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Abstract Affordable autonomous soil sensors and IoT technology enable real-time soil moisture
monitoring, which offers opportunities for real-time model calibration and irrigation optimization. We introduce
an irrigation decision support system SWIM? (Sensor Wielded Inverse Modeling of a Soil Water Irrigation
Model), a digital twin that integrates continuous sensor data and unbiased, periodic soil samples with an FAO-
based soil water balance model using a Bayesian inverse modeling algorithm, DREAM ¢, (DiffeRential
Evolution Adaptive Metropolis). SWIM? estimates 12 soil and crop parameters and their associated probability
distributions and correlations, providing soil moisture predictions with uncertainty estimates. The SWIM?
framework is illustrated and validated in a real-time setup for 18 vegetable cropping cycles on agricultural fields
in Flanders, Belgium, with in situ precipitation data. Although using minimal prior knowledge and despite
sensor bias, SWIM? achieves robust soil moisture predictions for a 7-day horizon, with accuracies comparable
to sensor measurements. Predictions improve substantially in precision within the first 20 calibration days and
maintain high predictive power throughout the growing season. The impact of in situ measurements and
temporal covariance of the observational errors (“error covariance”) was assessed, indicating that good
knowledge of the error covariance and independent soil moisture samples are essential to correct for sensor bias
and ensure accurate model calibration, while continuous sensor data ensure accurate and precise estimates of the
dynamics. This study demonstrates the use of soil moisture sensor data in a Bayesian inverse modeling
framework, offering practical solutions for real-time soil moisture prediction and irrigation decision-making,
enhancing water management across agricultural fields.

Plain Language Summary Advancements in affordable soil sensors and Internet-of-Things (IoT)
technology now allow farmers to monitor soil moisture in real time. This opens new possibilities for improving
irrigation practices, saving water, and enhancing crop yields. We developed SWIM? (Sensor Wielded Inverse
Modeling of a Soil Water Irrigation Model), a decision support system that uses real-time soil moisture data
from sensors to improve irrigation management. The system combines field measurements with a well-known
soil water balance model to estimate 12 key soil and crop parameters. These include factors like how much water
the soil can hold and how much water crops use during growth. By using a Bayesian inverse modeling method,
SWIM? not only predicts soil moisture levels but also provides uncertainty estimates for these predictions,
helping farmers make more informed decisions. We tested SWIM? in agricultural fields in Flanders, Belgium,
and analyzed how accurate and reliable are its predictions at different times during the growth period. Results
show high accuracy and precision, and high predictive power after 20 calibration days. This study shows how
combining sensor technology with advanced modeling can improve soil moisture predictions and optimize
irrigation practices, which in turn could benefit sustainable agriculture and water management.

1. Introduction
1.1. Determining Root Zone (RZ) Soil Moisture for Irrigation Scheduling

The main methods to determine RZ soil moisture are based on soil water balance modeling and in situ soil
moisture observations. The latter is generally more accurate and intuitive, while a model can also predict soil
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moisture when observations are absent but typically requires knowledge of the crop and soil hydraulic properties.
Low resolution soil water balance (SWB) or “bucket” models calculate the amount of water stored in the entire
root zone or in limited number of layers that cover the root zone using the law of mass conservation, and assume
that water percolates to a deeper layer when field capacity is exceeded (e.g., AquaCrop (Raes et al., 2009; Steduto
et al., 2009), BUDGET (Raes, 2002)). In contrast to these simple models, more complex models compute water
fluxes based on gradients of water potentials or water contents, for example, by applying Richards' equation (e.g.,
Hydrus-1D (Simunek et al., 2005), SWAP (Van Dam et al., 1997)), which requires soil water content profiles with
high vertical resolution. Distributed models that implement Richards' equation, such as Mike SHE (Butts &
Graham, 2005) and MODFLOW 6 (Langevin et al., 2017), further allow for spatially explicit simulations of soil
water dynamics at the catchment scale. Simple SWB models have significant potential for irrigation scheduling as
they are relatively easy to parameterize and calibrate, and require limited data inputs. These models are also
applicable at both small and large scales and integrate well with Internet-of-Things (IoT) technology. In contrast,
Richards' equation-based models require extensive input data and computational power as well as more infor-
mation to calibrate the more complex processes, which limits their applicability in an agricultural context (Pereira
et al., 2020).

In recent years, the development of cheap, compact, autonomous soil-based sensors with wireless communication
via [oT technology led to real-time access to the soil moisture status of a field (Cahn et al., 2017). Several methods
exist to measure soil moisture with soil-based sensors, for example, based on electrical properties of the soil
(dielectric permittivity and soil resistivity), soil moisture potential, infrared spectroscopy, and radioactive tech-
niques such as neutron probes. The most commonly used soil moisture sensors measure the dielectric permittivity
of a substrate, which is mainly determined by its water content as water has a high relative dielectric permittivity
(&) of around 80, compared to air (¢, = 1), and soil particles (¢, = 3 —6). Performance and calibration of various
dielectric sensors have been studied throughout the past decades (Bircher et al., 2016; Bogena et al., 2017; Dong
et al., 2020; George & Soulis, 2012; M. G. A. Hendrickx, Vanderborght, et al., 2025; Kaptein et al., 2019; Nemali
etal., 2007; Paige & Keefer, 2008). A sensor is generally provided with a manufacturer's calibration equation, but
multiple studies recommend performing a soil-specific or a field-specific sensor calibration to obtain a higher
accuracy (Mane et al., 2024; Soulis et al., 2015).

By installing soil moisture sensors, farmers can monitor the soil moisture dynamics and status of their fields in
real time, which can help to better understand soil water dynamics and conserve resources (Obaideen et al., 2022).
While the agricultural sector is embracing the smart industrial revolution, with farmers gradually adopting
innovative technologies to enhance decision-making support (Zambon et al., 2019), they remain hesitant to
integrate such sensors in practice (O'Grady & O'Hare, 2017; Thompson et al., 2018). First of all, sensors con-
nected to a datalogger with a communication module can be a costly investment. Additionally, the installation and
removal of the sensor modules are labor intensive (Cahn et al., 2017), and the sensor modules are obstacles for
management operations in the field. Cahn et al. (2017) also point out that while soil moisture sensors can be
valuable for determining the optimal timing to irrigate, they are less effective in estimating the amount of water to
apply since this requires additional information on soil water retention properties. Some additional challenges
may occur when using soil moisture sensors, such as soil moisture variability across a field, air gaps, repre-
sentation of a soil layer or RZ, and sensor positioning, specifically in heterogeneously or drip irrigated fields
(Soulis et al., 2015).

Several irrigation management decision support systems (DSSs) based on soil water modeling and soil water
monitoring exist. In Belgium, Soil Service of Belgium uses a SWB model that is calibrated using soil moisture
samples to schedule irrigation in potato, vegetable, and fruit crops (Janssens et al., 2011). El-Naggar et al. (2020)
compared a model and sensor-based irrigation DSS in New Zealand and found that the irrigation-water-use ef-
ficiency was higher under a sensor-based scheduling regime, which used 27%-45% less water compared to a
model-based approach that computed the daily soil-water deficit. Irrigation-Advisor, IRRIX, and Hydro-Tech are
other examples of automated water balance-based irrigation scheduling systems relevant in European vegetable
production that use in situ soil moisture monitoring or remote sensing (Gallardo et al., 2020), while others predict
soil moisture for irrigation decision support tools using machine learning methods (Brinkhoff et al., 2019; W.
Wang et al., 2025). Although existing systems often use additional information sources on plant or soil status,
they lack robust statistical processing and uncertainty analyses.
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The integration of techniques like Bayesian data assimilation enables automated and improved fusion of soil
water modeling, plant sensing, and soil sensing while taking into account measurement uncertainties. Vereecken
et al. (2008) highlight the potential of soil moisture measurements for deriving soil hydraulic properties through
data assimilation methods, and emphasize that advancements in (soil) hydrology require the integration of
improved measurement techniques, (open) data availability, and enhanced modeling methods. These enhanced
methods include advanced process models as well as statistical techniques that better account for measurement
uncertainty in data assimilation. Such advancements pave the way for autonomous irrigation scheduling systems
driven by enhanced soil moisture simulations and predictions.

1.2. Bayesian Inference for Inverse Problems in Hydrology and Agriculture

An inverse problem can be defined as a framework where observations are translated into information about the
process or system that produced these observations, for example, soil moisture observations are translated into
information on soil properties or evapotranspiration. In Bayesian inference, an inverse problem is solved by
updating a prior distribution of a model state or parameter, based on observations. The prior distribution can either
be non-informative, such as a uniform distribution where only the lower and upper boundary are known, or
informative, such as a normal distribution, if there is already a reasonable understanding of the state's or pa-
rameter's likely distribution before applying Bayesian inference. The posterior distribution can be derived by
adopting Bayes' theorem (Equation 1):

_p(A)p(B|A)
P(AB) = B (1

where A signifies a vector of model states or parameters, with p(A) being the prior probability distribution, while
B signifies a vector of observations, with p(A|B) being the posterior or conditional probability distribution,
p(BJA) = L(A|B) being the likelihood of A given B, and p(B) the marginal probability distribution, which acts
as a normalizing constant.

Solving inverse problems with Bayesian inference requires an efficient sampling method to explore high-
dimensional posterior distributions. Markov Chain Monte Carlo (MCMC) is widely used for this purpose,
generating correlated sequences of samples (Markov chains) based on previous values, in contrast to classical
Monte Carlo methods that draw independent samples. After a burn-in period, the chains converge to the target
distribution. Among adaptive MCMC algorithms, DREAM g, stands out for its use of multiple chains, subspace
sampling, and an archive of past states, which significantly improve convergence and sampling efficiency (Laloy
& Vrugt, 2012; Vrugt, 2016). Recent studies show that DREAM g, consistently outperforms alternatives like
Metropolis-Hastings and adaptive Metropolis, especially in high-dimensional and complex settings (Kaviani-
hamedani et al., 2024).

DREAM has already been applied repeatedly to inverse problems in the context of hydrology and earth sciences.
Laloy et al. (2010) assessed parameter uncertainty and its effects on model predictions for a continuous, plot-
scale, rainfall-runoff model with DREAM. Dumont et al. (2014) used DREAM 4, for parameter estimation
of the STICS crop model using biomass measurements. Furthermore, DREAM, was recently used to calibrate
radiative transfer model parameters related to vegetation and surface soil moisture based on Sentinel-1 satellite
backscatter observations (De Lannoy et al., 2024; de Roos et al., 2023). In addition to model parameters, also
forcing data errors can be assessed by DREAM as was demonstrated by Vrugt et al. (2008) for a watershed model
calibration. The posterior distribution of watershed model parameters was significantly modified by addressing
these forcing errors during the calibration process.

Several studies in soil hydrology (Jacques et al., 2002; Ritter et al., 2003; X. Wang et al., 2021; Wohling &
Vrugt, 2011; Wohling et al., 2008) suggest that in situ observations often contain insufficient information to
accurately estimate soil hydraulic properties in Richards' equation-based models. In contrast, simple SWB models
typically require fewer parameters and input data than transient models for their parameters to be well resolved
during calibration. It is therefore particularly relevant to assess whether these simple SWB models can reliably
predict the temporal evolution of RZ soil moisture after parameter estimation.

An additional difficulty in the application of Bayesian inverse modeling in an agricultural context is the restricted
availability of observational data. In farmers' fields, only a very limited number of sensors can be installed due to
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costs and operational limitations, typically much less than in experimental fields or studies. Such a setup may
result in significant observational errors, that is, deviations from the true soil water content (SWC), which can be
systematic and random errors resulting from instrumental and representational errors. When spatial coverage of
sensor measurements is limited, the average SWC measurement may be biased compared to the true average SWC
in the measurement zone (MZ). Such a bias, or systematic error, is a consistent error over time, and can thus be
described as errors that are temporally correlated. It is important to assess and quantify these errors when the
observations are used in a Bayesian inverse modeling framework. While model error covariance has been well
studied (Bannister, 2008; Goux et al., 2025), observational error covariance has received less attention. Although
hydrological inverse modeling, data assimilation, and validation often neglect observational error autocorrelation,
ignoring or underestimating this autocorrelation can lead to bias and an underestimation of the uncertainty in
model predictions when calibrating to a time series of soil moisture measurements. Some approaches explicitly
account for autocorrelated observational errors using autoregressive models (Engeland & Gottschalk, 2002; Evin
et al., 2013; Scharnagl et al., 2015), or correct bias via CDF matching (Reichle & Koster, 2004). Estimating
observation and model biases simultaneously with the state variables can improve accuracy, whereas neglecting
correlations can propagate errors in both state and bias estimates (Crow & Van Loon, 2006; Pauwels & De
Lannoy, 2015; Pauwels et al., 2013). A common workaround is inflating error variances to compensate for
neglected correlations, but this compromises accuracy (Hu & Dance, 2024; Stewart et al., 2008). Previous studies
propose mechanistic error modeling based on the spatial variability of soil properties (M. G. A. Hendrickx
et al., 2023), and statistically pooled error modeling based on measurements and their observational errors in
multiple fields (M. G. A. Hendrickx et al., 2025). A challenge related to this is how sensor measurement un-
certainty can be mitigated by incorporating additional soil moisture sampling campaigns, which occur at much
lower frequencies but provide unbiased measurements with a low uncertainty.

1.3. Objectives

This study presents the development and evaluation of SWIM? (Sensor Wielded Inverse Modeling of a Soil Water
Irrigation Model), a real-time irrigation decision support system (DSS). The SWIM? framework uses in situ soil
moisture measurements to calibrate 12 parameters of a SWB model with DREAM g, to predict SWC and its
uncertainty over a 7-day horizon. In operational mode, SWIM? is to be applied once or twice per week for each
individual field.

The specific objectives of this study are

1. To calibrate a low-dimensional SWB model that integrates in situ samples and sensor data, after applying a
generalized sensor calibration, while incorporating measurement error covariance, in order to accurately
describe and predict soil moisture dynamics and their uncertainty.

2. To evaluate the influence of measurement error covariance on model calibration and uncertainty estimates
within a Bayesian inverse modeling framework.

3. To assess the impact of periodic, unbiased soil moisture samples versus continuous sensor data on the accuracy
and predictive power of the model within a Bayesian inverse modeling framework, and to establish the optimal
sample quantity or frequency required for effective model calibration.

In line with these objectives, our main goal is thus to propose a low-cost, user-friendly soil moisture prediction
and irrigation management DSS tailored for farmers. When time and money are not limited, a dense sensor
network can be deployed, high measurement accuracy can be ensured, and observational error assessment be-
comes trivial. In contrast, we investigate the potential and challenges of using a measurement setup with only
three low-cost soil moisture sensors, providing limited spatial coverage within a MZ, to support accurate soil
moisture modeling and irrigation decision-making.

2. Study Sites and Data
2.1. Study Sites

A total of 18 cropping cycles during the growing seasons of 2021-2023 were used in this study for the illustration
and validation of the SWIM? framework. The study sites (Figure 1) were located at Kinrooi and three research
centers in Flanders, Belgium (Viaverda in Kruisem, Proefstation voor de Groenteteelt in Sint-Katelijne-Waver,
and Praktijkpunt Landbouw Vlaams-Brabant in Herent), where various types of vegetable crops were grown,
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S including onions, celery, leek and Belgian endive, and irrigation was applied
N oIl texture

51.5°N

50.5°N

50°N

49.5°N

based on irrigation advice from Soil Service of Belgium.

2.2. Weather Data

Weather data for the study sites were obtained from two main sources. Pre-
cipitation was measured in situ at each site using a tipping-bucket rain gauge.
To complement these measurements, precipitation radar data were retrieved
and used to correct for false zeros and to fill occasional gaps. For the
remaining weather variables (temperature, wind speed, relative humidity, air
pressure, sunshine duration, solar radiation, and cloudiness), data were
collected from the nearest Royal Meteorological Institute (RMI) synoptic
weather station via the OpenKMI python package. The 22 synoptic weather
stations are on average 20 km apart. With these weather parameters, daily
reference potential evapotranspiration, ETo, was calculated based on the
FAO-56 Penman-Monteith method (Allen et al., 1998), using the PyETo
python package (Richards, 2015).

The precipitation data from the site-specific rain gauges were highly reliable,

3°E 3.5°E 4°E

Figure 1. Map of the study sites in Flanders, the northern part of Belgium,
indicated by their soil type (Belgian soil classification: Z: sand, S: loamy
sand, A: silt loam), and number of cropping cycles (size). A total of 18

4.5°E 5°E 5.5°E 6°E except for occasional missing values, which were effectively corrected using

radar products. The other meteorological variables obtained from the nearest
synoptic stations are also considered reliable, though spatial representative-
ness may decrease with increasing distance from the experimental fields. In

cropping cycles during the growing seasons of 2021-2023 were used in this contrast to precipitation, ETo varies smoothly across Flanders due to its flat
study, including 8 cropping cycles in Kinrooi, 4 cropping cycles in Sint- topography and relatively homogeneous climate, and differences between

Katelijne-Waver, 3 cropping cycles in Herent, and 3 cropping cycles in
Kruisem. Of these cropping cycles, 2 were on a sand soil (Z) and 3 on a silt
loam soil (A), while the majority of 13 cropping cycles were on loamy sand

soils (S).

synoptic stations are generally small compared to the variability in precipi-
tation, irrigation, soil and crop management.

2.3. Soil Analysis

To determine soil characteristics, three undisturbed Kopecky ring samples (V:

100 cm3, h: 51 mm) were collected within the MZ of each study site at the
start of the growing period. Soil water retention was measured at various matric potentials using the pressure plate
method, which provided the saturation point at pF 0 (pF = log;,(|h|) where & is the soil water pressure head
expressed in cm), theoretical field capacity at pF 2, critical threshold at pF 2.7, and permanent wilting point at pF
4.2. Finally, the ring samples were dried to determine dry bulk density (BD). Occasionally, granulometry was
performed, obtaining a more accurate soil texture classification.

2.4. In Situ Soil Moisture Samples

A composite soil moisture sample, consisting of nine individual gouge auger soil samples (0-30 cm depth and
2 cm diameter) spatially distributed over an 80 m* MZ, was collected periodically at all sites during the growing
period. The standard deviation of 0.0114 m® m~> reflects the spatial variability among the individual samples
within the measurement zone, and was calculated as a pooled standard deviation across multiple study sites (M. G.
A. Hendrickx et al., 2025). The sampling errors of the subsequent sampling campaigns are uncorrelated, since the
individual samples were spatially randomized during each campaign. The soil moisture content of the composite
samples was determined using the gravimetric method, with drying to constant weight ensuring unbiased read-
ings. Subsequently, the volumetric water content (6,,;) was calculated from the gravimetric water content (0,r,y)
and BD:

avol = ggrav X BD. (2)

Any systematic error associated with the sampling and gravimetric measurement technique itself was assumed to
be negligible.
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2.5. In Situ Soil Moisture Sensors

Dielectric capacitance soil moisture sensors (TEROS 10, Meter Group, Inc., USA) were used to measure
volumetric SWC in the fields. The sensors use an electromagnetic field to measure the dielectric permittivity of
the surrounding medium within a measurement volume of 430 mL, approximately corresponding to a cylinder
with a diameter of 7.1 cm and a height of 10.9 cm. A 70 MHz oscillating wave is supplied to the two sensor
needles, which charge according to the dielectric permittivity of the material. The charge time is proportional to
the dielectric permittivity, and hence water content, of the soil. Raw sensor output [mV] was converted to SWC
[m* m™] using the manufacturer's calibration equation, with a stated accuracy of 0.03 m* m™ (METER
Group, 2018):

Oensor = —2-154 +3.898 X 1073 X S,y —2.278 X 1070 X S,,v> +4.824 x 10710 x S/, 3)

where S,y is the raw sensor output [mV], and Oy, is the volumetric water content [m® m™]. Decagon 10HS
and 5TE sensors, the predecessors of the TEROS high-frequency capacitance soil moisture sensors, have been
evaluated in previous studies (Varble & Chavez, 2011; Vaz et al., 2013). More recently, Nasta et al. (2024)
investigated temperature effects on the calibration of comparable sensors (GS3 and TEROS 12, METER Group)
and found that applying a temperature correction improved accuracy, especially in clay-rich soils.

A sensor module that was installed in a field (AgriSense Pro, Io-Things, Belgium) comprises three TEROS 10
sensors connected via cable to a datalogger with a Sigfox communication module. The communication module
transmits sensor data to an online server for real-time online data access. The temporal resolution of the sensor
measurements was reduced to daily observations by selecting the last measurement of each day, which typically
occurred between 22:00 and 00:00, as the soil water balance model computes a daily water balance at the end of
the day. Finally, the daily measurements of the three sensors were averaged.

The general sensor calibration of M. G. A. Hendrickx et al. (2025) was applied to eliminate the discrepancy
between a point measurement of a sensor with the pins installed horizontally at 15 cm depth and a soil sample
measuring the whole upper 30 cm layer, obtaining sensor measurement data that are representative for the O—
30 cm soil layer. This calibration curve (Equation 4) was previously established based on an orthogonal fit of soil
moisture sample measurements of the 0-30 cm layer to their corresponding sensor measurements at 15 cm depth
at multiple study sites in 2021, 2022 and 2023.

05-30 em = —0.006 + O,epior X 1.26, 4

where 0y_30 cm [m3m_3] is the volumetric SWC in the 0-30 cm soil layer, and Gyepsor [m3m_3] is the average

volumetric SWC, that is, measured by the three sensors at 15 cm depth. The calibration curve had an R? of 0.67
and an RMSE of 0.043 m® m™ (M. G. A. Hendrickx et al., 2025).

In contrast to composite soil samples, the averaged sensor measurements may be biased relative to the true
average soil moisture content of the 80 m> MZ since three point measurements may not adequately represent the
entire MZ. As a result, deviations of the averaged sensor measurements from the true soil moisture are persistent
in time. Such persistence can either be addressed by explicitly considering the autocorrelated errors, or by
introducing a bias term as an additional unknown parameter. In a real-time context, however, unbiased mea-
surements are sparse and become available only during the growing season, preventing accurate quantification of
this bias, which is why we chose to adopt the full error covariance structure.

3. Methods
3.1. Soil Water Balance Model

A single-layered soil water balance “bucket” model, based on FAO-56 approaches (Allen et al., 1998), computes
a daily soil water balance for the growing RZ using weather data, soil and crop parameters as input. The model
assumes a uniform SWC throughout the RZ and does not account for lateral flow. The soil water balance model
applies a dual crop coefficient, as is recommended for real-time irrigation scheduling with high frequency water

HENDRICKX ET AL.

6 of 32

85UB017 SUOWILIOD 3AIIER.D geotdde 8y} Aq pauseAob 8.e SSoILe VO ‘SN 40 SaINJ 104 AeIq1T 8UIIUO A1 UO (SUOIIPUD-PUR-SLUIBIWI0D A8 1M ARIq 1 U UO//SdNL) SUOTIPUOD PUe SWS | 8L} 88S *[9202/50/.T] Uo ARiqIauljuo A3|IM ‘BIueD YoIeessy HAWS ya1ine wniuezsbunyosiod Aq 12 TYOHMGZ02/620T 0T/I0p/wod A3 1m Az 1jput|uo'sqndnBey/sdiy Wwoiy pepeojumoq ‘g ‘9202 ‘EL6L776T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Water Resources Research 10.1029/2025WR041324

applications. The complete description of the model can be found in Text S1 of Supporting Information S1: Soil
water balance model.

While a single-layered soil water model approach offers conceptual simplicity and requires calibration of only a
few parameters, challenges may arise when comparing the water content in the single-layered soil water model,
which is derived from the soil water storage and from the thickness of the single soil layer assuming a vertically
uniform water content distribution, with in situ measurements when the actual water content distribution is not
uniform with depth. A first situation that poses such a challenge is when the RZ extends and grows into soil layers
below the upper 30 cm thick soil layer, which is monitored by the soil sensors. Since no water was extracted from
the deeper soil layer before roots grew into it, the water content in the deeper soil layer is initially higher than in
the upper soil layer in which the water content is monitored. A second situation posing a challenge is when
precipitation or irrigation water is added to the upper soil layer but does not distribute immediately into the deeper
soil layer and deeper part of the RZ where water contents are not monitored. To allow comparison of model
simulations and measurements in the top 30 cm layer, the single-layered soil water model was modified
implementing a virtual RZ, that is, linked to a dual-layer conceptual framework (layer 1: 0-30 cm; layer 2: 30 cm
—maximum root depth) (Text S.1.6 in Supporting Information S1). When the actual RZ grows into deeper and
wetter soil layers, the available water in the RZ soil layer will increase but this increase will not change the top
30 cm SWC. Therefore, the virtual RZ layer with uniform water content that corresponds with the water content in
the upper 0-30 cm layer will be expanded more than the actual RZ in order to account for the stronger increase in
soil water in the root zone due to root growth in the wetter subsoil. Vice versa, when the water content in the
monitored topsoil layer increases after a rainfall or irrigation event but when the water is not immediately
distributed over the whole RZ, the virtual RZ layer of the single layer model is compressed to maintain the
measured SWC in layer 1 and a correct water storage in the virtual RZ. The dual-layer conceptual model links the
virtual RZ depth, the actual RZ depth, and the water contents in the upper and deeper soil layer with each other.

Initial estimates for the basal crop coefficient, K,, of non-stressed, well-managed crops in sub-humid climates
(RH,;;, ® 45%, u, ~ 2 m s~1), such as Flanders, as well as the maximum effective rooting depth, Z, max» and the
lengths of crop development stages, L, were derived from the tables in the FAO-56 Irrigation and Drainage Paper
(Allen et al., 1998) and adjusted based on local expert knowledge of Soil Service of Belgium. The crop-specific
soil water depletion fractions, p, for no stress and for ET,, ~ 5 mm day~' were extracted from the FAO-56
Irrigation and Drainage Paper (Allen et al., 1998). For each field, one or two cultivations per year were
included, of which the crop and the planting or sowing date were marked up.

3.2. Bayesian Approach for Inverse Modeling
3.2.1. DREAM g,

In this study, the soil water balance model described in Section 3.1 was coupled with the DREAM 4, algorithm
(Laloy & Vrugt, 2012; Ter Braak & Vrugt, 2008; Vrugt et al., 2009). A Python 3 implementation was used, based
on the 2013 DREAMzs Matlab code (version 1.5, licensed under GPL3). Vrugt (2016) provides an overview of
hyperparameters and possible configurations of the various DREAM variants. Twelve uncertain parameters of the
soil water balance model were estimated using DREAM s, and nine parameters were obtained from measure-
ments or literature. The choice of six independent chains (V) was determined based on the dimensionality (d),
ensuring N > 0.5d. Although sequential data assimilation approaches (e.g., filters) are commonly used in real-
time contexts, we adopted DREAM g, to exploit the full observation time series for Bayesian parameter
inference and uncertainty quantification, which is expected to provide more robust parameter estimates and
predictions. The configuration of the DREAM g, is elaborated on in Appendix B.

3.2.2. Likelihood Function

The loglikelihood (LL) is a key objective function in Bayesian inverse modeling, summarizing the deviations
between model simulations and corresponding observations. For uncorrelated heteroscedastic error residuals

E(x) = Y(x) — Y, the LL can be defined by Equation 5 (Vrugt, 2016).

N2
L£(x; ?,0‘2) = —g In(2rm) —% 7:1 {In(3,%)} - % ! <m> , Q)

t=1
O
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where 7 is the number of simulation-observation pairs, X is the parameter set

with d parameters resulting in a vector Y(x) of model simulations

015205 Y0)s Y is a vector of the corresponding observations (3, ,,..., ¥,)

and ¢ is a vector of their standard deviation (6y,65,...,6,) arising from
observational errors. When the error residuals E(x) exhibit correlation, the
LL function can be expanded to Equation 6.

L(x;Y.Z) = —gln(Zn) - %ln(|2|) - %(Y(x) - ?)T = (Y(x) - i?), (6)

where X is the measurement error covariance matrix.

Our approach assumes that deviations between model simulations and cor-
responding observations arise solely from observational errors. Equations 5
and 6 therefore evaluate how plausible it is to observe such deviations under
the (naive) assumption that the model perfectly describes reality for a given
parameter set X, while accounting for the known characteristics of the
observational errors, that is, their variance and autocorrelation.

3.2.3. Measurement Error Covariance Matrix

Figure 2. Pooled measurement error covariance matrix for N, daily sensor Accurate (inverse) modeling of soil moisture requires a good understanding
measurements and p samples (M. G. A. Hendrickx et al., 2025). of errors in observational data. These errors can be categorized into random

errors and systematic errors. Random errors, which arise due to unpredictable
variations during measurements, are uncorrelated across observations over time. Systematic errors, in contrast,
are consistent deviations affecting all subsequent measurements in a similar way. Such systematic errors can
include both additive (intercept) errors, which shift all measurements by a constant amount, and multiplicative
(slope) errors, which scale measurements proportionally. In this study, only additive systematic errors are
considered. The temporal correlation of the systematic errors is captured in the error covariance matrix, while the
sum of the random and systematic errors forms the total observational error variance.

However, accurately quantifying measurement error variance and covariance is particularly challenging in
practical field setups where typically only three sensors per field are available. To estimate the measurement error
covariance matrix (X), we employed a pooled error modeling framework that integrates sparse measurements
across multiple fields, leveraging their shared statistical properties to separate random and systematic error
components (M. G. A. Hendrickx et al., 2025). In this approach, we assume that the measurement error covariance
matrix is applicable across fields and soil types, for a specific measurement setup.

The measurement error covariance matrix (X),was quantified for our specific measurement setup based on aver-
aged sensor measurements as described by (M. G. A. Hendrickx et al., 2025; Figure 2). The variance of the sys-
tematic error, or error covariance, (052) was assumed to be the same for all sensor measurement pairs and was
0.00107 (67 = 0.033 m® m™*). This assumption implies the presence of a constant bias @ in averaged sensor
measurements within a certain field that does not vary over time, and implies that the biases across different fields
originate from the same population A/(0, 5 *). The random error variance (o, *) was 0.00100(c; = 0.032m’ m~?),

implying that all random errors € originate from the population N(0, o, ?) The total error variance (o; %), that is,

the sum of the systematic and random error variance:

aﬁz = 0'52 +0'52, (@)
was 0.00207 (o5 = 0.045 m* m™). These error variances correspond to a substantial error correlation of 0.52,
indicating that approximately half of the sensor observational error variance is attributed to systematic deviations
(M. G. A. Hendrickx et al., 2025). In this context, measurement accuracy refers to how close the average of sensor
measurements is to the true soil moisture value. It is influenced by both systematic and random errors that affect
the average measurement. Measurement precision, on the other hand, refers to how consistent and repeatable the
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Table 1

Model Parameters and Their Ranges, Where i Is the Prior Estimate of the Respective Parameter

Parameter Definition Lower boundary Upper boundary
Kb, ini K, during initial stage [—] 0.05 0.4

K cb,mid K., during mid-season stage [—] 0.85 1.15
Kcbend K, at the end [—] 0.65 1.15

Lin; Length of initial stage [days] max(i — 10, 0)* i+ 10

Lgey Length of development stage [days] max(i — 7, 0) i+7

Liia Length of mid-season stage [days] max(i — 7, 0) i+7

Orc Field capacity (FC) [m*m~3] min(i, 0.15) min(0.4, i + 0.25)°
In(Kgar) Natural logarithm of Ky, [mm day~'] In(K sat,min) In(K sa,max)
CN Curve number [—] 58 91
ZGWT,max Maximum groundwater table depth [cm] 100 200

P gins Maximum root depth [m] 0.3 0.9

Oini Initial SWC [m’m~] 0.1 min(0.4, i + 0.25)

“For Belgian endive, the lower boundary of Li; = max(i — 21,0) as the complete initial stage may be long, but the
emergence stage of the seed is not included in the measurement data. “Field capacity was not expected to exceed
0.4 m®> m™3 since clayey soils were not included in this study.

individual sensor readings are, and is mainly affected by the random and systematic errors of each individual
measurement.

Because of the way soil moisture samples were taken at different sampling times (Section 2.4), their errors are
uncorrelated over time as well as uncorrelated to the sensor measurement errors. The standard deviation of an
individual soil moisture sample was 0.0114 m®> m™>. For a composite soil moisture sample comprising 7 indi-
vidual soil samples, the standard deviation reduces to 0.0114 n~Y2 Forn = 9, this results in a standard deviation
of 0.0038 m* m™>, which corresponds to a variance of 62, = 0.0000144.

samp

The final error covariance matrix for a given field f has (N, + p) rows and columns with N, being the number of
averaged sensor measurements and p being the number of uncorrelated composite soil moisture samples
(Figure 2).

3.2.4. Prior Parameter Information

In this study, prior parameter distributions were specified as bounded non-informative priors, that is, uniform with
strict lower and upper bounds, chosen to reflect the feasible physical range of each parameter. While such priors
can become informative if the posterior accumulates near a boundary, they were intended here as weakly
informative constraints in the absence of detailed a priori knowledge. The initial states of the chains were
randomly sampled from these prior distributions with Latin Hypercube Sampling (LHS).

All 12 uncertain model parameters that are estimated in DREAM g, are shown in Table 1, along with the lower
and upper boundary of their uniform prior distribution. The lower and upper boundary of K, (K min and
Ko max-> respectively) are defined per soil textural class (Text S1: Table S1 in Supporting Information S1). The
boundaries of CN (curve number) are based on values proposed by the Soil Conservation Service (SCS) (1964),
assuming row crops and legumes, and including all hydrological soil groups. The lower and upper boundary of the
maximum groundwater table depth are assumed to be location-independent, and the groundwater is expected to be
above 200 cm depth for the agricultural fields in this study.

The boundaries of the basal crop coefficients (K,) and the maximum rooting depth are based on FAO-56 (Allen
etal., 1998). These crop parameter boundaries are defined independently from the crop type since vegetable crops
generally have similar characteristics, and differences between vegetable crops are expected to be smaller
compared to differences in growth and canopy cover due to environmental factors. The boundaries of the growth
stage lengths are defined as crop-dependent since these differ more substantially between different vegetable
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crops. The prior estimates of the growth stage lengths can be found in Text S1: Table S1 of Supporting Infor-
mation S1. The prior estimate of FC was based on the measured soil moisture content at pF 2. The prior estimate
of 6;,; was set to the prior estimate of FC.

3.2.5. Posterior Parameter Distribution

The posterior distribution of the parameters is derived by adopting the Bayesian approach:

p(x7) = ror ) ®)

oY)

where x signifies a vector of parameters (x;,x,,...,X;), with p(x) being the prior parameter distribution, while Y

signifies a vector of soil moisture measurements, with p(x|§~() being the posterior parameter distribution,

p(§~(|x> = L(Xﬁ() being the likelihood function and p(\?) the marginal likelihood, which is a normalizing

constant. As a uniform prior is used, this is reduced to:
p<x|§~() x L<x|§~(> 9)

The Kullback-Leibler divergence (KLD) is a statistical measure for the difference between two distributions,
which are in this case the prior and posterior parameter distributions of a given model parameter x; :

KLD, = f p(xi|?) In pg;f) dx. (10)

For numerical computation, the posterior was discretized and normalized over the same bins as the prior to ensure
comparability. Schiibl et al. (2022) used the KLD to quantify the information gain from inverse estimation. A
larger KLD value indicates a higher information gain, and a KLLD value greater than 1 suggests that the posterior
distribution is substantially different from the uniform prior distribution.

3.2.6. Convergence Diagnostics

MCMC diagnostics were used to assess whether an MCMC algorithm has successfully converged to the target
posterior distribution. The acceptance rate (AR) helps assessing the efficiency and effectiveness of the sampling
process, providing insights into how well the MCMC algorithm is performing. The AR is computed as the ratio of
the accepted proposals, based on the Metropolis acceptance criterion, and the total number of proposals, and
would optimally be between 15% and 30%, and is acceptable between 10% and 50%. A low AR (<10%) indicates
that the proposals are rarely accepted. This might happen if the step size in the proposal distribution is too large, or
if the algorithm is unable to find good parameter sets, for example, due to narrow priors or contradictory ob-
servations. A high AR (>50%) indicates that the majority of the proposals are accepted. This might happen if the
step size is too small, leading to slow exploration of the parameter space, or if the number of observations is
limited or the observations are very uncertain so that almost all parameter sets result in an acceptable model
outcome.

The Gelman-Rubin multichain R statistic is a convergence criterion based on the between and within-variance of
N independent chains of length T = 2 and discards the first n samples in each chain, which corresponds with a
50% burn-in period. For each parameter, the variances from the last n iterations of the N chains are estimated:

—1. 1
£="""w+-8B, (11)
n n
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Figure 3. Schematic overview of the temporal evaluation approach to assess model performance in function of data
availability in the context of real-time model application.

AAATA

where B is the variance between the means from N chains, W is the average of the N within-chain variances, and §2
is the unbiased estimate of the target variance. The convergence can be monitored by the shrink factor R which is
calculated as:

Re N+1£ n—1
- N W Nn’

(12)

where R values smaller than 1.2 indicate convergence (Gelman & Rubin, 1992).

3.3. Performance Evaluation
3.3.1. Temporal Evaluation Approach

In this study, model performance was evaluated temporally, that is, in function of time and data availability,
mimicking the real-time application of the model (Figure 3). This approach was suggested due to expected
variations in model performance depending on data availability for model calibration and lead time of predictions.
For instance, after 20 days, 20 daily averaged sensor measurements and one composite soil moisture sample are
available. This 20-day period is defined as the calibration period. Subsequently, soil moisture content is predicted
for the next 7 days, which is defined as the validation period. In a real-time application, such 7-day forecasts
would rely on weather forecasts. However, in the present study, the uncertainty due to weather prediction was
intentionally excluded by using historical measured weather data for the prediction period. This allows isolating
the effects of model structure and calibration data availability on soil moisture prediction performance. After
30 days, we do the same, but now with 30 days of sensor measurements and two composite soil moisture samples.
This continues until the end of the cropping cycle is reached. The “end-of-cycle” calibration is defined as the
model calibration using all measurement data of the full cropping cycle.

3.3.2. Evaluation Metrics

First, we evaluated whether a low-dimensional model can be accurately calibrated using samples and sensor data
after applying a generalized sensor calibration, while accounting for measurement error covariance. At each
10-day time step of each cropping cycle, both the calibration and validation period were assessed using the
sample-based root mean squared deviation (RMSD) by comparing the model simulations with the samples
(Equation 13).

" Osimi = Osamp.)
RMSD — \/ZI=]( sim,i bdmp.l) , (13)
n

where Oy, ; is the SWC simulated by the maximum likelihood (ML) model, O,y ; is the measured SWC by the
samples and 7 is the number of days in the calibration or validation period. Since the sensor data are known to be
potentially biased, a bias-corrected RMSD (bcRMSD) was calculated when comparing model simulations with in
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situ sensor measurements. For this bcRMSD, the sensor bias b was calculated for each cropping cycle as the
systematic deviation between the soil moisture samples (Oymp,an) and the sensor data (Gensan) over the whole
cropping cycle for the given field (Equation 14).

O —0. . —b)? _ _
bCRMSD — \/Zz:l( sim,i - sens,i ) Wlth b — 95amp,a11 — Guens all» (14)

where 0, ; is the average SWC measured by the three sensors. Additionally, the Nash-Sutcliffe Efficiency
(NSE) is calculated using Equation 15 to evaluate the model's performance by comparing the model's residual
variance to the variance of the soil moisture samples.

E?:] (esim,[ - esamp.i)z
n (p 27
Zi:] (esamp - esamp,i)

NSE=1-— (15)

where Qamp is the average of the observations (O, ;) over the n days. The bias-corrected Nash-Sutcliffe Effi-
ciency (bcNSE) is calculated using sensor data to evaluate the model's performance after removing the sensor bias
b (Equation 16).

Z?:] (gsim.i - esens,i - b)2 - -

becNSE =1 — — >— with b = 6 0,
Zi=l (esens - gsens,i)

samp,all — Ysens,all» (16)

where 6, is the average of the sensor observations (Bgens,)) over the n days.

Second, we quantified the predictive power of the model framework using differences in model performance
during the calibration and validation period as a proxy. The (bias-corrected) predictive power index (PPL,.) is
a performance ratio of the model accuracy during validation and calibration, and is calculated using
Equation 17.

bcRMSD,,;

PPI, = — <
= bcRMSD,

amn

If PPL,. = 1, the model has good predictive power, while a lower PPl indicates performance degradation in the
validation period, that is, lower predictive power, suggesting overfitting. In contrast, PPI,. > 1 suggests the model
unexpectedly performs better on the validation data set. This may be due to underfitting, that is, the model might
not be complex enough to capture the underlying patterns in the calibration data, or due to the validation period
being less representative of the full data variability. The PPI,. is optimal between 0.8 and 1.2, and is unacceptable
below 0.5 and over 1.5.

Finally, the sample-based RMSD and sensor-based bcRMSD can be compared to the model simulation uncer-
tainty, which is quantified by the RMSD across the model ensemble. This is analogous to model prediction
uncertainty in classical regression analysis. The model RMSD is defined as the root mean square deviation be-
tween each model ensemble simulation and the ML model simulation (Equation 18), since the ML is used as
simulation reference for the sample-based RMSD and sensor-based bcRMSD.

n k 2

. OuLi — O

Model RMSD = 1 | 2=t 2=t Oyt = Oi) , (18)
nxk

where k is the number of model ensemble members, 6, ; is the soil moisture estimate of model ensemble member

m at time step i, and €y ; is the ML soil moisture estimate.
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Figure 4. Acceptance rate (AR) (a) and aggregated Gelman-Rubin R statistic (b) of the 18 cropping cycles in function of the
number of calibration days. The green shaded area indicates the optimal range of AR (15%-30%, acceptable between 10%
and 50%) and R (<1.2).

4. Temporal Model Performance Evaluation
4.1. DREAM 4, Diagnostics

The values of the average AR in the period after 50% burn-in are summarized in boxplots in function of the
amount of daily sensor data used in the inverse calibration (Figure 4a). Except for some cases with only 10 or 20
calibration days, the AR is generally between 10% and 50%, while after 40 calibration days, the majority of the
cases reaches an optimal AR between 15% and 30%.

The Gelman-Rubin R statistic after 50% burn-in is required to be below 1.2 to ensure adequate convergence of the
parameter estimates, both within and between chains. The R statistic was first calculated for each parameter in
each case by averaging over the last 50% MCMC iterations. Then, the R values of all 12 parameters were averaged
within each case, resulting in a single R value per case. These aggregated R values are summarized in boxplots in
function of the amount of daily sensor data used in the inverse calibration (Figure 4b), which show good
convergence.

The AR was expected to decrease with an increasing amount of calibration data, while the Gelman-Rubin R
statistic was expected to increase, indicating reduced convergence efficiency. This expectation is confirmed by
the observed values. As more data are used, it becomes increasingly difficult to identify parameter sets capable of
reproducing longer measurement time series. Additionally, a mechanical effect of the MCMC algorithm con-
tributes to this behavior: the likelihood function becomes more peaked with increasing data, narrowing the region
of high posterior density. As a result, the Markov chains mix more poorly within a fixed number of iterations,
leading to lower acceptance rates and higher R values. Although in theory MCMC chains would converge given
enough iterations, in practice, more data can make convergence slower and more challenging within the same
number of iterations.

These diagnostic values indicate that our relatively simple soil water balance model with 12 uncertain model
parameters can be calibrated efficiently within a single cropping cycle with in situ soil moisture measurements in
a Bayesian inverse modeling framework using DREAM ).

4.2. Model Accuracy and Predictive Power

To illustrate the temporal evaluation approach and assess how well SWIM? reproduces and predicts SWC dy-
namics, Figure 5 shows the SWC measurements, and in-season simulated and observed SWC for a case study of
Belgian endive in Herent (PLV) in 2023. The dotted vertical line marks the day of model calibration, separating
the calibration phase on the left from the prediction and validation phase on the right. This example illustrates how
model accuracy and predictive power were evaluated under real-time conditions, mimicking the operational use
of the framework during the growing season.

4.2.1. Evaluation With (Biased) Sensor Data

First, the model performance was evaluated using the averaged sensor data, while the calibration itself was based
on both the unbiased soil moisture samples and the sensor data. This evaluation allows for assessing how well the
calibrated model reproduces the full temporal dynamics captured by the sensors, despite their known systematic
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Figure 5. The in-season model output and measurements are shown for a case
study of Belgian endive at PLV in Herent in 2023, 70 days into the cropping
period. The blue line is the model-predicted SWC, with the 95% CI derived
from the ensembles after the 50% burn-in, while the measurements are
shown in black. The dotted line represents the day of model calibration, with
on the left, the data that was used for model calibration. On the right of the
line, SWC was predicted and validated with the corresponding measurement
data.

bias. The bcRMSD values (Equation 14) of the calibration and validation
period were aggregated over all case studies and are shown as boxplots in
function of data availability in Figure 6a. The number of case studies that
were used in the bcRMSD calculations was dependent on the amount of
sensor data during the different cropping cycles and is shown in Figure 6b.
The bcRMSD was generally larger during the validation period than during
the calibration period, as expected. The median bcRMSD,,; remains rela-
tively constant as the cropping period extends and more data becomes
available for calibration. The apparent decrease in bcRMSD,,; is primarily
attributed to the longer case studies which have smaller errors.

The contour plot in Figure 6¢ represents the soil moisture simulations of the
end-of-cycle calibration periods in function of the bias-corrected soil mois-
ture measured by the sensors, with a bcRMSD,, of 0.0275 m®> m™> and a
bcNSE,, of 0.867, meaning that the model explains 86.7% of the variance in
the soil moisture data. The contour plot in Figure 6d represents the soil
moisture predictions for all validation periods in function of the bias-
corrected soil moisture measured by the sensors, with a bcRMSD,, of
0.0396 m* m™ and a bcNSE,,; of 0.697. When only the first four lead days
are considered, bcRMSD,,; = 0.0368 m®> m~3 and bcNSE,,; = 0.740. It
should be noted that the performance during the validation periods, especially
during the first four lead days, is only slightly lower than the performance
during the end-of-cycle calibration period.

Even for a perfect model, you wouldn't expect an error smaller than the
random error of the sensor measurements since the observations themselves
contain uncertainty. Hence, a bcRMSD < 0.032 m® m™ indicates that the

model overfits the observations, possibly capturing noise rather than only the underlying soil moisture dynamics,

which is the case for the calibration period. The limited increase in error during the validation periods suggests

however that while the model may slightly overfit the data during calibration, its generalization to validation

remains reasonable.
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Figure 6. Boxplots of bias-corrected RMSD (bcRMSD) of the model simulation compared to the (bias-corrected) sensor data
during the calibration (green) and validation (blue) period (a). Each box shows the interquartile range (IQR, 25th—75th
percentile) of the data, with the median value indicated by the central line. Shaded areas beyond the central box illustrate
additional spread of the data, while points indicate outliers. The number of cases is indicated by the bar plot below (b). On the
right, contour plots of soil moisture values simulated with the model in function of the bias-corrected sensor measurements
during the end-of-cycle calibration periods (bcRMSD,; = 0.0275 m® m~ and bcNSE_,, = 0.867) (c) and during all
validation periods (bcRMSD,,; = 0.0396 m*> m~3 and becNSE,,, = 0.697) (d).
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3.0- . ° Additionally, the bcRMSD,,; was expected to increase with increasing lead
%:2: day due to error propagation, while it was expected to decrease with an
g-‘zl: increasing number of calibration days. The bcRMSD,, was computed for
2.0- each combination of calibration days and lead day resulting in a heatmap that
0__5 %2 . reflects this general trend (Appendix A: Figure Al). However, temporal de-
o 1.4- viations from this pattern are also observed, which are likely influenced by
%:% ] soil moisture dynamics and hydrological events.
0.8
0.6 - Second, the predictive power of the model was evaluated based on the ratio of
83 . the bcRMSD values during the calibration and validation period, defined as
0.0- 10 20 30 40 50 60 70 80 90 100 the PPI,. (Equation 17), which is shown in function of data availability in

Length of calibration period (days)

Figure 7. bcRMSD-based predictive power index (PPI,) in function of the

Figure 7. The majority of the study cases had a PPl between 0.5 and 1.5,
while the average PPl values were generally in the optimal range between
0.8 and 1.2. The PPIy, values that are larger than 1.5 indicate unexpected high

number of calibration days. The green shaded area indicates the optimal accuracy during the validation period compared to the calibration period. The

range of PPI,; (0.8-1.2, acceptable between 0.5 and 1.5). extremes at both the upper and lower side could be due to very small bcRMSD

values (e.g., the ratio of 0.01 and 0.025). Mind that the longer the calibration
period, the less cases could be used for the computation of PP, for example, only four cases were considered for
a calibration period of 100 days (Figure 6b).

4.2.2. Evaluation With (Unbiased) Sample Data

Next, the model performance was evaluated using the unbiased soil moisture samples, while the calibration itself
was based on both these samples and the sensor data. This evaluation allows for assessing how well the calibrated
model reproduces the actual soil moisture values measured by the unbiased samples. During the calibration
periods, the soil moisture simulations exhibit a strong, unbiased linear relation with the soil moisture samples,
with an overall RMSD,, of 0.0189 m® m™ and a NSE_, of 0.923. This RMSD,,, is substantially smaller than the
sensor-based bcRMSD,,, but is notably larger than the error in the composite soil moisture samples
(0.0038 m* m™>). This suggests that the deviation between the model simulations and the samples is not solely due
to sample errors but also may include a model error, that is, an imperfect representation of soil moisture dynamics
by the model. For example, for 80 calibration days, the sample-based RMSD,, was 0.024 m®> m™> while the
model simulation uncertainty RMSD,, was 0.015 m® m™>, suggesting a (residual) model error of approximately
0.018 m* m™> while keeping in mind the sample error of 0.0038 m®> m™>. This shows that model simulation
uncertainty captures part of the model error due to parameter uncertainty but does not account for structural model
errors. It is also important to note that the sensor data used in the calibration also impact the deviation between the
model simulations and the samples. The high NSE_,, indicates that the model still explains most of the variance in
the soil moisture sample data, indicating good overall performance despite the remaining model error.

Figure 8a shows the RMSD,,; as a function of the number of calibration days, indicating an increase in RMSD,,
with an increasing average number of samples during this calibration period. This trend occurs because it becomes
increasingly more challenging to identify parameter sets that align well with an increasing number of samples.
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Figure 8. Sample-based RMSD during the calibration period, in function of number of calibration days (a), and the model
simulation compared to the soil moisture samples during the validation period, plotted in function of the lead day
(RMSD,,; = 0.0383 m*> m~3 and NSE,,; = 0.695) (b).
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Figure 9. Evolution of the Kullback-Leibler divergence (KLD), as an indication of information gain, for parameters
describing crop canopy (a), crop growth stages (b), soil hydraulic properties (c), and initial and boundary parameters (d).

When only one or two samples are used in the calibration period, the model can fit those samples very tightly,
possibly even memorizing noise, leading to a low RMSD,; (0.005 m®> m™>) that closely matches the sample
error (0.0038 m®> m™>). However, this model fit does not generalize well over the remaining period of the growing
season. As more samples are included in the calibration, for example, four or five, the model has to account for
more variation and becomes less tightly fit to each individual sample. This results in an increased RMSD,,;, even
though this is the better, more generalizable, and less overfit model. Once a sufficient number of observations
have been used in the model calibration, the model reaches a point where it has effectively learned the full range of
soil moisture states and is not fitting noise. From that moment on, RMSD,,; stabilizes with an increasing number
of calibration data. However, the limited number of samples during the calibration periods do not allow us to
confirm this trend. Also, since the calibrated model output is influenced by both sensor data and samples, ac-
counting for the increasing number of samples and its effect on RMSD, is not straightforward.

A slightly larger error was observed when the soil moisture predictions were compared to the soil moisture
samples during the validation periods of all calibration periods (Figure 8b), with an overall RMSD,, of
0.0383 m> m™>, and a NSE of 0.695. Since the number of samples during the validation periods were limited and
randomly distributed over this period, we cannot make any statement about differences between lead days based
on the samples alone.

4.3. Posterior Parameter Distributions

The information gain from the inverse estimation of the model parameters from prior to posterior distribution was
quantified by the KLD, which is expected to increase with an increasing amount of calibration data. For most of
the model parameters, this expected increase was observed (Figure 9). However, since the prior distribution is
always defined as the initial uniform distribution and is not updated with the previous posterior distribution, the
KLD may decrease when additional, potentially contradictory observations are included in the calibration. Since
some of the model parameters are growth stage dependent, their information gain is expected to increase only
once the corresponding stage of the growing period is reached. For example, crop parameters of the initial stage
(Kcb,ini and Lyy;) showed an increase in KLD early in the cropping cycle, while crop parameters of the vegetative
stages only gained information after 40 (K, mig and Lge,) or 80 (K, eng and Lyyiq) calibration days. On top of this,
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most vegetable cropping cycles do not include a senescence stage, which is why the KLD never increased for
these cases. A similar reasoning applies to parameters that are dependent on hydrological events such as heavy
precipitation or strong drying of the soil (e.g., Orc, CN and K, parameters), and thus need such events to gain
information.

The overall sensitivity of all parameters based on KLD, from lowest to highest, follows the order:
Kebend < Liia < Laey < Kep ini < Oini < Z6WTmax < Kebmid < Lini <CN <In(Kgy) < 2 max <Opc. The stabilized me-
dian KLD of Lyey, Kep ini> @ini> ZGWT,max> Kcb,mid> Lini and CN were between 0.1 and 1 (Figure 9), suggesting that the
posterior distributions were overall not substantially different from the uniform prior distributions. However,
KLD exceeded 1 for these parameters in individual case studies, illustrating parameter importance and sensitivity
under specific conditions. In contrast, the stabilized median KLD of In(K,), 2 maxx and Gpc exceeded 1, sug-
gesting that their posterior distributions were generally substantially different from their uniform priors. This
indicates that the model is most sensitive to these parameters under most conditions, and uncertainties in their
values would have the largest impact on model predictions. These three parameters have a direct impact on the
soil water balance, with In(K,) being the main driver of capillary rise, regulating water movement from the
groundwater to the root zone and directly influencing SWC, while fgc determines the upper limit of plant-
available water after excess drainage has occurred. z; .« is a key driver of root growth and plant water avail-
ability, as it determines the depth from which roots can extract water, directly linking available water to soil
moisture content which is the model state used for calibration. A larger z, ;,,x leads to more water addition from
layers at FC below the root zone. Additionally, the model appears insensitive to crop parameters associated with
later growth stages (Kcp ena and Ly,;q), as their KLD values remain very low. This suggests that excluding them
from calibration would not affect model performance. However, they are still included to maintain a generalizable
framework that can be applied to other crop types where these parameters might be more relevant.

Correlations among the posterior distributions across all case studies provide insight into parameter dependencies
and potential redundancies in the model and its calibration. Spearman correlations were used to assess non-linear
relationships among posterior parameters, capturing consistent increases or decreases regardless of functional
form, whereas Pearson correlations quantify linear relationships. This distinction explains why some parameter
pairs show moderate linear correlations but weak rank-based correlations. Strong correlations suggest that certain
parameters are inherently linked, meaning that changes in one may systematically influence another. Almost all
correlations were lower than 0.5, indicating that most parameters exhibit relatively weak dependencies, allowing
for independent parameter estimation. However, a few notable correlations suggest underlying process in-
teractions. O exhibited a strong positive Spearman correlation (>0.4) with 6,;,;, which may be due to wet con-
ditions at the start of the cropping cycles. CN showed strong positive Pearson correlations with Zgwr max> Lin; and
L4 Furthermore, In(K,) had a strong negative Pearson correlation with Ky ni4, While Zgwr max had a strong
negative Pearson correlation with 6,;. The full correlation matrices can be found in Appendix A: Figures A2—A3.
While z; .« didn't show significant correlations across the case studies, it often exhibited strong negative Pearson
correlations with CN and O on a case-by-case basis. Since both zgwr max and In(K,) are drivers of capillary rise,
a strong positive correlation was expected, but only moderate correlations were observed in some individual cases.

‘When comparing the end-of-cycle parameter estimates of fgc with measured soil properties, a negative Spearman
correlation of —0.45 (Pearson correlation of —0.33) was found between the measured BD and the estimated g
across all fields, while a positive Spearman correlation of 0.54 (Pearson correlation of 0.64) was found between
the measured SWC at pF 2 and the estimated FC (Figures A2—A4). These results indicate that the ¢ estimates
are realistic and physically consistent rather than arbitrary or compensating for model shortcomings.

5. Impact of In Situ Measurements and Observational Errors
5.1. Model Framework Scenarios

The temporal evaluation of model performance (Section 4) was conducted on the reference model scenario, that
is, using both the sensor data and the uncorrelated soil moisture samples to calibrate the model parameters in
DREAM s, while applying the pooled error covariance matrix. Six additional scenarios are presented here to
assess the impact of two types of SWC measurements and their error covariance on the model calibration pre-
cision and accuracy (Table 2).
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Table 2
Model Scenarios to Assess the Impact of SWC Measurements and Their Sensor Error Covariance

Scenario DREAM 4, observations Sensor measurement error covariance
Reference Sensor + samples Pooled

A Sensor only Pooled

B Sensor only Zero

C Sensor + 2 samples Pooled

D Samples only _

E Sensor + samples Zero

F Sensor + samples Estimated

Both scenario A and B use only sensor data to calibrate the model parameters in DREAMs,. This means that no
independent, unbiased measurements are available to correct for possible sensor bias. While scenario A does
consider sensor measurement error covariance to account for this possible sensor bias, scenario B does not and
assumes zero error covariance. Scenario A and B are both expected to produce a SWB model, that is, biased
compared to the (unbiased) samples with a deviation, that is, similar to the sensor bias. The uncertainty estimates
for the two scenarios will, however, differ, as scenario A accounts for error covariance, leading to wider posterior
distributions and higher uncertainty estimates compared to scenario B.

Scenario C uses only the first two soil moisture samples in addition to the sensor data to calibrate the model
parameters. This scenario will be used to assess the necessity of periodic samples during the cropping cycle. In
contrast to scenarios A to C, scenario D uses only the independent, unbiased soil moisture samples. Since the
samples are roughly taken on a two-weekly basis, the samples do not contain information on daily soil moisture
dynamics, which is expected to result in an unbiased, but uncertain SWB model.

Scenario E uses both sensor data and the soil moisture samples, like the reference scenario, but assumes zero
measurement error covariance. This is expected to produce a model, that is, biased compared to both the (un-
biased) samples and the (biased) sensor, depending on the weight of samples versus sensor data.

Finally, in scenario F, sensor error variance and error autocorrelation are estimated in DREAM s, as an alter-
native to using the pooled error covariance matrix. In this approach, the error variance is assumed constant and is
estimated on a logarithmic scale (between 0.00001 and 1). Error autocorrelation is also assumed constant and is
estimated from a uniform prior between 0 and 1.

The differences between the scenarios and the impact of the in situ measurements on model calibration are
discussed in this section. The reference scenario and the additional six scenarios (A-F) are illustrated in Figure 10,
where the end-of-cycle SWC simulation, that is, calibrated with and simulated for the full growth period, is shown
for a case study of Belgian endive at PLV in Herent in 2023, for each of the scenarios. In this case study, the sensor
data were biased compared to the soil moisture samples. This figure illustrates the effect of the model calibration
scenarios for a single case and serves as a visual reference for understanding the general effects of the different
scenarios across all cases. The full case study output can be found in Text S2 of Supporting Information S1.

5.2. Added Value of Independent Soil Moisture Samples

Scenario A uses only sensor data to calibrate the model parameters in DREAM, ). The sample-based RMSD,,
which is plotted versus the number of calibration days in Figure 11b, is consistently higher for scenario A
compared to the reference scenario with a difference similar to the systematic sensor error standard deviation of
0.033 m® m™>. This difference is a reflection of the bias that exists between the samples and the sensor data. It is
important to take note here that the RMSD represents the accuracy of the ML soil moisture simulation. To know
whether this scenario may reflect the true soil moisture status, the simulated soil moisture uncertainty needs to be
considered as well. Soil moisture uncertainty estimates during the calibration period are much larger when only
(biased) sensor data are used, compared to the reference scenario where samples are included (Figure 11a), which
is clearly illustrated by the case study in Figure 10. This is also reflected in the KLD values, which were generally
lower than 1 for all model parameters (not shown), indicating that, for scenario A, the posterior distributions were
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Figure 10. The end-of-cycle model output and measurements are shown for a case study of Belgian endive at PLV in Herent
in 2023. The blue line is the model-predicted SWC, with the 95% CI derived from the ensembles after the 50% burn-in, while
the measurements are shown in black. The reference scenario where samples and sensor data with the pooled covariance are
used in the calibration is compared to scenarios (a) using sensor data only with the pooled error covariance, (b) using sensor
data only and assuming zero covariance, (c) using sensor data and the first two samples, (d) using samples only, (e) using
samples and sensor data assuming zero covariance, (f) using samples and sensor data while estimating the measurement error

covariance matrix (see Table 2).
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Figure 11. Model RMSD representing model simulation uncertainty (a), sample-based RMSD (b), and sensor-based
bcRMSD (c) during the calibration period, shown for the reference scenario compared to scenarios A-E in function of

number of calibration days.

not substantially different from the uniform priors. In summary, when random and systematic sensor errors are

taken into account correctly, using only (biased) sensor data will result in an unprecise soil moisture simulation
and prediction with an uncertainty range that includes the true SWC. These results suggest that independent soil
moisture samples are required to correct for sensor bias, to calibrate the model parameters more efficiently, and to

obtain more precise parameter and soil moisture estimates.

Scenario C uses the first two samples in addition to the sensor data to calibrate the model parameters in
DREAM zs,. For this scenario, only 7 study cases with more than 90 calibration days and more than 4 soil
moisture samples were used to compare soil moisture accuracy with the reference scenario, and only the end-
of-cycle simulation was considered. The RMSD of the model simulation compared to the first two samples

b RMSD of the first 2 samples

0.06 Bl RMSD of the remaining samples

0.05

0.04

RMSD

0.03

b
b
| |
a
0.02 a @ I
a
0.01 |
0.00
Ref A Cc

Scenario

Figure 12. Sample-based RMSD of the first two samples and the remaining
samples after the first two, for the different scenarios. The reference scenario
(Ref) where samples and sensor data with the pooled covariance are used in
the calibration is compared to scenarios A: using sensor data only with the
pooled error covariance, C: using sensor data and the first two samples, D:
using samples only (see Table 2). The error bars, representing the standard
error, and letters indicate significant differences in RMSD between the
scenarios. For this analysis, only 7 cases with more than 90 calibration days
and more than 4 soil moisture samples were used, and only the end-of-cycle
simulation was considered.

and the model simulation compared to the remaining three to five samples
per case that were not used in the inverse estimation are shown in
Figure 12. The deviation of the model simulation compared to the first two
samples was similar compared to the reference scenario, as expected. In
contrast, the deviation of the model simulation compared to the remaining

samples was significantly larger, with an RMSD of 0.056 m® m™ in

scenario C compared to an RMSD of 0.025 m® m™ in the reference
scenario (Figure 12). This RMSD is similar to the RMSD in scenario A
where no samples were used, indicating that the first two samples
contribute little or even negatively to the model performance for the

remaining part of the cropping cycle.

The large RMSD after the first two samples in scenario C may be attributed to
several factors. First of all, the biased sensor data regains the upper hand in
terms of weight during the remaining period after the first two samples.
Second, errors could arise in the early samples due to challenges in accurately
measuring wet soil conditions. Another possible reason is the reduced
representativeness of the first two samples for the entire cropping cycle, as
they may not adequately account for temporal variability or evolving field
conditions, such as root growth or soil hydraulic property changes (e.g., soil
settling or compaction). Hence, using only the early samples during cali-
bration might introduce biases, reducing the model's ability to accurately
simulate soil moisture for the remainder of the cropping cycle.
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0.5 5.3. Added Value of Continuous Sensor Data
When calibrating model parameters in DREAM 4, using only soil moisture
o 0.4 3 samples (scenario D), the resulting model simulation uncertainty during the
% calibration period was only slightly higher than in the reference scenario
© (Figure 11a) while the sensor-based accuracy of the ML soil moisture esti-
E "T’\ 0.3 - mates was slightly reduced compared to the reference (Figure 11c). Notably,
2 € 5 model simulation uncertainty in scenario D was especially elevated at times
m
b I 0.2 o when no samples were available (Figure 10). This suggests that parameters
E - = influencing the temporal dynamics of soil moisture are more difficult to
E constrain without continuous sensor data, whereas parameters controlling
n 0.1 systematic shifts, such as FC and initial SWC, remained largely unaffected.
Moreover, estimated parameter correlations were generally weaker from those
in the reference scenario.
0.0 .
0.0 0.1 0.2 0.3 0.4 0.5
Observed soil moisture 5.4. Importance of Measurement Error Covariance

(m3m~3)

Figure 13. Contour plot of soil moisture values simulated with the model

The sensor measurements may be biased compared to the soil moisture
samples, which represent ground-truth. A bias corresponds to sensor obser-

(scenario F) in function of the bias-corrected sensor measurements during vational errors that are continuously correlated over time, which is taken into

the end-of-cycle calibration periods (hcRMSD,, = 0.0278 m* m™> and account in the error covariance matrix. Neglecting this error autocorrelation

beNSE,, = 0.855), with a scatter plot in function of the soil moisture sample  results in biased model simulations and underestimated uncertainties.
observations (RMSD,,; = 0.0244 m® m™ and NSE,, = 0.872).

Like scenario A, scenario B uses only sensor data to calibrate the model

parameters, but does not correctly take into account systematic sensor
observational errors. The large sample-based RMSD is similar to scenario A, but now soil moisture uncertainty
estimates are much smaller than in scenario A and more similar to the reference soil moisture uncertainties
(Figure 11). Consequently, the soil moisture simulations and predictions seem precise but are inaccurate when the
sensor data are biased compared to the samples with an underestimated uncertainty range, that is, unable to
describe the true SWC.

When using both sensor and sample data while assuming zero error covariance (scenario E), the impact of each
data source depends on its total error variance. On average, one unbiased sample was available per 17 days of

sensor data. Knowing that the total sensor error was only 12 times the sample error (6, = 0.0038 m3 m~3,

while 6,,, = 0.045 m® m™3), the sensor data had on average the largest impact on the inverse calibration (on
average a factor 1.4). Since the sensor data now has a larger impact than in the reference scenario, where error
covariance is considered, the sample-based RMSD is slightly larger (Figure 11b) and the sensor-based bcRMSD
is slightly smaller (Figure 11c), while soil moisture uncertainty estimates are similar in scenario E compared to the
reference scenario (Figure 11a), overestimating the precision of the predictions due to a false sense of sensor
accuracy.

5.5. Estimating Error (Co)Variances in DREAM

In scenario F, we extended the parameter estimation framework to include two additional parameters, that is, the
Sensor error variance (ln(az)) and the sensor error autocorrelation (ACOR), instead of applying the pooled error
covariance matrix, allowing for a more site-specific approach to error characterization. The use of independent
soil samples in the estimation process makes it possible to jointly estimate 6> and ACOR as they give an indi-
cation on the sensor bias, allowing for the reconstruction of the entire sensor error covariance matrix. Scenario F is
illustrated by the case study in Figure 10.

The simulated soil moisture values maintained a strong agreement with both the soil moisture samples and the
sensor data trends (Figure 13). The bcRMSD,,; of the model simulation compared to the (bias-corrected) sensor
data was 0.0278 m® m™ (bcNSE,,; of 0.855), indicating that the model effectively mimics soil moisture dy-
namics. This accuracy is very similar to that of the reference scenario. Furthermore, the agreement with inde-
pendent soil moisture samples (RMSD,.,; of 0.0244 m® m™? and NSE,, of 0.872) suggests that the method
successfully integrates the two data sources while maintaining high predictive performance.
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Moreover, the results indicate that this extended framework provides realistic
estimates of o> and ACOR, which align well with the pooled error model
estimates. The overall average posterior ACOR value was 0.62, which is
slightly larger compared to the pooled ACOR of 0.52, while ¢ posterior es-

. 3 —
timates were on average 0.056 m®> m >

, which is slightly larger than the
pooled total error o = 0.045 m> m™>. The larger ACOR estimates in
combination with the larger error variance estimates result in a random error,
that is, similar to the pooled random error, while the systematic error estimate
is larger compared to the pooled systematic error. Notably, both 6> and
ACOR exhibited considerable variation within cases, indicating strong

parameter dependencies and possible equifinality (Figure 14), as well as

across cases, highlighting substantial field-to-field differences. Additionally,

ACOR the case-specific error covariances were derived from the ML estimates of

ACOR and In(6?), and showed a good correlation (Pearson R = 0.68) with

Figure 14. Posterior estimates of ACOR and In(c”) for six case studies the true sensor biases, derived from the deviation between sensor and sample

(shown as six colors) in 2023 to illustrate the inverse hyperbolic relation

between ACOR and Var.

data. This suggests that the inverse modeling framework can successfully and
realistically identify and incorporate systematic sensor errors into the error
covariance matrix.

When accounting for a systematic deviation between soil moisture samples taken infrequently and with known
variance, and sensor data collected more frequently but with unknown variance, we can consider two equally
likely explanatory cases. In the first case, the deviation is attributed to a systematic bias in the sensor data,
resulting in a high covariance, high ACOR, and a large variance of the sensor measurement errors. In the second
case, the deviation is interpreted as an unlikely random difference between the sensor and sample data, which
becomes negligible compared to the high likelihood of a close fit between the model and the large volume of
sensor data. In other words, the model favors the sensor data, assuming they have low variance and minimal bias,
characterized by a low error ACOR. This is supported by the posterior estimates of ACOR and ln(az) , shown in
Figure 14 for six case studies in 2023, which reveal an inverse hyperbolic relationship between ACOR and 2. In a
numerical experiment (Appendix C), we assessed the theoretical relation between error variance, ACOR and LL,
and found that the inverse hyperbolic relation that was observed between estimates of ACOR and Var can be
attributed to the properties of the LL function being maximized. Additionally, we found that larger biases
decrease the likelihood of observing a low ACOR combined with low variance, which is illustrated by the orange
case in Figure 14.

Despite its advantages, the extended framework introduces a computational trade-off. The inclusion of two
additional parameters increases the complexity of the inverse modeling, requiring more iterations to reach
convergence and resulting in longer run times. Nevertheless, when the measurement error structure is unknown,
this approach offers a valuable solution, provided that at least one unbiased data source is available, such as the
soil moisture samples used in this study.

6. General Discussion and Outlook
6.1. Predicting Soil Moisture With SWIM>

Overall, the results, obtained from 18 different cropping cycles of vegetables spread over three growing seasons
and different soil textures in Flanders, demonstrate that SWIM? is a framework in which a low-dimensional model
can be effectively calibrated using in situ measurements in real time. The framework can simulate and predict soil
moisture for the next 7 days with an accuracy of 0.04 m*> m™ which is similar to the accuracy of the soil moisture
sensors, which suggests that the model has a high predictive power and robustness. The slight accuracy decrease
of 0.01 m> m™ during the first four lead days compared to the calibration period substantiates this, but may
indicate possible overfitting.

SWIM? was developed as a DSS for individual farmers to avoid water stress in high-value vegetable crops and to
decide when and how much supplementary irrigation is necessary, and this in an area where water is often scarce
in the periods when irrigation is needed (e.g., due to individual water extraction permits with a limited volume per
year, or (regional) restrictions on surface water use in dry periods). This is why this real-time approach is
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important, having the ability to forecast soil moisture for the next few days with confidence intervals. This is also
why the framework was validated in a temporal assessment mimicking the real-time application of the framework
(Section 3.3.1). Since soil moisture predictions showed a substantial increase in precision during the first 20
calibration days, which was shown in Figure 11a, the framework can be used for real time SWC predictions when
at least 20 days of SWC sensor data are available in the growing season.

Mind that the framework, and coupled SWB model, was developed and validated for shallow-rooted vegetable
crops, where groundwater depth has limited influence on root development, and was not tested for cereals,
perennial crops, or phreatophytic species such as alfalfa. Root distribution functions are more relevant for deep-
rooted crops and for Richards' equation—based or multi-layered models, which would introduce additional pa-
rameters beyond the current scope. It is also acknowledged that drainage may be represented too simplistically in
the current model, as suggested by the relatively fast decline of simulated soil moisture after rainfall or irrigation
compared to measurements. This limitation is inherent to the simple bucket-type approach, which assumes rapid
drainage to field capacity. The framework could therefore be further developed and re-evaluated for different crop
types, heavier clay soils, or more detailed process representations.

One of the main advantages of the framework is its minimal data requirement, making it practical and applicable
for a wide range of conditions. Firstly, it does not rely on prior knowledge of soil properties, groundwater depth,
or crop growth, which are often difficult or costly to obtain. Secondly, a simple setup of three sensors within a
measurement zone of 80 m? is sufficient to monitor soil moisture, provided that potential bias is accounted for in
the measurement error covariance matrix, and the soil is periodically sampled to obtain unbiased SWC mea-
surements. Thirdly, the framework can operate effectively with limited calibration data, as demonstrated by its
robust performance even in cases with fewer than 20 days of soil moisture measurements where uncertainty is
large. This combination of low data dependency and adaptability makes the framework particularly suitable for
deployment in commercial agricultural fields.

The use of bounded non-informative priors which only define lower and upper limits for the parameters, as was
applied in SWIM?, is beneficial in practical applications. Van Dongen (2006) argues that complete non-
informative priors should not be used and prior knowledge should rely on common sense. The accuracy of
models estimated using informative priors is previously shown to be higher than those using non-informative
priors (Grzenda, 2016). Similarly, Scharnagl et al. (2011) explored the impact of three different prior distribu-
tions on Bayesian inverse modeling of in situ soil moisture observations, comparing a non-informative uniform
multivariate prior with two multivariate normal prior distributions, one of which incorporates parameter corre-
lations. Their findings showed that incorporating prior information about soil hydraulic properties significantly
reduced uncertainty in parameter estimates, with the approach being both most effective and robust when the
parameter correlation structure was included, and remaining reliable even when the prior information was biased.
In contrast to these insights, the results of our study demonstrate that accurate and efficient parameter estimation
is still achievable using non-informative priors, highlighting the adaptability and strength of the proposed
framework. The use of informative priors in SWIM?, for example, based on the posterior distribution of the
previous growing season at that location, would however be especially beneficial during the initial phase of the
cropping cycle as it could substantially improve performance when a limited amount of calibration data is
available.

The uncertainty estimates of the model parameters, as well as the simulated SWC uncertainty, generally align
with the observed variability of SWC in the field. This suggests that the model effectively captures the dynamics
of soil moisture within the measurement zone, along with the observational errors. This enhances the reliability of
its predictions for practical applications, such as irrigation scheduling or water resource management.

In this context, the choice of the DREAM g, algorithm was motivated by the need to not only identify optimal
parameter sets but to fully characterize their posterior distributions and associated uncertainties. Unlike deter-
ministic or optimization-based algorithms (e.g., PaDDS; Asadzadeh & Tolson, 2013), DREAM s, employs a
Differential Evolution MCMC approach that efficiently explores high-dimensional, multi-modal parameter
spaces. This makes it particularly suitable for uncertainty-aware hydrological modeling, where the full posterior
distribution is essential to propagate parameter uncertainty into predictive soil moisture estimates.
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6.2. Impact of In Situ Measurements

Since soil moisture samples are labor intensive, it is important to assess the necessity of the samples in the SWIM?
framework. Our results show that calibrating the model using only sensor data (scenario A and B) results in a
higher sample-based RMSD compared to the reference scenario, which reflects the bias between sensor data and
soil moisture samples that propagates into the model. These findings underscore the importance of incorporating
independent soil moisture samples to correct for sensor bias and improve model calibration and precision, which
aligns with previous studies (Mane et al., 2024). Moreover, our results show that periodic soil moisture samples
are required during the whole cropping cycle since two samples during the first weeks of the cropping cycle are
not sufficient to correct for sensor bias during the remaining period without samples (scenario C). This can be
explained by the increasing weight of the sensor data as the cropping cycle advances. Additionally, different
parameters play key roles at various stages of the cropping cycle, meaning that the estimation of these parameters
is influenced in different ways by the samples at different times.

Vice versa, when only periodic, unbiased samples are used in the inverse modeling framework (scenario D), the
model was unbiased but lower accuracy was observed during periods without samples since soil moisture dy-
namics were not captured by the observations so that model parameters that describe the soil moisture dynamics
cannot be calibrated with high precision. Hence, continuous sensor data are essential for capturing soil moisture
dynamics and accurately estimating the corresponding model parameters.

Previous studies indicate that incorporating a multi-objective (MO) approach using multiple data types
simultaneously in the likelihood function is preferred for accurately characterizing soil hydraulic properties of
the vadose zone, especially in more complex soil water models. This was demonstrated by (Wohling &
Vrugt, 2011), who used in situ measurements of SWC and pressure head at various depths in a heterogeneous
vadose zone to calibrate 25 parameters of the Richards'-based HYDRUS-1D model with DREAM s, While
SWIM? already incorporates two different data sources for SWC in a SO approach, it could also benefit from
a MO approach to make parameter estimates and soil moisture simulations even more accurate and precise. A
possibility would be to add SWC and pressure head measurements at multiple depths to obtain better esti-
mates of soil parameters as well as the RZ profile. However, this would incur more complex modeling and
additional investment costs. Furthermore, high-resolution optical remote sensor data such as NDVI, LAI or
FCOVER at 10 m resolution could be beneficial for estimating crop growth, and in turn resulting in better
ET, estimates (e.g., Pauwels et al., 2007). These data are freely accessible in real time and provided at a
temporal resolution of several days, depending on cloud cover. While the relation between K, and vegetation
indices have been studied for a long time (Choudhury et al., 1994), integrating optical remote sensing with
modeling has only recently gained importance and has been demonstrated to be effective in estimating ET,
across diverse agricultural settings and crop types (Oliveira et al., 2024). Numerous studies showed potential
improvement of the FAO-56 modeling approach by using crop information such as NDVI to have a better
estimate crop growth parameters, including crop factors (K,) and crop growth stage lengths (L), and ET, at
field scale (Er-Raki et al., 2007; French et al., 2020; Hunsaker et al., 2005), while others did not observe
significant improvements (El-Naggar et al., 2020). Additionally, a high-resolution surface soil moisture
product from SAR remote sensing (e.g., Hajj et al. (2017)) could be assimilated to obtain a better estimate of
the evaporative soil layer, while ET, could potentially be calibrated using thermal infrared remote sensing
imagery. Including these remote sensing data in the SWIM? framework using a MO approach could possibly
improve parameter estimates.

6.3. Impact of Measurement Error Autocovariance

Although zero measurement error covariance is commonly assumed, this assumption is often incorrect and
can significantly impact results, especially when measurements are biased. In previous studies, large error
autocorrelations between 0.5 and 1 were found for soil moisture sensors at fixed positions, calculated based
on soil moisture sensor measurements and spatial variability of the water retention curve (M. G. A. Hen-
drickx et al., 2023), and based on a pooled measurement error model approach (M. G. A. Hendrickx
et al., 2025).

When biased and unbiased data sources were combined and all errors and error autocovariances are properly
accounted for (reference scenario), the model was unbiased and precise. When measurement error covariance was
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neglected (scenario B and E), model parameter uncertainty and soil moisture uncertainty estimates were sub-
stantially lower compared to when it was considered in the measurement error covariance matrix (scenario A and
reference scenario). This underestimation of uncertainty results in a false sense of security and precision, as
illustrated by the small model simulation uncertainty of scenario B compared to scenario A in Figure 11a, while
considering the RMSD of the two scenarios in Figure 11b. In contrast, when measurement error covariance is
considered but no unbiased measurements are integrated to correct for the biased measurement, the uncertainty
estimates are large and represent the true uncertainty (scenario A). These findings highlight the importance of
properly accounting for sensor errors and measurement error covariance in soil moisture modeling to avoid
underestimation of parameter uncertainties and ensure more reliable predictions.

When measurement error (co)variance is unknown, DREAM ) allows to calibrate error variance along with the
uncertain model parameters. However, for uniform priors and an unknown measurement error autocorrelation
structure, the Bayesian framework is not able to account for measurement bias, resulting in unrealistic small error
variance estimates and biased soil moisture predictions. This error variance estimation was extended so that both
the sensor error variance and autocorrelation are estimated (scenario F). Now, the unbiased soil samples allow for
an accurate estimation of the entire sensor error covariance matrix, assuming a constant error variance and
autocorrelation, leading to accurate soil moisture simulations and predictions, similar to the reference scenario.

6.4. Outlook

A promising application of the developed framework, SWIM?, is its potential integration into manual and
automated irrigation scheduling. Based on soil moisture predictions, farmers and water managers can make
informed decisions to optimize water use and enhance crop productivity. A next step in the validation of
SWIM? is the incorporation of uncertain weather forecasts into the framework. In a forecasting context,
probabilistic weather forecasts, that is, ensemble predictions from numerical weather prediction models, can
be used instead of historical weather data. The posterior parameter distribution obtained from MCMC can
then be propagated through these ensembles, yielding predictive soil moisture distributions that account for
both parameter and forcing uncertainty. Propagating both through the model allows us to assess how un-
certainties interact and propagate through the soil water balance, thereby affecting both the predictive power
and the associated prediction uncertainty of soil moisture estimates. Understanding these interactions is
crucial for understanding and improving the reliability and usability of the framework in real-time decision-
making. Future work could also include benchmarking the framework against more elaborated, distributed
models based on Richards' equation to assess how increased spatial detail affects predictive performance and
uncertainty propagation.

In addition, we argue that it is also worth investigating whether the framework can be applied effectively at
regional or global scales for soil moisture, drought and irrigation requirement estimation and forecasting. At
these larger scales, the use of coarser spatial and temporal resolutions introduces additional sources of un-
certainty, such as representativeness errors associated with in situ measurements which arise because localized
measurements may not adequately capture the variability within larger grid cells. A possible upscaling
approach would be to distribute multiple sensor sets with 10T units across well-chosen locations within a grid
cell, similar to how three sensors are currently used to estimate soil moisture at the field measurement zone or
field scale. However, obtaining independent, unbiased soil samples for calibration at these larger scales pre-
sents a greater challenge. Nasta et al. (2025) discuss how a network of moderately instrumented monitoring
sites with broad spatial coverage would enable us to capture state and variations in environmental conditions at
these regional scales. To address these challenges, integrating supplementary data sources, such as SAR remote
sensing of soil moisture, could be a promising direction, as it has already demonstrated its value at regional and
global scales by providing continuous and spatially extensive soil moisture data (de Roos et al., 2024). High-
resolution soil moisture products (e.g., Hajj et al. (2017)) could enable upscaling while maintaining a fine
spatial resolution at the field scale. Incorporating these data into the inverse modeling framework could
enhance its robustness and applicability by leveraging their spatial coverage while mitigating the limitations of
in situ measurements.
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7. Summary

This study demonstrates the effectiveness of the SWIM? framework for real-time soil moisture prediction during
vegetable cropping cycles in Flanders, in which a low-dimensional soil water balance model with only 12 un-
certain model parameters is calibrated efficiently and accurately with in situ soil moisture measurements,
including (unbiased) soil moisture samples and (biased) continuous sensor data in a Bayesian inverse modeling
framework using DREAM ). The framework achieves soil moisture predictions for a 7-day prospect with an
accuracy, that is, comparable to sensor accuracy (0.04 m® m™>). A key strength of SWIM? is its adaptability,
requiring only three sensors within a measurement zone of 80 m? and periodic unbiased soil samples to correct for
sensor bias, while no prior information on soil parameters is needed. This positions SWIM? as a promising tool for
optimizing water management and supporting agricultural decision-making across diverse conditions.

Both the continuous sensor data and periodic unbiased soil moisture samples play a key role in the high per-
formance of SWIM?. Leaving out one or the other results in lower accuracy and precision of soil moisture dy-
namics, or biased SWC estimates, respectively. Additionally, accounting for systematic sensor errors through the
error covariance matrix is crucial for obtaining realistic uncertainty estimates and properly allocating weight to
the different measurement types. Incorporating multi-objective approaches and external data sources such as
remote sensing could further enhance the accuracy of soil moisture and evapotranspiration (ET,) predictions.
Potential applications of SWIM? range from automated field-scale irrigation scheduling to water management at
broader regional scales.

Appendix A: Additional Figures
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Figure A1l. Heatmap of the bcRMSD during the validation period in function of the number of calibration days and lead day.
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Figure A2. Correlation matrix heatmap of Pearson correlations between the posterior parameter distributions across all cases.
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Figure A3. Correlation matrix heatmap of Spearman correlations between the posterior parameter distributions across all
cases.
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Figure A4. The final ML parameter estimate of SWC at field capacity (6r¢) in function of the measured SWC at pF 2 based on
soil cores, showing a good linear correlation of 0.64 (y = 1.153 x — 0.0515). The soil map-based soil texture is indicated by
the marker, and measured bulk density (BD, kg m™>) is indicated by color.

Appendix B: DREAM 4, Configuration

The configuration of the DREAM 4, hyperparameters that was used in this study is shown in Table B1. The large
amount of model simulations requires substantial CPU power. To obtain higher efficiency, the chains are run in
parallel instead of serial. A multi-core implementation makes it possible to evaluate the N proposals simulta-
neously. In this case, six chains could be run in parallel on six logical processors.

Table B1

Configuration of DREAM s,

Hyperparameter Value Meaning

Par 12 Number of parameters (d)

seq 6 Number of chains (N)

T 4,000% Number of generations per chain (7T'), with the total number of iterations equal to N X T
6,000

Thin 1 Thinning (<1 only required if high-dimensional)

steps 100 Steps in iteration

DEpairs 3 Number of chain pairs used to generate the jump (5)

jr_scale® 0.8 Scaling of jumps (f)

Prior “LHS” Prior distribution: Uniform with Latin Hypercube Sampling for initialization

parallelUpdate 0.9 Mix of parallel direction (90%) and snooker jumps (10%)

Burn-in period 50% Posterior distribution does not consider the first generations

?Cases with fast convergence. ®Cases with slow convergence. “The user can enhance the acceptance rate by scaling the jump
rate y with a factor < 1. This scaling will reduce the jumping distance, enhancing the acceptance rate and mixing of
individual chains.

Appendix C: Numerical Experiment: Relation Between Error Variance, ACOR
and LL

Numerical experiments were performed to assess the relation between the loglikelihood (LL), error autocorre-
lation (ACOR) and error variance (Var). A vector E containing n = 10 error residuals was randomly generated
from a uniform distribution with values between —0.5 and 0.5, meaning that all errors are random and unbiased.
The error variance and ACOR were ranging from 0.05 to 0.95 in steps of 0.05. For each Var-ACOR combination,
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Figure C1. Surface plot of LL in function of error ACOR and error variance for a numerical experiment without (a) and with
(b) bias between model and observations. The black line is an inverse hyperbolic relation between ACOR and Var,
representing the theoretical maximum likelihood curve when no bias is present.

the error covariance matrix (X) was constructed as a 10 by 10 matrix with the variance (Var) on the diagonal and
the covariance (Cov = Var X ACOR) off-diagonal. The LL was then calculated for each error covariance matrix
using a simplified formulation of Equation 6:

LL = —gln(Zn) - %ln(|2}|) - %ETZ”E,

where E represents the vector of error residuals, n is the number of error residuals, and X is the n X n error
covariance matrix.

Since ACOR = %—3}’, the relation between ACOR and Var is expected to be hyperbolic for a fixed Cov, with a high
ACOR corresponding with a low Var and vice versa. However, the surface plot in Figure Cla shows that the
likelihood decreases substantially for a low error Var in combination with a high error ACOR, while a high error
ACOR is most likely in combination with a high error Var. In contrast, a low error ACOR is most likely when
combined with a low error Var. In Bayesian inverse modeling algorithms such as DREAM s, the LL function is
the key objective function. As such, a higher LL results in a higher acceptance probability of the proposed
parameter set. In Figure Cla, the maximum LL is observed as the inverse hyperbolic relation between ACOR and
Var. If the error residuals E were randomly generated from a uniform distribution with values between 0.5 and
1.5, that is, mimicking a systematic error or bias of 1 between the model and the observations, a low ACOR in
combination with low variance has a low likelihood (Figure C1b). This also corresponds to the Var-ACOR
relation that was found in the posterior distribution in Scenario F (Figure 14).

Abbreviations

SWC soil water content

RZ root zone

SWB soil water balance

DSS decision support system

SWIM? Sensor Wielded Inverse Modeling of a Soil Water Irrigation Model
Mz measurement zone

IoT Internet-of-Things

DREAM 75, DiffeRential Evolution Adaptive Metropolis
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