter, indicates a too large seasonal temperature amplitude in the

model, which could be related to too high thermal conductivity or, for example, too low LAI in the model.

4.2 Forecast of decision-relevant variables350

Figure 9 shows an example of a site-specific forecast initialized on 1 July 2022 at 12:00 UTC, spanning a short past window

followed by a 10-day forecast horizon. Two distinct ensembles underlie the figure. The forecasts were initialized using model

states derived from either the OL or the DA experiment and were driven by the operational weather forecast. For evaluation

purposes, modelled soil moisture is compared with corresponding CRNS observations, although such observations would not
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Figure 7. Comparison of observed soil moisture (SM) from in-soil sensors and simulated soil moisture from the open loop (OL) and data

assimilation (DA) experiments at five depths ( 5, 10, 20, 50, and 100 cm). For each depth, the left panels (a-1 to e-1) show time series of

observations (circles), open-loop simulations (OL, green), and data assimilation results (DA, blue), with shaded areas representing ensemble

spread. The middle (a-2 to e-2) and right panels (a-3 to e-3) show scatter plots comparing observations with OL and DA, respectively.
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Figure 8. Comparison of observed soil temperature (ST) from in-soil sensors and simulated soil temperature from the open loop (OL) and

data assimilation (DA) experiments at five depths (5, 10, 20, 50, and 100 cm). For each depth, the left panels (a-1 to e-1) show time series of

observations (circles), open-loop simulations (OL, brown), and data assimilation results (DA, rosa), with shaded areas representing ensemble

spread. The middle (a-2 to e-2) and right panels (a-3 to e-3) show scatter plots comparing observations with OL and DA, respectively.
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be available in an operational forecasting setting. Panel (a) presents soil moisture in CRNS footprint space, as this corresponds355

to the observation type assimilated in the DA experiment and is therefore more representative for forecast verification than

point-scale measurements. During the past period, the wetting response following the rainfall event on 30 June (∼16 mm

recorded at the on-site gauge) is evident in the CRNS signal. Both forecasts reproduce the overall drying–wetting sequence

during this period, although their agreement with the CRNS observations varies with lead time. A further wetting episode

around 6 July, present in the CRNS observations only, does not coincide with any gauge-recorded rainfall, as the period from360

3–6 July was dry at the EC station. This observed wetting signal on the evening of 5 July in the absence of a corresponding

rainfall event suggests a possible localized irrigation input. Since information on the timing and amount of irrigation is not

available, as noted previously, this hypothesis cannot be independently verified. Note that as shown in Figure 6, the DA

experiment is nonetheless able to partially correct for this unaccounted input, improving agreement with the observed soil

moisture relative to the open-loop forecast.365

The widening of the daily uncertainty range with forecast lead time reflects the increasing spread of the DA ensemble mem-

bers. The spread originated from two sources: i) the perturbed soil properties, and ii) the divergence of the atmospheric forcing

among the ENS members. The forecast initialized with DA has a moderate spread over the first few forecast days (spread ∼
8.4 = 12.5 vol% for lead 0-4 days). From lead day 5 onward, the spread increases up to ∼ 17 vol% by day 9-10. This increase

coincides with the period during which the ensemble precipitation forecasts diverge most strongly, although precipitation re-370

mains predominantly low to moderate and the probability of substantial rainfall is limited on most days. Atmospheric forcing

is therefore considered the dominant, but not the only source of forecast uncertainty at longer lead times.

4.3 Towards climate service framework

While site-specific forecasts of soil moisture and related variables provide more information than conventional weather fore-

casts (e.g., precipitation and temperature), their direct interpretation remains challenging for non-expert users. Figure 9 presents375

physically consistent but scientifically oriented diagnostics, from which actionable insights may not be immediately apparent to

stakeholders. A common approach in agricultural decision support systems is the use of threshold-based classification schemes

to simplify complex soil moisture dynamics into management-relevant categories. We therefore translate forecasts of volumet-

ric soil moisture into four regimes from a management perspective rather than soil hydraulic categories.

For silt-loam soils such as those at Selhausen, the FAO-56-based estimates for the surface layer are approximately 9–21 vol%380

for wilting point, 15.5–28.5 vol% for the critical soil moisture content, and 22–36 vol% for field capacity. As these ranges are

rather large, we also considered the lysimeter-based study of Lu et al. (2026), who examined the critical soil moisture content

separating energy-limited from water-limited evapotranspiration regimes across several German TERENO sites, including its

variation with soil depth, texture, and climate. Lu et al. (2026) reported a surface critical soil moisture content of approximately

19-21 vol% and a root-zone critical soil water content of approximately 17 vol% for Selhausen, representing the point at which385

evapotranspiration becomes limited and drought stress begins. As the forecasts evaluated here represent soil moisture in the

upper 10 cm, the surface-layer threshold is more appropriate than the root-zone value. We therefore use 22 vol% as the

boundary between water-limited and favorable conditions. The lower threshold represents severe drought conditions and is
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Figure 9. Forecast of land surface variables initialized on 1 July 2022 at 12:00 UTC, including a) soil moisture over the CRNS footprint, b)

daily precipitation, c) soil temperature (ST) at 5 cm, and d) evapotranspiration (ET). Note that the DA experiment assimilated observations

only before the forecast initialization time, and assimilation was discontinued at 12:00 UTC on 1 July 2022. Forecasts are shown for the

OL- and DA-initialized experiments (ForecastOL OL and ForecastDA (DA), both driven by the ECMWF ENS atmospheric forcing, with

ensemble means (lines) and ensemble spread (shaded areas).
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associated with the permanent wilting point at approximately pF=4.2, which was calculated from the adopted van Genuchten

soil-water retention curve and is approximately 10 vol%. At the wet end, the main management limitation is the reduced traffic-390

ability of the field for heavy agricultural machinery. This threshold is associated with approximately pF=1.8, which corresponds

to about 42 vol%. For decision-support purposes, the hourly soil-moisture forecasts shown in Figure 9 are aggregated into daily

mean values. These daily means are then classified into four regimes for the 10 cm surface layer, as shown in Figure 10: (i)

below 10 vol% (too dry, high risk of plant damage); (ii) 10-22 vol% (drying, irrigation needed); (iii) 22-42 vol% (favourable);

and (iv) > 42 vol% (excessively wet, potentially restricted field traffic-ability). Daily-averaged surface soil moisture forecasts395

can thus be mapped directly onto these regimes to assess near-surface moisture conditions.

For the example forecast initialized on 1 July 2022, surface soil moisture was initially close to the lower boundary of the

favourable range, with daily mean values of approximately 22 vol% on 29–30 June. Following the post-rainfall wetting, the

ensemble mean rose on 1–2 July (approximately 25–26 vol%), indicating favourable field conditions. Hereafter, soil moisture

declined progressively to 24.1, 23.1, 22.5, and 22.1 vol% from 3 to 6 July, although critically dry conditions are not reached400

within the displayed forecast horizon. The ensemble-based category probabilities provide additional information beyond the

daily mean. Across all forecast ensemble members, 84 % remained within the favourable category, while 16 % entered the

drying category. The overall field condition is therefore classified as ’favourable’, but with a trend towards drier conditions.

Compared with the direct time-series representation shown in Figure 9, the threshold-based visualization highlights not only

the expected soil moisture levels but also their management relevance. Such information can support operational decisions by405

indicating if and for how long soil moisture is expected to remain within a favourable range or whether closer monitoring and

potential irrigation planning may become necessary in the coming days.

5 Discussions

5.1 Benefits and limitations of data assimilation for operational forecasting

This pipeline demonstrates that integrating real-time observations, land surface modelling, data assimilation, and ensemble410

weather forecasts into a fully automated workflow can provide field-scale soil moisture forecasts with operational relevance.

Data assimilation is expected to improve the representation of the system state at the forecast initialisation time; it can pro-

vide more accurate initial conditions and, consequently, improve subsequent forecast performance. Based on Figure 9, forecast

agreement with CRNS observations is comparable or slightly better within the 2–5 day lead-time range than at shorter or longer

lead times, while ensemble spread increases markedly beyond day 5, consistent with growing uncertainty in the atmospheric415

forcing. This behaviour is consistent with the established understanding that data assimilation primarily improves initial condi-

tions, while forecast performance at longer lead times becomes increasingly constrained by the reliability of future atmospheric

forcing (Crow and Ryu, 2009; Tian et al., 2021). This indicates that uncertainty in meteorological forcing remains the dominant

limitation for operational soil moisture forecasting. Even when model states are well constrained through assimilation, errors

in forecasted rainfall rapidly propagate into soil moisture predictions. Similar findings have been reported for hydrological420

prediction systems, where meteorological forcing is consistently identified as one of the largest sources of forecast uncertainty
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Figure 10. Intuitive visualization of probabilistic short-term 10 cm soil moisture (SM) forecast, translating ensemble-mean soil moisture

into management-relevant categories (too dry, drying, good, too wet). Shaded boxes indicate the ensemble spread of the forecastDA, with

dark grey representing the interquartile range (P25–P75) and light grey the P10–P90 range. The lower panel shows ECMWF ENS mean

precipitation, its P10–P90 range (error bars), and the daily precipitation probability (%).

(Dumedah and Walker, 2017; Gelati et al., 2018; Shrestha et al., 2020; Bai et al., 2024). Future improvements are therefore

expected to arise from advances in precipitation forecasting, including higher-resolution convection-permitting ensemble fore-

casts (Cafaro et al., 2021), improved radar-NWP blending (Shehu and Haberlandt, 2022), and next-generation AI-assisted

weather prediction systems (Lam et al., 2023). These developments have the potential to improve short-range rainfall forecasts425

and thereby extend the precision horizon of operational land surface forecasting.

Discrepancies between the soil moisture simulated by assimilating CRNS estimates and the independent distributed point-

scale sensor network (SoilNet) were observed. The largest discrepancies were found at shallow depths of 5 to 10 cm. However,

Brogi et al. (2025) showed for this site that the temporary removal and re-installation of point-scale sensors during field

operations, especially in potato, can alter measurement conditions due to a) soil disturbance and changes in bulk density, and430

b) the difficulty of characterizing the complex soil moisture distribution of potato ridges by using point-scale devices (Brogi

et al., 2026). In this work, the use of CRNS-based estimates provides a clear advantage over point-scale in situ sensors because
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they integrate soil-moisture information over a larger footprint, thereby better representing field-scale conditions. In addition,

CRNS measurements are less strongly influenced by small-scale surface heterogeneity, such as soil roughness (Brogi et al.,

2026; Desilets et al., 2010; Zreda et al., 2012). Smaller discrepancies were found at 50 and 100 cm depths, and future studies435

could investigate the combined use of CRNS and 1 m deep point-scale sensors that can be positioned in ways that do not

require periodical re-installation. While it cannot be excluded that CRNS-based estimates were affected by the absence of a

vegetation correction (Jakobi et al., 2018), the biomass influence of low-height crops is relatively small (McJannet et al., 2014)

and cannot account for the above-mentioned discrepancies with point-scale sensors. Finally, recent studies showed that the

Desilets et al. (2010) method for CRNS-based soil moisture estimation is outperformed by the more recent Universal Transfer440

Solution (UTS) of Köhli et al. (2021) in low soil moisture conditions (i.e., below 10%). While soil moisture in this study was

generally higher (i.e., above 15%), future applications in irrigation should favour the implementation of the UTS approach, for

example, with user-friendly tools like Neptoon (Power et al., 2025).

The translation of probabilistic soil moisture forecasts into threshold-based indicators represents an important step toward

operational usability. While ensemble forecasts provide a quantitative description of uncertainty, they are often difficult for445

non-expert users to interpret directly. Converting forecast outputs into management-relevant categories allows complex model

information to be communicated in a simpler and more actionable form. In the presented case study, the thresholds are de-

rived from site-specific knowledge of the Selhausen soil and from agriculturally relevant physical limits. The probabilistic

presentation retains more information than a classification based only on the ensemble mean. In addition to the overall field

status, the fraction of ensemble members assigned to each category indicates the probability of alternative field conditions.450

This is particularly important when forecasts lie close to a threshold. For example, an ensemble mean may remain within the

favourable range while a non-negligible proportion of members already enters the drying category. Reporting these probabili-

ties avoids the false impression of a deterministic classification and provides a clearer indication of forecast risk. Nevertheless,

threshold-based indicators may conceal differences in the shape and spread of the underlying ensemble distribution, and small

changes near a boundary may shift individual members into a different class even when their absolute differences are minor.455

Appropriate thresholds may vary with soil properties, crop type, rooting characteristics, and local management objectives. For

a given crop, water requirements may also change during the growing season as a function of phenological development. In

operational applications, threshold selection could be refined further by accounting for crop value, irrigation costs, water avail-

ability, and users’ risk preferences. Such extensions would require closer integration with crop, economic, and behavioural

decision models and are beyond the scope of the present study. Nevertheless, this pipeline aligns with recent developments460

in climate services and agricultural decision-support systems, which increasingly emphasize the importance of tailoring sci-

entific information to user needs rather than providing raw model outputs alone. Translating model outputs into simplified,

threshold-based indicators improves interpretability and highlights the potential to bridge the gap between scientific modelling

and practical decision-making.
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5.2 Transferability of the proposed pipeline465

Although the pipeline is demonstrated at a single agricultural site in Germany, its overall architecture is designed to be trans-

ferable as these modular components are widely available, including observation acquisition, quality control, LSMs, sequential

data assimilation, ensemble numerical weather prediction, probabilistic forecasting, and decision-oriented post-processing.

The implementation is not restricted to an automated in situ monitoring system. Where continuous field observations are

unavailable, state variables can be constrained using Earth observation products together with operational meteorological forc-470

ing datasets. For example, Sentinel-1 synthetic aperture radar (SAR) observations, which provide high spatial resolution soil

moisture information estimates at revisit intervals of several days, have been widely used to retrieve surface soil moisture for

assimilation into LSMs (Lievens et al., 2017; Bechtold et al., 2023). Likewise, meteorological forcing can be obtained from

operational reanalysis or numerical weather prediction products, such as ERA5-Land. Therefore, the proposed pipeline can be

modified and applied in data-sparse agricultural regions.475

More importantly, the pipeline is not limited to soil moisture forecasting. The assimilation-forecasting workflow is generic

and can be extended to other land surface variables for which observations and model representations exist. Recent land data

assimilation systems increasingly perform multivariate assimilation (Lannoy et al., 2022), by jointly assimilating variables

such as evapotranspiration (Gavahi et al., 2020), vegetation water content (Heyvaert et al., 2024), snow cover or snow water

equivalent (Brangers et al., 2024; Lee et al., 2024), leaf area index (Wang et al., 2024; Heyvaert et al., 2024; Chakraborty and480

Saharia, 2025) and land surface temperature (Dumedah et al., 2011; Lu et al., 2020) to improve the simulated terrestrial water,

energy, and carbon cycles. Such extensions would enable integration forecasting of water availability, crop development, and

surface fluxes exchanges, thereby supporting a broader range of agricultural and environmental decision-making applications.

While the pipeline is broadly transferable, the forecast skill achieved in this study should not be interpreted as universally ap-

plicable. The predictive skill of such systems depends on the characteristics of the local environmental system and the quality of485

both observations and atmospheric forcing. Regions characterized by highly convective precipitation and complex topography

are likely to exhibit larger forecast uncertainty (Matsunobu et al., 2024). Also, environmental characteristics influence forecast

skill through their control on soil moisture memory. Fine-textured soils with high water-holding capacity generally have longer

memory than coarse-textured soils with rapid drainage (Rahmati et al., 2024), allowing information introduced through data

assimilation to persist over longer periods. Vegetation and land management further modulate soil moisture dynamics through490

their influence on evapotranspiration and root water uptake. Overall, the transferability of forecast skill is expected to depend

on regional climate, soil characteristics, land cover, and agricultural management. Site-specific calibration of both the land sur-

face model and the observation operator, therefore remains necessary to account for local soil hydraulic properties, vegetation

characteristics, and management practices while reducing systematic model biases.

5.3 Future developments495

Despite the advances shown in this study, the framework still represents agricultural management in a simplified manner. While

ongoing developments in CLM are improving the representation of agricultural processes such as irrigation, fertilization, and

24

https://doi.org/10.5194/egusphere-2026-4630
Preprint. Discussion started: 6 August 2026
c© Author(s) 2026. CC BY 4.0 License.



crop-specific dynamics, management operations are still largely prescribed rather than dynamically adjusted. For example,

recent work on irrigation schemes demonstrates progress toward more realistic process-based representations within CLM

(Dombrowski et al., 2024), yet these approaches do not explicitly account for adaptive farmer behavior. In practice, agricul-500

tural management is dynamic and evolves in response to weather conditions, forecast information, economic constraints, and

individual risk preferences (Chavas and Shi, 2015). Farmers continuously adjust decisions such as irrigation timing or field

operations based on both short-term conditions and long-term expectations, as well as insights from years of hands-on farming

experience. Short-term irrigation decisions may be limited by factors such as the rotation of mobile pumps among several

fields or shared access to wells, whereas longer-term decisions depend on water availability, expected crop value, and seasonal505

production objectives. Moreover, the present classification scheme applies fixed soil moisture thresholds, although crop water

requirements vary with crop type and phenological stage. Future forecasting systems could therefore incorporate crop- and

development-stage-specific thresholds together with locally relevant operational and resource constraints.

Recent developments in socio-hydrological and agent-based modelling increasingly address such feedbacks by coupling

human decision-making processes with environmental models, enabling evaluation not only of how environmental conditions510

evolve, but also of how management decisions both influence and respond to those conditions. Building on this, the probabilistic

soil moisture forecasts generated by the current framework could serve as inputs to such behavioural or agent-based decision

models, allowing the current framework to be extended toward simulating adaptive management strategies and evaluating the

full decision loop (Bruijn et al., 2023). This would enable assessment of not only forecast skill, but also the practical value

of forecasts, i.e., how forecast information shapes management actions and subsequent soil moisture dynamics, in supporting515

adaptive land and water management under uncertainty.

6 Conclusion

This study presents an automated, end-to-end pipeline for operational, site-specific soil moisture forecasting that integrates

real-time sensor observations, cloud-based data processing, the Community Land Model 5 (CLM5) land surface model, data

assimilation via Ensemble Kalman Filter (EnKF), and ensemble weather forecasts to generate probabilistic 10-day predictions520

of soil moisture and related hydrological variables. By coupling near real-time observations with physically based modelling,

the system enables continuous updating of model states and improved short-term predictive skill. Application at the Selhausen

site showed that assimilating Cosmic-Ray Neutron Sensing (CRNS) observations reduced the discrepancy between modelled

and observed soil moisture compared with the open-loop (OL) simulation, thereby providing more reliable initial conditions

for forecasting. For the example forecast analysed here, ensemble spread relative to CRNS observations was comparable be-525

tween the OL and Data assimilation (DA) initialized forecasts at short lead times, converged to their lowest values around

lead days 2–4, and diverged again at longer lead times (≥ 6 days), with ensemble spread increasing as uncertainty in the

atmospheric forcing accumulated. The study further demonstrated that translating probabilistic forecasts into threshold-based

soil moisture categories can improve interpretability and facilitate the communication of forecast information for agricul-

tural management. Overall, this pipeline indicates that operational field-scale soil moisture forecasting is technically feasible530
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using currently available sensing, modelling, and forecasting technologies, providing a practical foundation that bridges the

gap between climate services and operational agricultural decision support. Extending the framework from individual fields

to larger regions is a promising but non-trivial next step. Satellite observations represent near-surface soil moisture and re-

main sensitive to vegetation, surface roughness, and retrieval assumptions, and their temporal sampling is also lower than that

of in situ sensors. Future work should therefore evaluate multi-scale and multi-variable implementations that combine satel-535

lite observations with sparse in situ monitoring, high-resolution meteorological forcing, and land surface models. Priorities

include reducing forcing uncertainties, quantifying uncertainty introduced by remotely sensed observations, improving repre-

sentation of soil–vegetation–management interactions, and incorporating adaptive decision-making to capture more fully the

socio-hydrological feedbacks inherent in agricultural systems. As climate variability and water-related risks continue to in-

tensify, such integrated forecasting systems could become a key component of climate-resilient and climate-smart agricultural540

management and adaptation strategies.
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