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Abstract.

Soil-Vegetation-Atmosphere Transfer (SVAT) models are essential tools for simulating and underploting the dynamic
interactions governing water balance components within forest ecosystems. These models are widely employed to predict
hydrological responses to environmental change, including the impacts of shifting meteorological conditions on forested
landscapes. Despite their usefulness, the reliability of SVAT models is frequently compromised by uncertainties arising from
incomplete or imprecise input data. These limitations often result in model assumptions that may lead to over- or
underestimation of critical water balance components such as groundwater recharge. In order to improve the accuracy of SVAT
models, observed soil moisture data are integrated to enhance parameterization processes by aligning simulated outputs with
measured values. However, uncertainties remain regarding the selection of representative soil moisture profiles for calibration
and the extent of measurements necessary to robustly characterize a forest plot. To address these challenges, the present study
explores the spatial variability of soil moisture across two forested plots with contrasting soil and vegetation conditions by the
deployment of an extensive network of soil moisture probes in 11 profiles per plot. The influence of soil moisture variability
on the adjustment of model input parameters during the calibration process and its subsequent impact on the computation of
groundwater recharge is evaluated. The findings reveal that soil moisture variability at the plot characterized by a
heterogeneous soil was greater, both horizontally and in depth, throughout the study period. These patterns of variability are
also mirrored in the different parameter sets obtained from the calibration of the LWF Brook90 model, based on the recorded
soil moisture time series in each of the 11 profiles per plot. The most significant variation is observed in the infiltration and
hydraulic soil parameters, whereby this is more pronounced at the plot with heterogeneous soil structure. Nevertheless, when
examining the groundwater recharge rates calculated using the 30 best-performing parameter sets for each of the 11 profiles,
both plots exhibited comparable temporal patterns and in particular similar variations in total volumes of groundwater recharge.
These results suggest that model-inherent uncertainties, including parameter interactions, equifinality and dimensional
simplifications, have a stronger impact on model outputs than uncertainties arising from variability in soil moisture caused by

spatial heterogeneity of soil texture and hydraulic properties within the plot. Taking into account both sources of uncertainty,
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the application of bootstrapping techniques demonstrated that groundwater recharge could be reliably estimated using data
from only 6 to 7 soil profiles per plot, providing a representative picture of its spatial variability. In general, the results indicate

that using data from only a few soil profiles is not sufficient to capture the full range of groundwater recharge dynamics.

Keywords: Soil moisture variability, Soil-Vegetation-Atmosphere Transfer model, groundwater recharge

1 Introduction

Forests are vital contributors to the hydrological cycle, playing a pivotal role in aquifer recharge while safeguarding the quality
and availability of freshwater resources (Chang, 2012). Acting as natural filtration systems, they regulate the movement of
water from the topsoil into groundwater reservoirs. The vegetation in forests, especially trees, intercepts rainfall, consuming
water by root water uptake as well as transpiration and allowing it to infiltrate slowly into the soil (Hewlett, 2003). Protecting
and managing these forested areas is essential for maintaining sustainable groundwater replenishment in both quantity and
quality. Furthermore, the availability of water is a critical determinant for the ecological functionality and long-term viability
of forest ecosystems. Forests exhibit a pronounced sensitivity to variability in water supply, with significant implications for
their growth dynamics, resilience to environmental stressors, and overall productivity (Williams et al., 2013). One of the
greatest challenges facing forest ecosystems is the alteration of meteorological conditions due to climate change. Shifts in
precipitation patterns, including reduced rainfall during the growing season and an increase in extreme weather events such as
droughts and heavy precipitation leading to excessive surface runoff, represent critical challenges. These changes constrain
water availability for trees and inhibit water fluxes from the unsaturated soil zone to underlying groundwater reserves
(Meusburger et al., 2022). Consequently, significant effects on forest structure and species distribution arise, including stress
reactions such as widespread tree mortality, reduced canopy cover and increased susceptibility to pests and diseases (Gebeyehu
and Hirpo, 2019; Klesse et al., 2023; Senf et al., 2020). Given these challenges, it is essential to underplot and quantify the
processes governing forest water balance and to estimate accurately the volume of water percolating into the ground eventually
reaching the groundwater table to become recharge. Hereby, soil water fluxes leading to groundwater recharge are of particular
interest due to their critical role in the hydrological cycle and their influence on subsurface dynamics and long-term water
resource sustainability in forested areas.

However, precise estimation of groundwater recharge remains inherently complex as it demands detailed insights into the
multifaceted interactions among soil properties, vegetation characteristics, and atmospheric dynamics within forest ecosystems
(Schmidt-Walter et al., 2020). In general, key components influencing groundwater recharge in forested landscapes include
precipitation, interception, evaporation, surface runoff, transpiration, percolation, and soil storage capacity. The interplay of
these components is regulated by an various site-specific factors, such as climatic conditions (e.g., temperature and
precipitation patterns), forest characteristics (e.g., species composition, structural age, plot density, canopy architecture, root
system development, and overall tree health), understory vegetation, and soil attributes (e.g., texture, type, and permeability)

(Chang, 2006). To address these complexities, environmental monitoring in forest ecosystems seeks to quantify water fluxes
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with precision as a basis for determining water availability for transpiration across different tree species and its contribution
to groundwater recharge.

Using Soil-Vegetation-Atmosphere Transfer (SVAT) models has been established as indispensable tools for simulating
hydrological processes within forest ecosystems as they can effectively capture the temporal dynamics of soil moisture and
estimate water fluxes in forest environments (Speich et al. 2020; van der Salm et al. 2007). However, their predictive accuracy
is often constrained by limitations in the quality and availability of input data as well as by the challenges of defining
appropriate initial and boundary conditions. A large number of parameters related to canopy structure, vegetation
characteristics, root distribution patterns, and soil hydraulic properties must be defined for effective model implementation
(Meusburger et al., 2022). Yet, many of these parameters cannot be directly derived from field observations, resulting in
significant uncertainties in parameter estimation (Franks et al., 1997). Such uncertainties frequently can lead to over- or
underestimations of critical hydrological components, including water available for transpiration and percolation to the
groundwater, thereby reducing the SVAT model's predictive capability (Kirchner, 2006; Kuppel et al., 2018). To address this
issue, automatic calibration techniques leveraging observed site-specific soil moisture measurements, are employed.
Incorporating these site-specific observations enables refinement of input parameters, effectively reducing mismatches and
potentially enhancing the reliability of water balance predictions. This improved parameterization facilitates a more accurate
representation of hydrological dynamics, contributing to a better understanding of water fluxes and their interrelations within
forested landscapes.

However, soil moisture exhibits high spatial and temporal variability even within forest plots, driven by factors such as
heterogeneities in soil texture, hydraulic properties, topographic gradients, and dynamic interactions with surface water
systems, precipitation, and vegetation distribution (Vereecken et al., 2016; Western et al., 2004). Numerous studies have
investigated spatial soil moisture variability (Choi et al. 2007; Fatichi et al. 2015; Mohanty et al. 2000; Ojha et al. 2014;
Teuling and Troch 2005; Vereecken et al. 2008; Western et al. 1999), consistently demonstrating that that variability tends to
increase across larger spatial scales (Famiglietti et al. 2008; Western et al. 1999). This variability poses a challenge for model
calibration, as a parameter set calibrated to a single location often fails to capture the full range of observed soil moisture
conditions within a study area (Beven 2006). Recognizing spatial variability in soil moisture is crucial for improving the
predictive performance of hydrological models, particularly in the context of water balance components such as
evapotranspiration and infiltration (Famiglietti and Wood 1994). Research has shown that spatial differences in soil hydraulic
properties can lead to substantial variations in simulated water balance components, such as transpiration, runoff, and deep
percolation (Montzka et al., 2017). However, uncertainty remains regarding the optimal quantity and selection of soil moisture
observations necessary to adequately represent a plot for model calibration and estimation of groundwater recharge. In the
context of forest environmental monitoring, the installation of soil moisture observation profiles is often restricted to a limited
number of locations (Vorobevskii et al., 2024). This limitation is primarily attributed to the significant financial investment
required for advanced measurement technologies, compounded by a general underestimation of the critical role of

representative soil moisture data in deriving reliable estimations of forest water balance components.
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Recognizing these challenges, this present study seeks to evaluate the gains of installing a larger number of soil moisture
sensors to obtain data for model calibration. To address this, an expanded monitoring network comprising multiple soil
moisture probes was established across two forest plots at different sites in Germany, each characterized by contrasting
environmental and boundary conditions. The collected data were analysed to identify and underplot spatial and temporal soil
moisture variability across the study areas, including differences at distinct depths and locations. The observations were further
used for the calibration of the SVAT model LWF-BROOKZ90.jl to assess their influence on estimated model parameters and
model outputs, especially on ground water recharge. By addressing uncertainties associated with soil moisture variability and
model parameterization, this our analysis contributes to the ongoing discourse on the spatial resolution required for
hydrological model calibration. The findings should emphasize the importance of balancing single versus multiple
parameterizations to ensure representativeness in heterogeneous forest landscapes, ultimately enhancing the accuracy of
groundwater recharge estimations in forest landscapes.

2 Methods
2.1 Study sites & data

The research concentrated on two sites within the ICOS (Integrated Carbon Observation System) monitoring network, which
are also part of the IPCC Network (Intergovernmental Panel on Climate Change), selected for contrasting soil characteristics

and their well-established infrastructure and suitability for comprehensive data collection (Table 1).

Table 1 Characterisation of the two sites instrumented as part of the study

Kienhorst Tharandt

Coordinates (-) 52°58'N/13°39'E 50°57°N, 13°34’ E

Elevation (m) 66 385

Slope (°) 0 7

Median Temperature (°C) 8.5 8.2

Annual Precipitation (mm) 577 843

Vegetation Pinus / Vaccinium myrtillus / Bryophyta  Picea/ Larix/ Bryophyta

Soil type *, soil texture, stone Haplic Podzol, sand, no stones Haplic Podzol, silt, 10 —20%,

content partially perching properties

Geology Glacial sediments including their Periglacial sediments consisting of
periglacial overprints debris from rhyolite and loess

Hydrogeology Water level upper aquifer -17 m b.g. on Water level upper aquifer -13 m b.g.
average on average

(Kallweit and Engel, 2016), (Anchorstation Tharandter Wald - Okomessfeld), *(1USS Working Group (WRB), 2022)
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2.1.1  Study site Kienhorst

The study area is situated in the heart of the Schorfheide, the largest continuous forested region in the state of Brandenburg,
Germany (Fig. 1A). This plot consists of a 115-year-old pines, with ground vegetation primarily composed of dwarf shrubs,
blueberry herbs and branch mosses (Kallweit and Engel, 2016). Humus form is raw humus with an Of/Oh ratio of 6 (IUSS

125 Working Group (WRB), 2022). The mineral soil consists of fine sand, and roots seem to grow deeper than 1.5 m (Fig. 1B).

Figure 1 View of Kienhorst plot (A), soil characteristics of Kienhorst plot (B), view of Tharandt plot (C), soil characteristics of Tharandt
plot (D) (photograph by Fichtner, 2023)

2.2.2  Study site Tharandt

130 The study site is situated in the heart of Tharandter Wald, a dense forest covering approximately 6000 hectares on the lower
reaches of the northern slopes of the Ore Mountains (Fig. 1C). The forest is characterized by a 129-year-old spruce plot, with
ground vegetation primarily composed of grasses and mosses (Anchorstation Tharandter Wald - Okomessfeld). Humus form
is raw humus overlaying a loamy mineral soil with up to 20% stone content throughout the profile (Fig. 1D). Roots seem to
grow not deeper than 0.8 m. At different locations on the plot (approx. 35%), the subsoil > 0.5 m depth exhibits redoximorphic

135 patterns indicating perching properties, which means extremely low permeability. This results in the accumulation of stagnant
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water during periods of heavy rainfall, as the infiltrating precipitation encounters significant resistance, hindering its downward
movement through the soil layers (Braeutigam, 2012).

2.2 Soil moisture measurements
2.2.1  Set up soil moisture monitoring network

At the two study sites located in distinct climatic regions of Germany, extensive networks of 44 soil moisture probes were
deployed. Each of the 11 soil profiles was equipped with four probes placed at depths of 10, 30, 50, and 80 cm (Fig. 2C). The
study utilized SMT100 soil moisture probes (Truebner Company 2025), with integrated temperature measurement, operating
based on the Time Domain Transmission (TDT) principle (Fig. 2A) (Qu et al., 2013). The specified accuracy for absolute
measurements is 3 vol. % for soil moisture (without site-specific calibration) and between 0.2°C and 0.4°C for soil temperature.

A

Figure 2 SMT100 Sensor (Truebner Company)(A), Datalogger TrueLog200 (Truebner Company)(B), soil
(photograph by Fichtner, 2023) (C)
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profile with installed sensors

The sensor provides average measurement values across its full length of 10 cm. In this study, the manufacturer's calibration
was applied instead of site-specific calibration, as the focus was on the soil moisture dynamics rather than absolute values
(Sprenger et al. 2015; Demand et al. 2019). To prevent water accumulation on the probes and ensure minimal interference with
vertical vapor fluxes, the probes were installed horizontally with their narrow edge oriented vertically (Fig. 2C). Data was
collected every 10 minutes using the battery-powered TrueLog200 data logger (Fig. 2B). The data loggers are configured and
accessed via the accompanying logger software. Equipped with a GSM modem, the loggers can transmit recorded data through
the mobile phone network.

2.2.2  Selection of positioning soil moisture measurements

To identify soil moisture variability at the study plot, the location of the 11 soil profiles per plot were installed at randomized

locations within an area of 20 x 20 meters (Fig. 3A+B). Previous research has demonstrated that installing soil moisture sensors
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in a minimum of 10 profiles is sufficient to capture plot-specific variability effectively (Berthelin et al., 2020). The random
160 sampling approach was employed to determine the soil profile coordinates, ensuring that each location was selected with equal
probability. This method was chosen to maintain the independence of data points, facilitating robust statistical analysis.
Additionally, randomized placement across the study area helps to avoid potential systematic errors caused by unrecognized

gradients in soil moisture distribution. This strategy ensures comprehensive coverage of the variability present in the field.
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165 Figure 3 Randomly distributed soil profiles (red) in the 20 x 20 m plot at Kienhorst site (A) and at Tharandt site (B), living trees = green,

tree stumps = black

2.3 Water balance model LWF BROOK90.jl

Water balance models or Soil-vegetation—atmosphere transfer (SVAT) models are valuable tools for estimating detailed
atmosphere—plant—soil water exchange using a 1D simplification representing of evaporation and vertical soil water movement
170 processes (Olioso et al., 2005). The model LWF-BROOK90.jl, a process-based, one-dimensional SVAT model, was utilized
for the analyses presented in this study. It represents a complete reimplementation of the LWF-BROOK90 model in the Julia
programming language (Bernhard et al., 2020), building on the code from the R package LWF-BROOK90R, its Fortran source
code, and the original BROOK?90 (v4.8) implementation (Federer et al., 2003; Schmidt-Walter et al., 2020). The water flux is
computed by numerically solving the Richards equations using the Mualem-van Genuchten hydraulic parameters and
175 preferential flow (van Genuchten, 1980; Mualem, 1976) governs unsaturated and saturated water movement in soil. The model

dynamically adjusts percolation rates depending on soil hydraulic conductivity and water potential gradients.
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2.3.1  Model input and vertical discretization

In general, the LWF-BROOKZ90.jI model requires as input soil hydraulic (Mualem-van Genuchten parameters, hydraulic
conductivity) and vegetation properties (e.g., leaf area index, root depth, and stomatal resistance), time series of detailed
meteorological data (precipitation, temperature, humidity, wind speed and radiation) as well as general parameters describing
the SVAT system. These data were derived from three main sources - in situ field measurements, data provided by ICOS site
operators and relevant literature (Supplement, Table S1).

For an adequate representation of the vertical variability of soil water dynamics, the soil profiles were discretized into layers
with a vertical resolution of 5 cm in the upper soil horizons (up to 30 cm) and 10 cm for deeper horizons (up to 1.7 m for
Kienhorst site and 1.2 m for Tharandt site). The layer thickness was adjusted depending on expected gradients in soil hydraulic
properties and rooting depth. This stratification allows for a more accurate simulation of water retention, percolation, and root
water uptake across the profile. Furthermore, it ensures that soil moisture dynamics are realistically captured at the defined

observation depths, allowing for a consistent comparison between simulated and observed soil moisture values.

2.3.2 Modell calibration

The objective of the calibration process was to identify inversely key soil hydraulic and vegetation-related input parameters of
the model by using soil moisture time series recorded from March 2023 to October 2024 in the four different depths within
the 11 soil profiles each. The input parameter values and ranges were derived from three main sources - in situ field
measurements, data provided by ICOS site operators and relevant literature (Supplement, Table S1). To optimize the
calibration process, a preselection of input parameters was conducted based on the results of a sensitivity analyses (Aguilar
Avila, 2024). Parameters that exhibited negligible influence on model outcomes were fixed to reduce computational
complexity (Supplement, Table S1). Finally, 17 critical input parameters on model performance were chosen for calibration
within their predefined ranges. These parameters encompassed variables related to canopy structure, vegetation hydraulics,
root distribution, soil physical processes and hydraulic properties; 11 of valid for the entire subsurface, six of them with
individual variations respecting the defined discretization scheme. For calibration, 100,000 random combinations of these 17
parameters were generated using the Latin Hypercube Sampling (LHS) strategy ensuring a well-distributed exploration of the
parameter space within a feasible range of computational costs. The LWF-BROOK90.jl model was then executed for each of
the 100,000 parameter sets. An initialization (spin-up) period of approximately three months was implemented to minimize
the influence of initial condition uncertainties on the simulation of soil moisture and water fluxes. Model performance was
evaluated using the Kling-Gupta Efficiency (KGE) score (Supplement, Section Statistics), as it provides a balanced assessment
of correlation, bias, and variability between simulated and observed soil moisture dynamics across multiple depths (Gupta et
al., 2009). For further analysis of water balance components, the 30 best-performing simulations according to KGE for each
of the 11 individual profiles per plot were selected. This selection represents a compromise between model accuracy and the
exploration of plausible model behaviour, allowing for a robust and nuanced evaluation of model uncertainty.
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2.3.3  Model output and evaluation

In addition to the various variables relevant to water dynamics and recharge processes calculated by the model, such as
evapotranspiration (ET) and root water uptake (RWU), the primary focus of the evaluation was on groundwater recharge
generated at daily resolution. While the other variables provided important insights into the water balance and plant—soil
interactions, groundwater recharge was of particular interest due to its critical role in sustaining long-term water availability
and its sensitivity to both model-inherent factors and the spatial variability of soil moisture used for calibration. To investigate
this in detail, the 30 best-performing simulations for individual soil profiles, each based on its respective calibrated parameter
set, were analysed to determine whether uncertainties arising from model structure, such as parameter interactions, equifinality,
and dimensional simplifications, have a greater influence on model outputs than those related to spatial heterogeneity in soil
texture and hydraulic properties within the plot. In addition, a bootstrapping procedure was performed using a two-sample
Kolmogorov—Smirnov (KS) test (Supplement, Section Statistics) to determine the minimum number of soil profiles necessary
for a representative estimation of groundwater recharge across the studied 20 x 20 m plots. The analysis was based on simulated
groundwater recharge values produced by the LWFBrook90 model for 11 soil profiles, each yielding 30 values derived from
calibration with observed soil moisture measurements, resulting in a total of 330 values. For varying numbers of profiles (n =
1 to 11), random subsets of n profiles were repeatedly drawn (1000 iterations per subset size), and their aggregated value
distributions were statistically compared to the full dataset (all 11 profiles). The KS test was employed to assess whether the

distribution of the subsample significantly differed from that of the complete set.

3 Results
3.1 Observed soil moisture dynamics

Initially, the visual examination of soil moisture time series across the 11 soil profiles each, measured at four depths (10, 30,
50, and 80 c¢cm) at the Kienhorst (Fig. 4) and Tharandt (Fig. 5) plot, revealed distinct patterns of variability.
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Figure 4 Observed soil moisture at Kienhorst plot — Layer 1, 10 cm, Layer 2, 30 cm, Layer 3, 50 cm and Layer 4, 80 cm, each line represents

the soil moisture of one of the 11 profiles

Seasonal effects were evident at both study locations across nearly all soil depths due to the fluctuating intensity and timing of

precipitation events and the changing consumption of water by vegetation. However, the redistribution and consumption of

precipitation water on its way through the unsaturated soil zone resulted in a diminished manifestation of seasonal patterns in

the lower soil horizons. Notably, certain soil profiles at the Tharandt plot exhibited an almost uniform low moisture level

throughout the year in the lower horizons, indicating limited seasonal variability in these depths.
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Figure 5 Observed soil moisture at Tharandt plot - Layer 1, 10 cm, Layer 2, 30 cm, Layer 3, 50 cm and Layer 4, 80 cm, each line represents

the soil moisture of one of the 11 profiles
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Additionally, rapid and pronounced increases in soil moisture following heavy rainfall events were observed in several, but

245 not all, soil profiles at the Tharandt plot. At the Kienhorst plot, the range of observed soil moisture values and the variability
between individual profiles were consistently low both in dry and wet periods with evident uniformity of soil moisture across
all depths. Soil moisture exhibited a consistent pattern across all depths, with a range of approximately 15 vol. % between
minimum and maximum values. Conversely, the Tharandt plot was characterized by significant fluctuations in soil moisture
content, coupled with considerable variability between individual profiles, particularly during and following heavy

250 precipitation events occurring here more often. At this plot, the range between minimum and maximum moisture content
reached nearly 50 vol. %, highlighting the pronounced heterogeneity of soil water dynamics.

3.2 Model calibration
3.2.1  Simulated soil moisture dynamics and their performance

The calibration outcomes demonstrate strong correspondence between the temporal dynamics and magnitude of soil moisture
255 changes in the simulated compared to the observed soil moisture across most profiles at both study locations over depth, which
are reflected by constantly high KGE values (Fig. 6 and 7, for complete results of calibration see Supplement, Fig. S1 and S2).
The model calibration effectively reproduced seasonal variations evident in the measured soil moisture values, including the

response to prolonged dry periods and the rapid recovery following significant precipitation events.
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260 Figure 6 Observed and simulated soil moisture exemplary for soil profile 9 at Kienhorst plot - Layer 1, 10 cm, Layer 2, 30 cm, Layer 3, 50
cm and Layer 4, 80 cm
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Minor discrepancies in the absolute values, timing of peaks and magnitudes were detected in the profiles over the depth.
Significant deviations were observed here during periods of extreme wet conditions, especially at the Tharandt plot represented
by lower KGE values. Specifically, while the timing of sharp increases in soil moisture following heavy rainfall events closely
aligns with the observed data, the model underestimates the magnitude and the duration of these rises (Fig. 7, Profile 1, 50 and
80 cm depth).
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Figure 7 Observed and simulated soil moisture exemplary for profile 1 at Tharandt plot - Layer 1, 10 cm, Layer 2, 30 cm, Layer 3, 50 cm

and Layer 4, 80 cm

Despite the existing deviations, the model performance demonstrates a high level of precision in replicating absolute soil
moisture values across the 11 soil profiles and four measured depths (10, 30, 50, and 80 cm), what can be proven by consistently
high Kling-Gupta Efficiency (KGE) scores across most profiles (Supplement, Table S2 and S3). Even for profiles with greater

variability or complex conditions, the model maintains acceptable accuracy, with KGE values not falling below 0.01.

3.2.2 Calibrated parameter combinations

The analysis of the variation of the individual input parameters in the 11 soil profiles each based on the 30 best simulations
derived from calibration highlights significantly greater variation in the parameters at the Tharandt plot compared to the

Kienhorst plot (Supplement, Fig. S3 and S4). Notably, the highest variation was observed in soil hydraulic and soil process
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parameters, such as ths (saturated volumetric water content, thr (residual volumetric water content), ksat (saturated hydraulic
conductivity), idepth (soil depth until which infiltration is distributed), gffc (quickflow fraction of infiltrating water at field
capacity), drain (multiplier to partially activate drainage) and length slope (slope length for downslope flow). Especially at the
Tharandt plot, also a strong variation in these parameters can be observed across the discretized soil layers, whereas the
variation over depth is less pronounced at the Kienhorst plot. Increased variation of the soil hydraulic parameters at the
Tharandt plot can be attributed to the heterogeneous soil composition, which is characterised by alternating, poorly permeable
layers, stones and underlying layers with low permeability. This heterogeneity increased the sensitivity of the plot to
precipitation events, which is reflected in pronounced differences in soil moisture dynamics between the profiles and
consequently also in the calibrated parameter sets. For the parameters that characterize the vegetation, there was greater
variation for the parameters ksnvp (reduction factor to reduce snow evaporation), cvpd (vapor pressure deficit at which
stomatal conductance is halved) and maxrootdepth (maximum root depth), although these were similarly strong at both the
Kienhorst and Tharandt plot.
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Figure 8 Parameter variation for the 12 parameters with the highest coefficient of variation for the Kienhorst and Tharandt plot — based on
the mean of the 11 profiles (upper figures) and based on the 30 best simulations for soil profile 1 (lower figures)
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For further interpretation the coefficient of variation (CV) was calculated based on the mean value of the individual parameters
in the 11 profiles, reflecting the uncertainty arising from the different characteristics of the 11 soil profiles at the two plots
(Fig. 8) as well as based on the individual parameters of the 30 best simulations for the single profiles, reflecting model
uncertainty (Fig. 8). The higher CV values observed when comparing the individual parameters across the 11 soil profiles
again highlight the greater variability in soil hydraulic and process parameters at the Tharandt plot (maximum CV 0.6 for
Tharandt versus CV 0.21 for Kienhorst). This increased variation reflects the higher heterogeneity in soil characteristics at
Tharandt compared to the more homogeneous conditions at Kienhorst. Further, the comparison of the two types of calculated
CV allows determining whether the variability in model outcomes is driven more by differences in soil profile characteristics
or by the uncertainty inherent in the model structure and parameterization. It becomes evident that the variation within the 30
best simulations for the individual soil profiles exceeds the variation observed between the 11 soil profiles for most of the

parameters. This effect is particularly pronounced at the Kienhorst plot.

3.3. Influence of spatial variability and model parameter uncertainty on simulated groundwater recharge

Besides certain similarities, clear differences in the time series of daily groundwater recharge estimates at the two plots can be
observed (Fig. 9). The daily groundwater recharge time series revealed pronounced fluctuations throughout the study periods,
with seasonal and vegetation-period effects distinctly evident. At both the Kienhorst and Tharandt plots, groundwater recharge
predominantly occurs outside the vegetation period, between November and April, when the consumption of precipitation
water by processes such as evaporation, root water uptake and transpiration is reduced to a minimum.

Conversely, between April and October, these processes utilize nearly all available precipitation water, effectively limiting
groundwater recharge during the vegetation period. A detailed examination of the simulated time series reveals that the greatest
discrepancies between profiles, reflecting the uncertainty arising from the different characteristics of the 11 soil profiles at the
sites, emerge following precipitation events occurring outside the vegetation period. During the growing season, when soil
water fluxes are generally low due to high evapotranspiration, the time series exhibit notably similar patterns across profiles,
indicating limited vertical percolation and groundwater recharge. Substantial differences, however, are observed in the
magnitude and timing of groundwater recharge between the two plots. At Kienhorst, recharge is characterized by relatively
uniform and moderate values during the non-vegetation period. Conversely, the Tharandt plot exhibits episodic and
significantly more intense recharge events, predominantly following stronger precipitation.

Considering the range of the 30 simulated time series of groundwater recharge per profile, reflecting model uncertainty, it
becomes evident that the largest discrepancies between the individual simulations occur predominantly during periods outside
the growing season and following heavy precipitation events (Fig. 9). Moreover, the spread between the simulations is notably

more pronounced at the Tharandt plot compared to the Kienhorst plot.
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Figure 9 Simulated time series of daily groundwater recharge based on model parameterisation of the individual 11 profiles for Kienhorst
and Tharandt plot - mean of the 30 best simulations per soil profile (upper figures), simulated time series of daily groundwater recharge —

mean as well as minimum and maximum values of the 30 best simulations exemplary for soil profile 1 (lower figures)

An analysis of cumulative groundwater recharge highlights substantial spatial variability across the 11 soil profiles at both
plots separated for the years 2023 and 2024 (Fig. 10). At the Kienhorst plot, mean annual recharge values of the 30 best
simulations for the 11 profiles ranged from 60 to 126 mm in 2023 and from 115 to 194 mm in 2024, while the groundwater
recharge calculated using the model parameterisation based on the mean value of the 11 soil moisture time series was 77 mm
for 2023 and 139 mm for 2024. At Tharandt, values varied between 80 and 134 mm in 2023 and between 34 and 123 mm in

2024, the corresponding mean values amount to 119 mm for 2023 and 103 mm for 2024.
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Figure 10 Calculated cumulative groundwater recharge volume ranges based on the parameter sets of the 30 best simulations for the
individual 11 soil profiles (blue/green) as well the average value given as a number for each profile - separated for 2023 (upper figures) and
2024 (lower figures) at Kienhorst and Tharandt plot, furthermore the calculated cumulative groundwater recharge volume ranges based on
the parameter sets of the 30 best simulations for the mean value of the 11 soil profiles (orange), the violins display the upper bound as the
third quartile (75th percentile), the lower bound as the first quartile (25th percentile) as well as the median, the outer edges of the violin

extend to the actual minimum and maximum values of the data.

The results of the performed bootstrapping procedure by using a two-sample Kolmogorov-Smirnov (KS) test indicate that
when using a low number of soil profiles, specifically fewer than 5 profiles for the Kienhorst and Tharandt plot (Fig. 11),
significant differences from the full dataset frequently occur. In these cases, the proportion of tests showing non-significant
differences remains on a lower level, indicating that such small subsets do not adequately represent the overall groundwater
recharge distribution. Conversely, with more than 6 profiles at both plots, over 95% of tests indicate non-significant

differences, meeting the typical criterion for statistical significance.

16



360

365

370

375

380

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

# 100 4 ——e
S

g2 9

€$

§=' 80 +

33

" -

- - 70

o8 .

"E 60 - e Kienhorst
5 —&— Tharandt
w 50 T T T T T T T T T T T

1 2 3 4 5 6 7 B 9 10 11
Number of choosen profiles

Figure 11 Percentage of tests with not significant differences between the aggregated groundwater recharge value distributions of the chosen
profiles (30 * n profiles) and the full dataset of groundwater recharge values (11 profiles * 30 = 330) for varying numbers of profiles assuming

under the null hypothesis that the sample originates from the same distribution as the overall dataset.
4 Discussion
4.1 Observed soil moisture variability

Observed soil moisture at the investigated forest plots revealed pronounced differences, both laterally across the investigated
area and vertically with soil depth with larger fluctuations and absolute values at the Tharandt plot. These differences are
primarily driven by site-specific factors like rainfall/throughfall patterns, soil hydraulics as well as subordinated by vegetation
properties. The relatively uniform temporal and absolute progression of soil moisture observed at the Kienhorst plot reflects
the homogeneous characteristics of its soil matrix. The sandy soil, characterized by evenly distributed pore spaces and low
water-holding capacity over the entire soil profile, contributes to the consistent distribution of soil moisture with moderate
volumetric content across all depths. In contrast, likewise to the soil moisture patterns found by Berthelin et al. (2023) the soil
moisture dynamics at the Tharandt plot exhibit significant variability, attributable to its heterogeneous soil characteristics. This
includes alternating layers of silty soil with variable permeability, higher stone content, and underlying geological features
such as impermeable layers of clayey material beneath the upper soil horizons. The observations align with the findings of
Vereecken et al. (2016), who highlighted the influence of soil texture and hydraulic properties on spatial variability in soil
moisture. At Tharandt plot, accumulation of stagnant water during periods of heavy rainfall at some locations underscores the
site's sensitivity to rainfall. This phenomenon is consistent with prior studies by Famiglietti and Wood (1994), which emphasize
the role of reduced soil permeability and hydraulic conductivity in limiting infiltration rates and enhancing water retention
within heterogeneous soil profiles.
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4.2 Model calibration

Despite the spatial heterogeneities in soil characteristics, the SVAT model, when calibrated with site-specific soil moisture
observations, was capable of capturing the observed dynamics and variability for most profiles at both plots with acceptable
precision. This indicates the model’s capacity in general to represent key hydrological processes such as infiltration,
evapotranspiration, root water uptake, water retention and soil water redistribution under diverse conditions, what can be

proven by sufficient KGE values for most of the observation points.

Nevertheless, discrepancies between observed and simulated soil moisture remain, particularly in response to high-intensity
precipitation events followed by rapid and strong increase in soil moisture. The model results tended to underestimate the rapid
increase and struggles to replicate the absolute magnitude of soil moisture values. These discrepancies suggest limitations in
the parameterization of the model for heterogeneous soil profiles and highlight inherent simplifications in the 1D modeling
approach. This may restrict the model’s capacity to fully capture the complexities of plot-specific conditions and processes
such as spatial soil heterogeneity and the lateral water flux between neighbouring soil compartments (McDonnell, 1990), which
results in an unsatisfactory simulation of stagnant and groundwater-influenced plots. The importance of focussed recharge
processes due to soil heterogeneities was also pointed out by Ries et al. (2015) and Berthelin et al. (2023). Yet, the generally
high KGE performances indicate that the weaknesses of the model in representing this behaviour well did not substantially
affect the overall realism of the simulations. In addition, we must account that the observed differences in absolute soil moisture
values may partly stem from the measurement uncertainty that originates from the accuracy of the soil moisture sensors used
in this study, which is + 3 % of soil moisture (Truebner Company, 2025) and the effective uncertainty of field soil moisture
measurements inherent to all soil moisture measurements (Jackisch et al., 2020). This inherent variability introduces additional
uncertainty into the observed data, which should be taken into account when interpreting deviations between simulated and
observed values, particularly in profiles where differences fall within this error range.

On the other site, the analysis showed that incorporating multi-depth soil moisture observations significantly improves the
representativeness of the simulated soil water distribution, especially in heterogeneous soil systems as in Tharandt. Multiple
observation points along the soil profile allow for a more nuanced assessment of the sensitivity of individual model parameters
at different depths by calibrating the model against a higher density of data that captures both surface and subsurface processes.
This was also observed by Houska et al. (2014), who demonstrated that the inclusion of soil moisture data at different depths
increases the representativeness of the simulated soil water distribution and thus increases the identifiability of model

parameters.
4.3 Variability of calibrated model parameters

An analysis calibrated model parameter sets for both plots revealed a higher degree of variation in area and depth at the
Tharandt plot compared to Kienhorst plot, as indicated by the coefficient of variation (Supplement, Fig. S3 and S4). This
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reflects the greater heterogeneity in soil physical properties observed at Tharandt, whereas Kienhorst is characterized by more
homogeneous plot conditions, and is a direct result of the spatially variable observed soil moisture dynamics found within the
plots. Despite this broader range of plausible parameter combinations at Tharandt plot, the overall model performance
remained at an acceptable level. However, a slightly reduced agreement between observed and simulated soil moisture values
was observed compared to Kienhorst plot, suggesting a more complex interplay between parameter uncertainty and model
behaviour in heterogeneous environments. The analysis further reveals that key soil hydraulic parameters and soil process
parameters show a greater variation compared to vegetation parameters. This underscores their key role in soil water dynamics
and highlights their contribution to overall model uncertainty. These insights are supported by the findings of Kreye and Meon
(2016), who highlighted the significant impact of sub-scale spatial variability in soil hydraulic properties on hydrological
process modelling. Similarly, Scharnagl et al. (2011) pointed out the value of incorporating prior knowledge of soil hydraulic
parameters to enhance parameter identifiability in inverse modelling approaches. Complementing these perspectives, Baroni
et al., 2010 demonstrated that uncertainties in the determination of soil hydraulic properties can substantially affect the overall
performance of hydrological models.

Furthermore, analysis of the 30 best parameter combinations for each individual soil profile revealed that model-based
uncertainty (the variation within the 30 best-performing parameter combinations) exceeds plot-based variability (differences
between the 11 soil profiles). This finding is particularly pronounced at the Kienhorst plot, where the limited variation in
measured soil properties resulted in relatively minor differences in input parameterization across profiles.

In contrast, the wide range of equally well-performing parameter sets for individual profiles reflects the issue of equifinality,
where multiple parameter combinations can yield similar simulation outcomes. This suggests that, for Kienhorst plot, model
parameter ambiguity dominates the overall uncertainty. This means that at plots with relatively uniform soil properties, where
physical variability is limited, model-based uncertainty is the more important factor for prediction accuracy. At the Tharandt
plot, by contrast, the difference between site-related and model-related parameter variation was less pronounced. For several
parameters, both sources of uncertainty, natural spatial heterogeneity and model-based calibration uncertainty, contributed
similarly to the overall variation. This can be attributed to the more pronounced heterogeneity in soil characteristics at
Tharandt, which elevates the spatial component of uncertainty and thereby partially masks the effects of equifinality. In
particular, these findings show that the dominant source of uncertainty can vary significantly depending on plot characteristics.
At homogeneous plots, model structural uncertainty and equifinality may outweigh physical variation, while at heterogeneous
sites, spatial variability in input data may dominate. Therefore, parameter selection should be guided not only by sensitivity
analysis but also by an underploting of the plot-specific balance between model and data-driven uncertainty.

Based on the findings, the calibration of soil hydraulic parameters should remain plot-specific, as their variability and influence
on model outcomes is both large and highly context-dependent. Conversely, parameters with consistently low variability across
profiles, such as many vegetation-related parameters, may be suitable for regionalization or transfer between plots, potentially

improving scalability and reliability of water balance simulations.
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4.4 Groundwater recharge estimation

The observed differences in groundwater recharge between the Kienhorst and Tharandt plots can be attributed most to
variations in rainfall distribution, tree species and soil texture, what is influencing infiltration rates, water retention capacities
and the timing of recharge events. In addition to seasonal effects, the main differences in the time series that can be attributed
to the different soil properties. Groundwater recharge at the Kienhorst plot is relatively uniform with moderate values reflecting
the sandy soil texture, associated with high permeability and low field capacity, promoting continuous infiltration and a steady
recharge response to precipitation events. Limited water retention in these soils allows for minor recharge even during the
vegetation period, albeit at the expense of reduced water availability for plant uptake (Hillel, 2003). In contrast, the loamy and
heterogeneous soil at the Tharandt plot, with higher field capacities and lower permeability, delays percolation until antecedent
moisture conditions exceed the storage capacity of the upper soil layers. Similar to Ries et al. (2015) recharge occurred only
in distinct pulses following heavy rainfall events. Moreover, the increased water retention at Tharandt enhanced soil water
availability for vegetation, effectively suppressing groundwater recharge during the vegetation period (Hillel, 2003). These
findings underscore the critical role of soil hydraulic properties, particularly conductivity and retention capacity, in regulating
the temporal dynamics of groundwater recharge, consistent with observations by Vereecken et al. (2016) as well as the studies
of Beven and Binley (1992) and Zhao et al. (2018). This is emphasizing the complexity of water fluxes in heterogeneous soil
systems and their limiting effect on recharge efficiency.

Regarding to groundwater recharge quantities, the results fall within the range of values reported in the literature for both plots,
suggesting annual recharge rates of approximately 80—150 mm for Tharandt (Goldberg and Bernhofer, 2007) and around
100 mm for Kienhorst (Birner et al., 2015), what supports the plausibility of the model outcomes. Despite a more heterogeneous
soil and a greater variability in parameterisation at the Tharandt plot, the variability of cumulated groundwater recharge
between the different soil profiles at the more homogeneous Kienhorst plot is not substantially lower. This indicates that neither
site heterogeneity nor the range of input parameters alone fully explains the variation in recharge estimates. Rather, other
factors, such as model structure, process representation and calibration uncertainty, appear to play a decisive role in shaping
recharge variability at the catchment scale. This observation is consistent with findings by Maxwell and Condon (2016), who
emphasised the complex interplay between soil water fluxes, landscape features and recharge processes as well as stressed that
heterogeneity does not always lead to higher variability in groundwater recharge results. It further supports the notion that
model behaviour can be dominated by structural and parametric uncertainty rather than physical input variability alone. A key
contributor to this phenomenon is the concept of equifinality, as extensively discussed by Beven and Freer (2001) and Beven
(2006). While the model is able to reproduce the observed soil moisture dynamics with reasonable accuracy using different
parameter sets, the existence of multiple parameter sets with comparable performance indicates a high degree of parameter
non-uniqueness. This not only increases predictive uncertainty, but also suggests that the model structure, particularly in its
one-dimensional form, may not fully capture the spatially distributed and lateral processes that influence soil water movement

leading to uncertainties in groundwater recharge estimation.
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The results further show that the calculated groundwater recharge based on the parameter sets of the 30 best simulations for
the mean value of the 11 soil profiles at the Kienhorst plot represents the range of groundwater recharge of the individual 11
profiles quite well. This averaging over serval soil moisture profiles in a forest was also proven to be useful by Berthelin et al.
(2023). It suggests that, in homogeneous settings, using averaged values may provide a reasonably accurate estimate. For the
Tharandt plot, the value of groundwater recharge determined in this way is closer to the maximum groundwater recharge
determined for the individual 11 soil profiles. In this case, it would lead to an overestimation of the actual groundwater
recharge. This highlights the importance of a differentiated consideration of plot-specific soil profiles and moisture
distributions in modelling, in order to ensure realistic results. Solely relying on mean values cannot always adequately capture
the system's heterogeneity and poses the risk of systematic biases in the water balance.

Hence, in order to cope with uncertainties in obtaining representative recharge estimates, it is advisable to define an adequate
number of soil profiles equipped with soil moisture sensors that serve as critical calibration points. The performed
bootstrapping (Fig. 11) indicated that below 6 randomly chosen profiles, spatial variability can still bias the representativeness
of recharge estimates while selecting more than 6 profiles, the parameter uncertainty is the most prominent source of
variability. The results demonstrate that, regardless of site-specific characteristics, the use of at least six soil profiles is
recommended to reliably capture the spatial distribution of groundwater recharge at the 20 x 20 m plot scale with a confidence
level of 95% when using the LWFBrook90 model calibrated with soil moisture data. Nevertheless, the analysis also indicates
that even when only a single soil profile is used, groundwater recharge can still be estimated with moderate confidence in
approximately 509% of all test iterations. In other words, in half of the cases, the groundwater recharge derived from one soil
profile matches the overall spatial distribution across the study area. In conclusion, a targeted approach using six well-
instrumented soil profiles provides a robust, efficient, and practical methodology for groundwater recharge estimation using

LWFBrook90, balancing model reliability with fieldwork feasibility.
5 Conclusions

The findings of the investigation underscore the critical need for a sufficiently dense and vertically resolved network of soil
moisture measurements to ensure robust model calibration and to constrain predictive uncertainty for estimating important
water balance components like groundwater recharge with a SVAT model. The use of mean values derived from a limited
number of measurement profiles for calibration can mask extremes in soil moisture variability, leading to systematic over- or
underestimations, both in homogenous and heterogeneous environments. The results of the study clearly advocate for an
increased spatial coverage of soil moisture observations and modelling of groundwater recharge based on that across the
analysed area, ideally, at least 6 soil profiles. Such a denser observation network would enable to cover the influence of soil
moisture variability as well as model structure and equifinality on groundwater recharge estimates. Even in areas with low

observed spatial variability of soil moisture, model-based uncertainty, resulting from multiple parameter combinations yielding
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similarly plausible outputs, can dominate simulation outcomes. This underlines the importance of explicitly addressing
equifinality and parameter non-uniqueness in model calibration procedures.

Incorporating isotopic signatures of precipitation and soil water, in addition to soil moisture data, during calibration could be
an opportunity to reduce the negative impact of effects such as equifinality on the calibration process and the subsequent
estimation of groundwater recharge. Several studies have demonstrated that the complementary use of stable isotope
measurements (6'*0, 8*H) in precipitation, along with a comparison to the isotopic signatures in soil water, has proven to be
particularly effective in narrowing down parameter uncertainty (Sprenger et al., 2015). By combining isotopic data with soil
moisture information, a multidimensional calibration process is enabled, allowing for a more precise identification of
parameters that govern key water transport and storage processes within the soil. Furthermore, the results obtained for
evapotranspiration and root water uptake, which significantly influence the estimation of groundwater recharge, can be
validated through comparison with measured sap flow data. This validation step not only serves to verify the model's
performance but also aids in further reducing the uncertainty in groundwater recharge estimates, thereby providing a promising

direction for improving the overall reliability of future SVAT model applications.
Code and data availability
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be obtained upon request.

Supplemental information

The supplement related to this article is available online at .................

Author contribution

Conceptualization: TF, AH, MM, SS, SR; Investigation (field experiments + data collection): TF; Simulation: JA, TF; data
analysis: JA, TF; Evaluation + Visualization: TF; writing (original draft preparation): TF; writing (review and editing): TF,
AH, MM, SS, SR.

Competing interests

The contact author has declared that none of the authors has any competing interests.

22



540

545

550

555

560

565

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

Financial support

This work was funded by the German Federal Ministry of Food and Agriculture. (Grant number 2220WK83C4) and the Open
Access Funding of the TU Dresden.

Acknowledgements

We would like to express our sincere thanks to the Institute of Hydrology and Meteorology at the Technical University of
Dresden, in particular Thomas Griinwald, for providing access to the Tharandt site as well as the associated meteorological
data. Our thanks also go to the Landesbetrieb Forst Brandenburg, especially Alexander Russ, for granting access to the
Kienhorst site and the corresponding meteorological data. Furthermore, we are grateful to Lindsey Kenyon and Benjamin

Gralher for their valuable support during the field campaigns.

References

Aguilar Avila, Y. J.: Performance of sensitivity analyses using a water balance model to estimate groundwater recharge in
forest areas, Master Thesis, TU Dresden, 2024.

Anchorstation Tharandter Wald - Okomessfeld: https://tu-dresden.de/bu/umwelt/hydro/ihm/meteorologie/forschung/mess-
und-versuchsstationen/tharandt-ankerstation-oekomessfeld.

Baroni, G., Facchi, A., Gandolfi, C., Ortuani, B., Horeschi, D., and van Dam, J. C.: Uncertainty in the determination of soil
hydraulic parameters and its influence on the performance of two hydrological models of different complexity, Hydrol. Earth
Syst. Sci., 14, 251-270, https://doi.org/10.5194/hess-14-251-2010, 2010.

Bernhard, F., Seeger, S., Weiler, M., Gessler, A., and Meusburger, K.: Simulating soil-plant-atmosphere interactions for sub-
daily in situ observations of stable isotopes in soil and xylem water to assess two-pore domain model hypothesis, Copernicus
Meetings, https://doi.org/10.5194/egusphere-egu2020-17975, 2020.

Berthelin, R., Rinderer, M., Andreo, B., Baker, A., Kilian, D., Leonhardt, G., Lotz, A., Lichtenwoehrer, K., Mudarra, M.,
Padilla, I. Y., Pantoja Agreda, F., Rosolem, R., Vale, A., and Hartmann, A.: A soil moisture monitoring network to characterize
karstic recharge and evapotranspiration at five representative sites across the globe, Geosci. Instrum. Methods Data Syst., 9,
11-23, https://doi.org/10.5194/gi-9-11-2020, 2020.

Berthelin, R., Olarinoye, T., Rinderer, M., Mudarra, M., Demand, D., Scheller, M., and Hartmann, A.: Estimating karst
groundwater recharge from soil moisture observations — a new method tested at the Swabian Alb, southwest Germany, Hydrol.
Earth Syst. Sci., 27, 385-400, https://doi.org/10.5194/hess-27-385-2023, 2023.

Beven, K.: Searching for the Holy Grail of scientific hydrology: Q=(S, R, &Delta;t)A as closure, Hydrol. Earth Syst. Sci., 10,
609-618, https://doi.org/10.5194/hess-10-609-2006, 2006.

Beven, K. and Binley, A.: The future of distributed models: Model calibration and uncertainty prediction, Hydrol. Process., 6,
279-298, https://doi.org/10.1002/hyp.3360060305, 1992.

23



570

575

580

585

590

595

600

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

Beven, K. and Freer, J.: Equifinality, data assimilation, and uncertainty estimation in mechanistic modelling of complex
environmental systems using the GLUE methodology, J. Hydrol., 249, 11-29, https://doi.org/10.1016/S0022-1694(01)00421-
8, 2001.

Birner, T., Oelze, A., von Daake, U., Hermsdorf, A., and Kunze, J.: Bericht zur Grundwasserbeschaffenheit im Land
Brandenburg 2006 — 2012, Landesamt fiir Umwelt, 2015.

Braeutigam, T.: Bodenlehrpfad Tharandter Wald, Landesamt fur Umwelt, Landwirtschaft und Geologie, Freiberg, 2012.
Chang, M.: Forest Hydrology: An Introduction to Water and Forests, Second Edition, CRC Press, 500 pp., 2006.

Chang, M.: Forest Hydrology: An Introduction to Water and Forests, Third Edition, 3rd ed., CRC Press, Boca Raton, 595 pp.,
https://doi.org/10.1201/b13614, 2012.

Choi, M., Jacobs, J. M., and Cosh, M. H.: Scaled spatial variability of soil moisture fields, Geophys. Res. Lett., 34,
https://doi.org/10.1029/2006GL028247, 2007.

Demand, D., Blume, T., and Weiler, M.: Spatio-temporal relevance and controls of preferential flow at the landscape scale,
Hydrol. Earth Syst. Sci., 23, 4869-4889, https://doi.org/10.5194/hess-23-4869-2019, 2019.

Famiglietti, J. S. and Wood, E. F.: Multiscale modeling of spatially variable water and energy balance processes, Water Resour.
Res., 30, 3061-3078, https://doi.org/10.1029/94WR01498, 1994.

Famiglietti, J. S., Ryu, D., Berg, A. A,, Rodell, M., and Jackson, T. J.: Field observations of soil moisture variability across
scales, Water Resour. Res., 44, https://doi.org/10.1029/2006WR005804, 2008.

Fatichi, S., Katul, G. G., Ivanov, V. Y., Pappas, C., Paschalis, A., Consolo, A., Kim, J., and Burlando, P.: Abiotic and biotic
controls of soil moisture spatiotemporal variability and the occurrence of hysteresis, Water Resour. Res., 51, 3505-3524,
https://doi.org/10.1002/2014WR016102, 2015.

Federer, C. A, Vorosmarty, C., and Fekete, B.: Sensitivity of Annual Evaporation to Soil and Root Properties in Two Models
of Contrasting Complexity, 2003.

Franks, S. W., Beven, K. J., Quinn, P. F., and Wright, I. R.: On the sensitivity of soil-vegetation-atmosphere transfer (SVAT)
schemes: equifinality and the problem of robust calibration, Agric. For. Meteorol., 86, 63—75, https://doi.org/10.1016/S0168-
1923(96)02421-5, 1997.

Gebeyehu, M. N. and Hirpo, F. H.: Review on Effect of Climate Change on Forest Ecosystem, Int. J. Environ. Sci. Nat. Resour.,
17, 126-129, 2019.

van Genuchten, M. Th.: A Closed-form Equation for Predicting the Hydraulic Conductivity of Unsaturated Soils, Soil Sci.
Soc. Am. J., 44, 892-898, https://doi.org/10.2136/sssaj1980.03615995004400050002x, 1980.

Goldberg, V. and Bernhofer, C.: Water balance of forested catchments., in: Global Change: Enough water for all?, 384, 2007.
Gupta, H. V., Kling, H., Yilmaz, K. K., and Martinez, G. F.: Decomposition of the mean squared error and NSE performance
criteria: Implications for improving hydrological modelling, J. Hydrol., 377, 80-91,
https://doi.org/10.1016/j.jhydrol.2009.08.003, 2009.

Hewlett, J. D.: Principles of Forest Hydrology, University of Georgia Press, Athens, 192 pp., 2003.
24



605

610

615

620

625

630

635

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

Hillel, D. (Ed.): Introduction to Environmental Soil Physics, Academic Press, Burlington, 498 pp.,
https://doi.org/10.1016/B978-012348655-4/50025-3, 2003.

Houska, T., Multsch, S., Kraft, P., Frede, H.-G., and Breuer, L.: Monte Carlo-based calibration and uncertainty analysis of a
coupled plant growth and hydrological model, Biogeosciences, 11, 2069-2082, https://doi.org/10.5194/bg-11-2069-2014,
2014.

IUSS Working Group (WRB): World Reference Base for Soil Resources, International soil classification system for naming
soils and creating legends for soil maps, 4th ed., International Union of Soil Sciences (IUSS), Vienna, Austria, 236 pp., 2022.

Jackisch, C., Germer, K., Graeff, T., André, I., Schulz, K., Schiedung, M., Haller-Jans, J., Schneider, J., Jaguemotte, J., Helmer,
P., Lotz, L., Bauer, A., Hahn, L., Sanda, M., Kumpan, M., Dorner, J., de Rooij, G., Wessel-Bothe, S., Kottmann, L.,
Schittenhelm, S., and Durner, W.: Soil moisture and matric potential —an open field comparison of sensor systems, Earth Syst.
Sci. Data, 12, 683-697, https://doi.org/10.5194/essd-12-683-2020, 2020.

Kallweit, R. and Engel, J.: 30 Jahre forstliches Umweltmonitoring in Brandenburg, Ministerium fur L&ndliche Entwicklung,
Umwelt und Landwirtschaft des Landes Brandenburg, Eberswalde, 2016.

Kirchner, J. W.: Getting the right answers for the right reasons: Linking measurements, analyses, and models to advance the
science of hydrology, Water Resour. Res., 42, https://doi.org/10.1029/2005WR004362, 2006.

Klesse, S., Babst, F., Evans, M. E. K., Hurley, A., Pappas, C., and Peters, R. L.: Legacy effects in radial tree growth are rarely
significant after accounting for biological memory, J. Ecol., 111, 1188-1202, https://doi.org/10.1111/1365-2745.14045, 2023.

Kreye, P. and Meon, G.: Subgrid spatial variability of soil hydraulic functions for hydrological modelling, Hydrol. Earth Syst.
Sci., 20, 2557-2571, https://doi.org/10.5194/hess-20-2557-2016, 2016.

Kuppel, S., Tetzlaff, D., Maneta, M. P., and Soulsby, C.: What can we learn from multi-data calibration of a process-based
ecohydrological model?, Environ. Model. Softw., 101 (March 2018), 3013186, https://doi.org/10.18452/18735, 2018.

Maxwell, R. M. and Condon, L. E.: Connections between groundwater flow and transpiration partitioning, Science, 353, 377—
380, https://doi.org/10.1126/science.aaf7891, 2016.

McDonnell, J. J.: A Rationale for Old Water Discharge Through Macropores in a Steep, Humid Catchment, Water Resour.
Res., 26, 2821-2832, https://doi.org/10.1029/WR026i011p02821, 1990.

Meusburger, K., Trotsiuk, V., Schmidt-Walter, P., Baltensweiler, A., Brun, P., Bernhard, F., Gharun, M., Habel, R., Hagedorn,
F., Kochli, R., Psomas, A., Puhlmann, H., Thimonier, A., Waldner, P., Zimmermann, S., and Walthert, L.: Soil-plant
interactions modulated water availability of Swiss forests during the 2015 and 2018 droughts, Glob. Change Biol., 28, 5928—
5944, https://doi.org/10.1111/gcb.16332, 2022.

Mohanty, B. P., Famiglietti, J. S., and Skaggs, T. H.: Evolution of soil moisture spatial structure in a mixed vegetation pixel
during the Southern Great Plains 1997 (SGP97) Hydrology Experiment, Water Resour. Res., 36, 3675-3686,
https://doi.org/10.1029/2000WR900258, 2000.

Montzka, C., Herbst, M., Weihermdller, L., Verhoef, A., and Vereecken, H.: A global data set of soil hydraulic properties and
sub-grid variability of soil water retention and hydraulic conductivity curves, Earth Syst. Sci. Data, 9, 529-543,
https://doi.org/10.5194/essd-9-529-2017, 2017.

25



640

645

650

655

660

665

670

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

Mualem, Y.: A new model for predicting the hydraulic conductivity of unsaturated porous media, Water Resour. Res., 12,
513-522, https://doi.org/10.1029/WR012i003p00513, 1976.

Ojha, R., Morbidelli, R., Saltalippi, C., Flammini, A., and Govindaraju, R. S.: Scaling of surface soil moisture over
heterogeneous fields subjected to a single rainfall event, J. Hydrol., 516, 2136, https://doi.org/10.1016/j.jhydrol.2014.01.057,
2014.

Olioso, A., Inoue, Y., Ortega-Farias, S., Demarty, J., Wigneron, J.-P., Braud, 1., Jacob, F., Lecharpentier, P., Ottlé, C., Calvet,
J.-C., and Brisson, N.: Future directions for advanced evapotranspiration modeling: Assimilation of remote sensing data into
crop simulation models and SVAT models, Irrig. Drain. Syst., 19, 377—-412, https://doi.org/10.1007/s10795-005-8143-z, 2005.

Qu, W., Bogena, H. r., Huisman, J. a., and Vereecken, H.: Calibration of a Novel Low-Cost Soil Water Content Sensor Based
on a Ring Oscillator, Vadose Zone J., 12, vzj2012.0139, https://doi.org/10.2136/vzj2012.0139, 2013.

Ries, F., Lange, J., Schmidt, S., Puhlmann, H., and Sauter, M.: Recharge estimation and soil moisture dynamics in a
Mediterranean, semi-arid karst region, Hydrol. Earth Syst. Sci., 19, 1439-1456, https://doi.org/10.5194/hess-19-1439-2015,
2015.

van der Salm, C., Reinds, G. J., and de Vries, W.: Water balances in intensively monitored forest ecosystems in Europe,
Environ. Pollut., 148, 201-212, https://doi.org/10.1016/j.envpol.2006.10.043, 2007.

Scharnagl, B., Vrugt, J. A., Vereecken, H., and Herbst, M.: Inverse modelling of in situ soil water dynamics: investigating the
effect of different prior distributions of the soil hydraulic parameters, Hydrol. Earth Syst. Sci., 15, 3043-3059,
https://doi.org/10.5194/hess-15-3043-2011, 2011.

Schmidt-Walter, P., Trotsiuk, V., Meusburger, K., Zacios, M., and Meesenburg, H.: Advancing simulations of water fluxes,
soil moisture and drought stress by using the LWF-Brook90 hydrological model in R, Agric. For. Meteorol., 291, 108023,
https://doi.org/10.1016/j.agrformet.2020.108023, 2020.

Senf, C., Buras, A., Zang, C. S., Rammig, A., and Seidl, R.: Excess forest mortality is consistently linked to drought across
Europe, Nat. Commun., 11, 6200, https://doi.org/10.1038/s41467-020-19924-1, 2020.

Speich, M. J. R., Zappa, M., Scherstjanoi, M., and Lischke, H.: FORests and HYdrology under Climate Change in Switzerland
v1.0: a spatially distributed model combining hydrology and forest dynamics, Geosci. Model Dev., 13, 537-564,
https://doi.org/10.5194/gmd-13-537-2020, 2020.

Sprenger, M., Volkmann, T. H. M., Blume, T., and Weiler, M.: Estimating flow and transport parameters in the unsaturated
zone with pore water stable isotopes, Hydrol. Earth Syst. Sci., 19, 2617-2635, https://doi.org/10.5194/hess-19-2617-2015,
2015.

Teuling, A. J. and Troch, P. A.: Improved understanding of soil moisture variability dynamics, Geophys. Res. Lett., 32,
https://doi.org/10.1029/2004GL 021935, 2005.

Truebner Company: https://www.truebner.de/en/smt100.php?utm_source=chatgpt.com.

Vereecken, H., Huisman, J. A., Bogena, H., Vanderborght, J., Vrugt, J. A., and Hopmans, J. W.: On the value of soil moisture
measurements in vadose zone hydrology: A review, Water Resour. Res., 44, https://doi.org/10.1029/2008WR006829, 2008.

Vereecken, H., Schnepf, A., Hopmans, J. W., Javaux, M., Or, D., Roose, T., Vanderborght, J., Young, M. H., Amelung, W.,
Aitkenhead, M., Allison, S. D., Assouling, S., Baveye, P., Berli, M., Briiggemann, N., Finke, P., Flury, M., Gaiser, T., Govers,

26



675

680

685

690

695

700

705

https://doi.org/10.5194/egusphere-2025-4025
Preprint. Discussion started: 6 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

G., Ghezzehei, T., Hallett, P., Franssen, H. J. H., Heppell, J., Horn, R., Huisman, J. A., Jacques, D., Jonard, F., Kollet, S.,
Lafolie, F., Lamorski, K., Leitner, D., Mcbratney, A., Minasny, B., Montzka, C., Nowak, W., Pachepsky, Y., Padarian, J.,
Romano, N., Roth, K., Rothfuss, Y., Rowe, E. C., Schwen, A., Simiinek, J., Tiktak, A., Dam, J. van, Zee, S. E. A. T. M. van
der, Vogel, H. J., Vrugt, J. A., Wéhling, T., and Young, |. M.: Modeling soil processes: Review, key challenges, and new
perspectives, Vadose Zone J., 15, https://doi.org/10.2136/vzj2015.09.0131, 2016.

Vorobevskii, 1., Luong, T. T., Kronenberg, R., and Petzold, R.: High-resolution operational soil moisture monitoring for forests
in central Germany, Hydrol. Earth Syst. Sci., 28, 3567-3595, https://doi.org/10.5194/hess-28-3567-2024, 2024.

Western, A., Zhou, S.-L., Grayson, R., Mcmahon, T., Bléschl, G., and Wilson, D.: Spatial Correlation of Soil Moisture in
Small Catchments and Its Relationship to Dominant Spatial Hydrological Processes, J. Hydrol., 286, 113-134,
https://doi.org/10.1016/j.jhydrol.2003.09.014, 2004.

Western, A. W., Grayson, R. B., Bldschl, G., Willgoose, G. R., and McMahon, T. A.: Observed spatial organization of soil
moisture and its relation to terrain indices, Water Resour. Res., 35, 797-810, https://doi.org/10.1029/1998WR900065, 1999.

Williams, P. A,, Craig, A. D., Macalady, A. K., Griffin, D., Woodhouse, C. A., Meko, D. M., Swetnam, T. W., Rauscher, S.
A., Seager, R., Grissino-Mayer, H. D., Dean, J. S., Cook, E. R., Gangodagamage, C., Cai, M., and McDowell, N. G.:
Temperature as a potent driver of regional forest drought stress and tree mortality, Nat. Clim. Change, 3, 292-297,
https://doi.org/10.1038/nclimate1693, 2013.

Zhao, L. J., Eastoe, C. J., Liu, X. H., Wang, L. X., Wang, N. L., Xie, C., and Song, Y. X.: Origin and residence time of

groundwater based on stable and radioactive isotopes in the Heihe River Basin, northwestern China, J. Hydrol. Reg. Stud., 18,
31-49, https://doi.org/10.1016/j.ejrh.2018.05.002, 2018.

27



