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ARTICLE INFO ABSTRACT

Keywords: Agricultural drought assessment requires understanding the conditions under which soil moisture (SM) deficits

Agricultural drought translate into measurable vegetation stress. This study presents a geospatial, threshold-driven framework to

Soill moisture assess agricultural drought vulnerability by coupling modeled SM with the satellite-derived Vegetation Condition

ve,getatfon condition index (VCI) Index (VCI) in the Rur catchment, western Germany (2000-2024). Long-term SM observations and VCI data were

Soil moisture thresholds . . X . . .

Rur catchment aggregated to a common spatiotemporal scale and standardized using Z-scores to identify relative drought
anomalies. An optimal SM threshold of <64% nFK (available field capacity) was then identified to discriminate
water-limited from energy-limited conditions, resulting in a substantial improvement in SM-VCI coupling from r
= 0.109 to 0.354 (+225%), corresponding to an increase in explained variance from 1.2% to 12.5%. Under these
conditions, a dynamic seasonal pattern emerged, with water-limited areas expanding from the northern agri-
cultural lowlands in May—-June to the entire catchment by July, and peak coupling occurring in August (mean r
= 0.501). Spatially, relatively strong correlations (r > 0.50) were concentrated in agricultural and grassland
areas, whereas forests, particularly in the early summer, showed persistent decoupling. This regime-specific
sensitivity provides an ecologically informed basis for drought monitoring, with agricultural land and grass-
lands being most responsive. These findings demonstrate that effective drought monitoring in humid catchments
requires first diagnosing ecologically meaningful water-limited regimes using locally defined SM thresholds and
then focusing on moisture-sensitive land-use types. This regime-aware, spatially explicit framework provides an
actionable foundation for targeted drought management in heterogeneous humid temperate landscapes.

List of Abbreviation 1. Introduction

DWD Deutscher Wetterdienst Soil moisture (SM) and vegetation dynamics are fundamental com-
EVI Enhanced Vegetation Index ponents of land-atmosphere interactions and play a critical role in un-
GEE Google Earth Engine d di icul 1d h he i 1 b

bW Tnverse Distance Weighting erstanding agricu tural drought assessment. The .u?terp ay | etwee.n
LST Land Surface Temperature these elements influences crop health and productivity, making their
LOO Leave One Out monitoring essential for effective agricultural management (Ahady
MODIS Moderate Resolution Imaging Spectroradiometer et al., 2025; Mohanty et al., 2017). SM governs plant available water,
NDVI Normalized Difference Vegetation Index regulates energy fluxes, and shapes local plant water availability pro-
nFK Nutzbare Feldkapazitat g i 8y ’ i P p R . yp
SM Soil Moisture cesses (J. Tian et al., 2019; Wei et al., 2022). Vegetation, in turn, reflects
USGS United States Geological Survey the cumulative effect of soil water availability and atmospheric demand,
val Vegetation Condition Index making it a key indicator of drought impacts and ecosystem stress (Li
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and Sawada, 2022). Understanding the coupling between SM and
vegetation is therefore essential for detecting drought onset, monitoring
its progression, and informing mitigation strategies.
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The importance of this challenge has intensified in recent decades, as
central Europe—including Germany—has experienced severe drought
events (e.g., 2003, 2018-2022) that have substantially affected agri-
cultural productivity and water resources (Gessner et al., 2023; Luo
et al., 2024). These events highlight the vulnerability of even humid
temperate regions to increasing drought risk under climate change,
underscoring the urgent need for improved monitoring approaches that
can detect incipient vegetation stress before irreversible damage occurs.

Yet translating this urgency into effective monitoring remains chal-
lenging, as the SM-vegetation relationship is highly complex and
nonlinear. Such complexity arises from the dual role of vegetation in
soil-atmosphere interactions: while canopy shading and microclimate
effects can reduce evaporation, vegetation can simultaneously intensify
soil water depletion via transpiration (Ahemd et al., 2016; Wang et al.,
2018). Vegetation responses to SM deficits are often lagged, heteroge-
neous, and modulated by factors such as land cover, rooting depth, and
local climate (Li and Sawada, 2022; Liang et al., 2024; van Hateren
et al., 2021). This sensitivity of land surface processes to SM is a central
parameter in the coupled land-atmosphere system, determining whether
ecosystems operate in energy-limited or water-limited regimes
(Seneviratne et al., 2010; Teuling et al., 2006). Global and regional
studies have identified critical SM thresholds using atmospheric and
flux-based proxies, such as evaporative fraction, drying rates, and
diurnal temperature ranges, revealing how regime persistence varies
across climates (Feldman et al., 2019; Liu et al., 2025), while comple-
mentary evidence suggests a widespread shift from energy to water
limitation under climate change, driven by increasing radiation and
decreasing SM (Denissen et al., 2022). However, these approaches di-
agnose regime transitions indirectly, through surface flux dynamics or
atmospheric feedbacks, rather than through the vegetation response
itself.

A more direct diagnostic would assess when SM falls below the ab-
solute threshold at which vegetation health itself becomes limited. This
is particularly acute for agricultural drought assessment in humid
temperate regions, where water limitation is intermittent rather than
chronic (Meng et al., 2022). In such regions, unlike arid and semi-arid
systems, moisture-vegetation relationships are strong only during
discrete dry windows, a pattern demonstrated globally (Li and Sawada,
2022) and specifically across European ecosystems (Fu et al., 2022a;
Stocker et al., 2018). Yet current operational drought monitoring sys-
tems, such as the European Drought Observatory (EDO), rely on
anomaly-based indicators calibrated at continental scales. While effec-
tive for broad-scale assessment, these relative approaches conflate pe-
riods of water sufficiency with episodes of genuine stress, obscuring the
local heterogeneity that governs vegetation drought sensitivity (Du
et al., 2023; Li et al., 2022; Luo et al., 2021; Na et al., 2021; Ruichen
et al., 2023; Wei et al., 2022; West et al., 2018; Zhang et al., 2022).
Identifying these critical periods is therefore a prerequisite for mean-
ingful agricultural drought assessment in precipitation-rich environ-
ments, where seasonally averaged analyses often fail to detect emerging
stress signals (Otkin et al., 2018; Seneviratne et al., 2010).

Supporting this concern, continental-scale evidence reveals pro-
nounced asynchrony between SM and vegetation droughts across
Europe, with vegetation frequently remaining stable—or even pro-
ductive—during moderate SM deficits, particularly in humid regions
(van Hateren et al., 2021). These findings underscore that SM anomalies
do not automatically translate into vegetation stress and have prompted
a conceptual shift toward treating SM and vegetation states as distinct
but conditionally linked components of agricultural drought. However,
while prior studies convincingly document this decoupling, they stop
short of providing a framework for determining when and where they
actually couple. What remains lacking is an operational framework
capable of identifying the local SM threshold at which vegetation tran-
sitions into a water-limited regime. This gap is especially critical in
heterogeneous landscapes, where the timing and intensity of water
limitation vary substantially across soil types, land cover, and
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topography, with important implications for agriculture and crop
protection.

The Rur catchment in western Germany provides an ideal setting to
test such an approach. As a long-standing hydrological observatory, it
has served as a pilot area for diverse hydrological and ecohydrological
research (Ali et al., 2015; Eingriiber and Korres, 2022; Esch et al., 2018;
Shukla et al., 2023; Wolf et al., 2023a; Wu et al., 2025). The catchment is
characterized by diverse land uses and a temperate climate, making it
representative of broader humid temperate regions across central
Europe, where soil water content rarely declines to absolute critical
thresholds but droughts can still severely affect agricultural production
(Pyka et al., 2016; Vidaurre, 2019). Importantly, long-term SM records
are available as percentage of usable field capacity (% nFK), an agro-
nomically interpretable measure of plant-available water that avoids the
need for index standardization and thereby ensuring a more realistic
interpretation of soil-plant water relations.

In this study, we introduce a catchment-scale, data-driven,
threshold-based framework to isolate water-limited conditions and
quantitatively map SM-vegetation coupling across a heterogeneous
humid landscape. Rather than inferring SM thresholds from atmospheric
flux proxies, we use vegetation condition itself to define the onset of
water limitation. To achieve this, high-resolution, agronomically vali-
dated SM data are integrated with the VCI, a normalized satellite-based
metric designed to minimize local and seasonal biases in greenness and
provide a more robust indicator of relative vegetation stress than raw
Normalized Difference Vegetation Index (NDVI; Kogan, 1990).

The specific objectives are to:

o identify the temporal and spatial patterns of SM and vegetation
health condition across the Rur catchment;

e determine an optimal SM threshold to isolate water-limited periods
and quantify the SM-VCI relationship under these conditions; and

e map the spatial and land-cover-specific sensitivity of vegetation to
SM deficits and derive implications for targeted drought monitoring.

This work advances the field in three distinct ways: Methodologi-
cally, we provide a reproducible approach for objectively identifying
water-limited regimes using vegetation-defined SM thresholds. Empiri-
cally, we reveal a dynamic “coupling curtain” that tracks drought
propagation across space, time, and land cover types. Operationally, we
demonstrate how a locally calibrated threshold transforms theoretical
regime separation into a practical tool for regime-specific drought
detection in agricultural landscapes. The resulting framework is trans-
ferable, offering a refined approach for early agricultural drought
detection in humid temperate regions, where water limitation is inter-
mittent, spatially heterogeneous, and often masked by conventional
monitoring methods.

2. Data and methods
2.1. Study area

The Rur catchment, a 2354 km? sub-catchment of the Meuse River
basin, is located predominantly in North Rhine-Westphalia, Germany,
with smaller portions extending into Belgium (157 km?, 6.7%) and the
Netherlands (108 kmz, 4.6%) (Bogena et al., 2018; van der Breggen and
Hudson, 2024). Topographically, the region slopes from the southern
Eifel uplands (~695 m a.s.l.) to the northern loess plains (~24 m a.s.1.),
creating distinct environmental gradients (Fig. 1).

Climatic conditions vary considerably across the catchment,
reflecting pronounced topographical gradients within a humid
temperate climate regime (Doscher et al., 2023). Based on recent ob-
servations, mean annual precipitation increases from about 550 mm in
the north to 1285 mm in the southwestern uplands (Fig. 2a). Seasonal
contrasts are also evident, in the uplands, precipitation is concentrated
in winter (November to March; Fig. 2b), contributing to rapid runoff
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Fig. 1. Map of the study area, Rur catchment. The topography is represented by a digital elevation model (DEM) sourced from the United States Geological Survey
(USGS). The catchment boundary and river network are derived from the HydroSHEDS database (Lehner and Grill, 2013; Linke et al., 2019), and country boundaries
are sourced from the QGIS World Map vector dataset.
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Fig. 2. Precipitation distribution in the Rur catchment based on monthly observations obtained for the period January 2000 to December 2024: (a) long-term annual mear;, (b)
long-term monthly mean. Data source: German Weather Service (Deutscher Wetterdienst, 2025b).
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when evapotranspiration is low, whereas in the lowlands summer (April
to October) precipitation coincides with higher evaporative demand
(Bogena et al., 2005), creating conditions where SM becomes a critical
factor for vegetation growth.

Land use and land cover is strongly divided between the northern
and southern parts of the catchment (Fig. 3). The northern lowlands
form part of the fertile Belgium—Germany loess belt, where arable land
dominates with occupying more than one-third of total area and is pri-
marily used for crops such as winter cereals, sugar beet, and maize
(Korres et al., 2015; Reichenau et al., 2016). The upland regions are
mainly covered by deciduous and coniferous forests (34%) and pastures
(22%). Built-up occupies only about 5% of the area, while lignite open-
cast mining and reservoirs are locally important features (Bogena et al.,
2018).

Soils also reflect this north-south division. In the northern loess
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plains, Haplic Luvisols and Anthrosols with silt loam textures offer high
agricultural productivity, with available field capacities exceeding 200
mm. In contrast, the southern upland areas are dominated by Cambisols
and Gleysols with lower field capacities ranging from 50 to 150 mm, and
in some locations below 30 mm (Bogena et al., 2005).

Hydrologically, the southern bedrock-dominated uplands exhibit
flashy runoff and rely on managed reservoirs, while the northern plains
contain productive aquifers that support groundwater-dependent eco-
systems and water supply (Bogena et al., 2005; Kramm and Hoffmeister,
2020). The catchment has a long history of water stress and competing
demands dating to early industrialization, with documented conflicts
between agricultural, industrial, and ecological water uses during low-
flow periods (Paul, 1994; Wolf et al., 2023b).

Given these characteristics, the Rur catchment represents a hetero-
geneous landscape where sharp gradients in climate, land use, and soil

Legend
Rur Land cover classes
Agricultural Land

Il Coniferous Forest
I Deciduous Forest
Grassland
I Mining
I Mixed Forest
Other Semi-Natural Vegetation

I Urban and Industrial

Bl Water

Fig. 3. Land-cover classification map of the Rur catchment. The land cover data is derived from the CORINE Land Cover (CLC2018) inventory (© European Union,

Copernicus Land Monitoring Service).
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create a natural laboratory for studying SM-vegetation interactions
under intermittent water stress. Its well-documented hydroclimatic
variability and availability of long-term SM data make the catchment
particularly suitable for advancing the understanding of SM-vegetation
interactions and their role in agricultural drought assessment.

2.2. Datasets

2.2.1. Soil moisture (SM)

SM data were obtained from the German Weather Service (DWD;
Deutscher Wetterdienst, 2025a), where soil water availability is
expressed as a percentage of effective field capacity (% nFK; abbrevia-
tion for German term of “nutzbare Feldkapazitat™). This metric repre-
sents the percentage of plant-available water relative to field capacity.
Usable field capacity (nFK) is the difference between field capacity and
dead water content of the soil, representing the amount of water avail-
able to plants (Westerkamp et al., 2024). The effective field capacity
(nFK) represents the volume of water stored in the soil that is available
to plants. Values below 50% nFK indicate conditions of plant water
stress, whereas values above 100% nFK reflect oversaturation. The
dataset provides monthly values of gridded SM in 60 cm depth for the
entire calendar year for German territories, independent of actual
cropping conditions with a resolution of 1 x 1 km. SM is modeled using
the Soil-Vegetation-Atmosphere-Transfer (SVAT) model AMBAV,
which incorporates the Penman-Monteith equation and is routinely
applied in agrometeorological consulting, such as irrigation scheduling
(Selzer and Schubert, 2023).

2.2.2. Vegetation dataset (NDVI)

Vegetation conditions were assessed using the MODIS Vegetation
Indices product MOD13Q1 (Version 6.1) from the Terra satellite (Didan,
2021). This Level-3 dataset provides the NDVI at a spatial resolution of
250 m and a temporal resolution of 16 days available from 2000 to 02-
18 to present. NDVI serves as a widely used proxy for vegetation
greenness and productivity, offering continuity with earlier NOAA-
AVHRR derived NDVI time series. The MOD13Q1 algorithm selects
the best available pixel within each 16-day period, prioritizing obser-
vations with minimal cloud contamination, low viewing angle, and
maximum NDVI values. In addition to NDVI, the product includes the
Enhanced Vegetation Index (EVI), spectral reflectance bands (red, near-
infrared, blue, and mid-infrared), and quality assessment layers (e.g.,
pixel reliability, cloud and aerosol information, and VI quality flags).
Version 6.1 incorporates calibration improvements, including correc-
tions for response-versus-scan angle, optical crosstalk, and polarization
effects, ensuring higher consistency and accuracy of the vegetation
indices. The NDVI from MOD13Q1 product has been extensively vali-
dated and used in recent studies investigating drought impacts,
phenology, and vegetation-climate interactions (Bogale et al., 2025;
Burka et al., 2024; Ghimire et al., 2025; Taheri Qazvini and Carrion,
2023; Zhang et al., 2017).

2.3. Methods

2.3.1. Data preparation and pre-processing

Following data acquisition, SM and vegetation datasets were
harmonized to the spatial extent of the Rur catchment and aggregated to
monthly and annual scales. Access to DWD SM data is limited to point-
based downloads rather than gridded raster formats. To ensure complete
catchment coverage, the full set of 2686 observation points was utilized,
and monthly SM time series were obtained for the period 2000-2024.
For spatial analysis, the point-based SM values were aggregated to
annual and long term means and subsequently spatially interpolated
using the Inverse Distance Weighting (IDW) method to generate
continuous raster layers and spatial distribution maps (Fig. 5).

Meanwhile, the VCI was derived from the MODIS-based NDVI time
series using Google Earth Engine (GEE; Gorelick et al., 2017). The
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MODIS image collection was first filtered for the spatial extent of the Rur
catchment, the relevant NDVI band, and the temporal window spanning
from 2000 to 2024. Subsequently, the minimum and maximum NDVI
values were aggregated, and the VCI was computed. The VCI normalizes
NDVI values by relating current vegetation conditions to the historical
range for each pixel and is defined as:

NDVI;, — NDVI™n

VGl = — =
* 7 NDVI™* — NDVI™®

x 100 €8]

where NDVI;, is the NDVI value for pixel i at time t, NDVI["* and NDVI ;"i”
represent the long-term minimum and maximum values at that pixel.
This normalization reduces location-specific biases and highlights
vegetation stress relative to local potential.

The analysis of vegetation dynamics was restricted to the period from
April to September of each year, which represents the principal growing
season in the region. This timeframe corresponds to the average
phenological presence of active vegetation period on arable land in the
Rur catchment, as shown in detailed assessments of vegetation
phenology by Waldhoff et al. (2017). Outside this interval, vegetation is
largely characterized by bare soil, dormancy in winter, or senescence in
late autumn. Evergreen vegetation, such as coniferous forests, maintains
greenness throughout the year and can therefore mask crop-related
seasonal signals, as the southern hilly parts of the catchment stay
green all the year. By focusing on April-September, when agricultural
vegetation dominates the landscape, the influence of evergreen cover on
the vegetation index dynamics is minimized, ensuring that the derived
indices more reliably reflect crop responses to SM variability.

2.3.2. Drought characterization and severity identification

VCI values were extracted from the monthly raster layers at the same
point locations where SM data were acquired. To ensure consistency,
paired samples were excluded if either SM or VCI data were missing.
Drought timing and intensity were first explored through heatmaps of
monthly SM and VCI (Fig. 7a, d) across the study period, enabling
visualization of drought-affected months and intra-annual variability in
vegetation and soil water availability.

Since drought is defined as a relative deviation from local climatic
norms rather than by absolute rainfall absence (Wilhite and Glantz,
1985), an objective statistical approach was required. We therefore
applied Z-score standardization to both SM and VCI time series (Lee,
1973). This approach is necessitated by the highly localized nature of
both SM and the VCI, the requirement to define drought as a relative
water deficit within the catchment's specific climatic regime. The Z-
score provides a unified metric for quantifying a deficit, regardless of the
variable's original unit or distribution. It transforms both SM and VCI
into unitless metric, allowing the direct comparison of drought severity
based on water stress (SM) and vegetative response (VCI). The Z-score
for a given variable X (e.g., SM or VCI) at time t is calculated as:

X —
Zy, =X )
ox

where X; is the observed value of the variable X in year t, ji is the long-
term mean of the variable X, and oy is the long-term standard deviation
of the variable X. Standardization was performed independently for SM
and VCI at each time step.

Based on the resulting standardized values, years with Z > 41 were
classified as wet, years with Z < —1 as drought, and values between —1
and + 1 as normal conditions (Dogan et al., 2012; Gogineni et al., 2025;
Noor et al., 2020; Patel et al., 2007). This approach accounts for the
localized nature of drought in the Rur catchment and provides a unified
framework for comparing SM deficits with vegetation dynamics.

2.3.3. Correlation analysis framework
The statistical relationship between SM and VCI was quantified using
Pearson's correlation coefficient (r). This metric assesses the strength
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and direction of linear coupling between the variables and is a standard
approach in time series analysis for identifying limiting factors in mixed-
use catchments. The coefficient is calculated as follows:

S 3/ 1C o1/
V- 02 /S -9

3)

where n is the number of data pairs (the length of the vectors X and Y), x;
and y; are the individual data points, and X and y are the mean values of
the vectors X and Y, respectively. The r ranges from —1 to +1, where the
values greater than 0 show linear positive correlation of two variables.
The higher the coefficient, the stronger the linear correlation between
the two variables. The statistical significance of differences in correla-
tion strength was assessed using Kruskal-Wallis test (Kruskal and Wallis,
1952), a non-parametric method for comparing multiple independent
groups.

To account for the non-linear and threshold-dependent nature of
vegetation response to SM, a two-phase analytical approach was
adopted:

e Phase 1: Baseline assessment of SM-VCI relationships using all
growing-season observations to characterize the unfiltered,
catchment-wide coupling.

e Phase 2: Application of an optimal SM threshold to isolate water-
limited conditions, followed by spatial and land-cover-specific re-
evaluation of SM-VCI correlations to reveal the clarified drought
signal.

2.3.3.1. Baseline (unfiltered) correlation analysis. First, Pearson corre-
lations were computed using all available paired SM-VCI observations
from April-September (2000-2024) to establish a catchment-wide
baseline. This included:

e Pooled seasonal correlation — all monthly data aggregated across the
catchment (Fig. 8a).

e Monthly correlations — computed separately for each growing-season
month (Fig. 8b).

These baseline results quantify the inherent noise and weak coupling
when non-water-limited periods are included.

2.3.3.2. Optimal SM threshold determination. To isolate periods when
vegetation is water-limited and to reduce noise associated with SM
saturation, we implemented a data-driven threshold optimization pro-
cedure. This approach is grounded in the ecological principle that
vegetation responds nonlinearly to SM, with strong coupling occurring
primarily under water-limited conditions (Fu et al., 2022b; Li et al.,
2023; Seneviratne et al., 2010; Teuling et al., 2006).

We systematically tested upper thresholds defined by percentiles p of
the SM distribution (from 10th to 90th percentile in 5% increments). For
each candidate threshold T, data with SM values above the cutoff were
excluded, and the correlation was recalculated on the remaining subset.

Threshold is expressed mathematically as follows:
where Qgy(q) is the g-th quantile of the SM distribution. For each
threshold, a filtered dataset D, was created:

D, = {(x;,y)) €D | x; < Ty} ©)
where x; represents SM and y; represents VCI for observation i, and D is
the complete dataset. The Pearson correlation r, = cor(D,) is then
computed using eq. 3, and the optimal threshold T,,; was then selected
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as the threshold yielding the maximum correlation coefficient:
TOpt = {Tp | I, = l'l'laX(rl(]7 20, .y rgo)} (6)

Tope represents the transition from energy-limited to water-limited
land-atmosphere exchange regimes (Fig. 9). This threshold defines the
dataset for all subsequent analyses, ensuring that the identified re-
lationships reflect conditions where SM is a limiting factor for vegetation
health.

To assess the temporal stability of the optimal SM threshold, we
employed a leave-one-out (LOO) cross-validation approach (Roberts
et al., 2017; Stone, 1974). This approach tests whether the threshold
identified from the full dataset remains robust when individual years are
systematically withheld, thereby assessing its generalizability across
different temporal subsets.

2.3.3.3. Correlation analysis under water-limited conditions. To capture
both catchment-scale patterns and local heterogeneity in the SM-VCI
relationship, correlations were examined at two complementary levels
using only data where SM < optimal threshold:

e Geospatial correlation mapping: Pearson correlations were
calculated for each monitoring point (pixel grid) using monthly
filtered data. Correlations were computed only for location-months
with a minimum temporal coverage of 20%, up to a complete set
of available observations for the full 25-year period. This threshold
ensured statistical reliability while maximizing spatial coverage to
detect catchment-wide drought sensitivity patterns. Resulting co-
efficients were interpolated via IDW to produce continuous correla-
tion maps (Fig. 10).

e Land-cover-specific correlation: To evaluate the influence of land
cover type on the SM-VCI relationship, a land-cover-mediated cor-
relation analysis was performed, which is an essential step to move
beyond spatial mapping. The Corine Land Cover (CLC) inventory for
the Rur catchment was acquired and reclassified into 9 different
classes (Fig. 3). Non-vegetated areas (e.g., urban/industrial, water
bodies, and mining areas) were excluded from this analysis to focus
on vegetation-oriented SM-VCI interactions. For months in which a
meaningful SM-VCI relationship was detected under the water-
limited regime (i.e., months with valid correlations after threshold
filtering), correlation distributions were summarized and visualized
via grouped boxplots (Fig. 10).

The overall methodological workflow is illustrated in Fig. 4.
3. Results
3.1. Spatiotemporal patterns of SM

The long-term annual mean SM (% nFK) across the 2000-2024
period (Fig. 5a) reveals a pronounced south-north gradient in mean soil
water availability across the Rur catchment. The southern uplands
exhibit the highest mean SM values (= 86-93% nFK), whereas the
northern lowlands maintain comparatively lower averages (~ 83-86%
nFK). These spatial patterns suggest the combined influence of topog-
raphy variation, precipitation distribution, and land cover.

Interannual variations in SM (Fig. 5b) highlight several distinct
relatively dry years with catchment-wide annual mean SM below 80%
nFK, notably 2003, 2011, 2018, 2020, and 2022. Earlier periods of SM
deficit are evident, notably around 2003 and to a lesser extent in 2011,
although these appear less spatially extensive and persistent than the
recent 2018-2022 dry years.

The southern region, despite having higher mean SM, still experi-
enced relatively low moisture values during peak dry years. In contrast,
the northern catchment exhibited a magnified response, falling into
extreme SM deficit during these periods.
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Fig. 4. Methodological workflow for analyzing spatiotemporal drought severity, SM-VCI coupling analysis and its land cover controls in the Rur catchment.

3.2. Spatiotemporal patterns of vegetation stress

The annual mean VCI maps (Fig. 6) illustrate spatiotemporal vari-
ability in vegetation conditions across the Rur catchment during the
period of 2000 to 2024. Forested upland areas in southern part of the
catchment, show consistently high VCI values (= 80-100, bright green)
throughout the period, indicating stable vegetation greenness and low
interannual variability. In contrast, the agricultural lowlands, the
northern and central parts, display pronounced interannual fluctuations
in VCI values (= 50-60, yellow/orange), especially during relatively dry
years such as 2001, 2003, 2006, 2018, 2020, and 2022. These years are
characterized by widespread reductions in VCI, while wetter years (e.g.,
2002, 2005, 2009, 2016, 2023) exhibit greenness and higher VCI values.
A distinct cluster of persistently low VCI values appears in the north-
eastern lowlands of the catchment, clearly visible as localized red
patches in the long-term VCI composite. These areas correspond to the

lignite mining zone, where large-scale excavation, soil removal, and
vegetation disturbance produce a consistently degraded spectral signal.
As a result, the low VCI values observed in this region do not reflect
drought-driven vegetation stress but are instead a consequence of per-
manent land cover alteration associated with mining activity.

3.3. Drought characterization and severity identification

To characterize drought patterns and objectively identify severe
episodes, we first visualized the monthly spatiotemporal variability of
SM and VCI via heatmaps and boxplots. We then computed Z-scores for
both variables (2000-2024) to quantify drought severity (Fig. 7),
defining drought years as those with Z < —1.0 (Dogan et al., 2012;
Gogineni et al., 2025; Patel et al., 2007).

SM anomalies: The heatmap reveals recurrent, multi-month SM
deficits which mostly start in April and persist until September,
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Fig. 6. Spatial distribution of the annual mean VCI across the Rur catchment, derived from MODIS-based NDVI observations.

confirming the agricultural period (Fig. 7a). The Z-score reveals recur-
rent annual mean SM deficits in the years 2003, 2018, 2020, and 2022;
however, 2011 and 2019 remain marginally above the —1 drought
threshold (Fig. 7b). These periods correspond to widespread and pro-
longed reductions in soil water availability. The monthly SM boxplots
(Fig. 7c¢) indicate strong seasonal variability, with the lowest medians
and highest interquartile ranges between June and September. During
this period, the catchment experiences maximum evaporative demand,
confirming late summer as the peak dry season. Conversely, the winter
and early spring months display near-saturated conditions (median =

100% nFK) with minimal variability, reflecting recharge-dominated
periods.

Vegetation anomalies: The VCI heatmap represents the monthly
vegetation dynamics, clearly distinguishing months with stressed and
healthy vegetation (Fig. 7d). The Z-score graph which is calculated
based on the VCI values from growing season (April — September), ex-
hibits similar interannual drought patterns, with the most pronounced
vegetation deficits (Z < —1) occurring during 2001, 2003, 2006, 2018,
2020, and 2022 (Fig. 7e). Monthly VCI boxplots (Fig. 7f) further reveal
the seasonal evolution of vegetation greenness, with the lowest values
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Fig. 7. Drought severity analysis of SM and vegetation stress in the Rur catchment: (a) heatmap of monthly SM, (b) SM Z-scores, (c) monthly boxplots of SM, (d)
heatmap of monthly VCI, (e) VCI Z-scores, and (f) monthly boxplots of VCI. Data sources: SM from (Deutscher Wetterdienst, 2025a); VCI from MODIS NDVI

(MOD13Q1), processed in GEE.

occurring in the winter months (October to March). In the growing
season starting from April (median ~ 67.5), corresponding to early
vegetative development, VCI increases and reaches its peak in May-June
(median =~ 77.5). Thereafter, values gradually decline, reflecting crop
harvesting and increasing soil water stress during late summer.

~
~

3.4. Heterogeneous coupling of SM and VCI

To quantify the strength and spatial variability of SM-VCI in-
teractions, Pearson correlation coefficients were computed following a
two-phase approach: baseline assessment with all data, followed by
refined analysis under water-limited conditions.

3.4.1. Catchment-wide pooled correlation (baseline)

Pooling all SM and VCI observations from April to September across
the catchment reveals a weak but statistically significant correlation (r
= 0.109, p < 0.001; Fig. 8a). To examine this temporal evolution in
greater detail, monthly pooled scatterplots were generated revealing a
distinct temporal evolution of the coupling strength and confirming a
shift in the primary limiting factor across the growing season (Fig. 8b).
The monthly pooled analyses reveal a progressive strengthening of the
SM-VCI coupling through the growing season, however still with weak
correlation. Correlations are near zero or slightly negative in April (r =
—0.07), but from May onward, the values increase steadily, reaching a
maximum in September (r = 0.27). While the pooled analysis clearly
captures this temporal progression, the low maximum correlation (r =

0.27) highlights that the true strength of the SM-VCI relationship
emerges only under water-limited conditions, necessitating spatially
explicit and land cover-stratified analyses after regime separation.

3.4.2. Identification of optimal SM threshold

To isolate periods when SM actively limits vegetation, we imple-
mented a data-driven threshold optimization procedure. The baseline
Pearson correlation between SM and the VCI across all growing-season
observations (April-September 2000-2024) was weak, (r = 0.109),
indicating minimal direct relationship under non-stress conditions
(Fig. 8a).

Systematic threshold testing from the 10th to 90th percentile of SM
values revealed a distinct optimal threshold at SM < 64% nFK, where
the SM-VCI correlation peaked at r = 0.354 with p < 0.001 (Fig. 9a).
This represents a 225% relative increase in correlation strength
compared to the baseline (r = 0.109), corresponding to an increase in
explained variance () from 1.2% to 12.5%, approximately a tenfold
gain in the proportion of vegetation variability explained by SM. A broad
plateau of high correlation (61-64% nFK) was observed in the full
dataset, where all thresholds yield r > 0.34.

To assess the robustness of this relationship to potential nonlinearity,
we also computed Spearman's rank correlation (p) across all tested
thresholds (Fig. A1). The Spearman values closely tracked the Pearson
results throughout. The optimal threshold for Spearman was 61% nFK,
with a correlation coefficient of p = 0.359. The application of this
threshold retained 30.3% (122,469 observations) of the original data
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points, providing a robust filtered dataset for subsequent drought-stress
analysis while filtering out 69.7% of observations that occurred under
non-water-limited conditions (Fig. 9b).

To assess the temporal stability of the identified 64% nFK threshold,
we performed a LOO cross-validation across the 25-year study period
(2000-2024). In each iteration, one complete year was excluded from
the dataset, and the optimal threshold was determined using the
remaining 24 years. The optimal threshold showed remarkable stability,
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with a mean of 63.6% nFK (£1.6% SD) across all iterations and corre-
lations consistently ranging from 0.332 to 0.371, with 92% of iterations
(23 out of 25 years) falling within one standard deviation of the mean
(62.1-65.2% nFK; Fig. 9a, gray envelope). The 64% threshold was
selected most frequently (9 years, 36% of years), confirming its
robustness and ecological relevance (see Appendix A Table A1l and
Fig. A2 for full LOO cross-validation results). Notably, the LOO cross-
validation envelope (62.1-65.2% nFK) falls largely within the broad
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plateau of high correlation (61-64% nFK) observed in the full dataset.

3.4.3. Spatial patterns of correlation

Applying the optimal SM threshold (SM < 64% nFK) substantially
altered the spatiotemporal coverage of valid SM-VCI correlations across
the catchment. After filtering, April yielded no valid correlation points
because SM values consistently exceeded the threshold; May retained
only 66 points (2.5% of the catchment), whereas June included 2543
points (95% of the catchment), with the remaining 5% of the area
interpolated based on the available observations. The months of July,
August, and September retained complete coverage of 2686 points
(100%), confirming that late-growing-season conditions are predomi-
nantly water-limited across the entire study area. The spatial evolution
of the SM-VCI relationship under these water-limited conditions is
depicted in Fig. 10.

In May, the few valid correlations located in the northern lowlands
show weak positive relationships (r = 0.25), suggesting early but
localized water stress in predominantly agricultural areas. Furthermore,
June exhibits the lowest mean correlation (r = 0.046) despite near-
complete spatial coverage. During this month, much of the southern
forested uplands show weak or slightly negative correlations, indicating
continued decoupling from surface SM.

A marked shift occurs in July, where correlations strengthen
noticeably (mean r = 0.215) and positive coupling expands spatially.
The northern agricultural zone begins to show relatively higher corre-
lations than the southern part. The strongest and most extensive
coupling occurs in August, which shows the relatively highest mean
correlation (r = 0.501) and the most spatially homogeneous positive
pattern. Nearly the entire catchment exhibits moderate to strong posi-
tive correlations, with the agricultural lowlands reaching (r > 0.7) in
many parts. This peak reflects the convergence of high atmospheric
water demand and declining SM reserves during the warmest month of
the growing season.

By September, coupling strength declines (mean r = 0.213) but re-
mains positive across most of the catchment. The spatial pattern re-
sembles July but with slightly weaker correlations in the northern part,
suggesting reduced water stress as temperatures decline and evaporative
demand lessens. Additionally, harvesting of summer crops in the central
and northern parts of the catchment during this period removes actively
transpiring vegetation, further decoupling surface SM from VCI signal.
The corresponding statistical summary for each month is presented in
Fig. 11.

3.4.4. Land-cover-based clustering of SM-VCI correlation

A clear hierarchy in SM-VCI coupling strength emerged when cor-
relations were stratified by land cover type under water-limited condi-
tions (Fig. 12). Across all vegetated classes, correlation strength
followed a consistent seasonal trajectory, increasing from May through
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July, peaking sharply in August, and declining slightly in September.

Agricultural land and grassland exhibited the strongest positive
coupling among others throughout the growing season. For example, for
grassland, median correlation coefficients increased from approximately
r =~ 0.3 in May to peak values exceeding r = 0.75 in August, before
declining in September. In contrast, all forest types (deciduous, mixed,
and coniferous) showed markedly weaker coupling, with median cor-
relations generally remaining below r = 0.2 and frequently close to zero
across all months.

Temporally, correlation strength across all land cover classes closely
tracked the seasonal progression of water limitation, confirming August
as the period of peak moisture-vegetation coupling and maximum
drought sensitivity within the catchment.

4. Discussion

This study provides a multi-faceted analysis of the SM-vegetation
relationship in the Rur catchment, integrating long-term spatiotemporal
patterns, agricultural drought severity quantification, and a detailed
investigation of the SM-VCI coupling after optimal SM threshold se-
lection. Our findings collectively demonstrate that the linkage between
soil water availability and vegetation health is not a simple, universal
relationship but is instead strongly mediated by seasonality, spatial
heterogeneity, and land cover type.

4.1. Spatiotemporal patterns of SM and VCI

Our results confirm a persistent south-north gradient in mean SM
(Fig. 5a), a pattern likely driven by higher precipitation in the southern
uplands (Fig. 2), and variations in soil types across the catchment.
However, the interannual analysis reveals that this generally wetter
southern region is not immune to drought, as evidenced by the signifi-
cant drying during periods like 2003, 2018-2020 and 2022 (Fig. 5b).
This establishes that low precipitation translates into catchment-wide
SM deficits, albeit with varying intensity.

The vegetation response, captured by VCI, mirrors this spatiotem-
poral complexity but adds a critical layer of land cover dependency. The
consistently high VCI in the forested south (Fig. 6), even during known
dry years, indicates a high level of vegetation resilience, likely supported
by deeper root systems that access subsurface water stores. Additionally,
previous studies have demonstrated that well-developed forest canopies
can enhance SM by reducing surface temperatures and limiting soil
evaporation (Hasselquist et al., 2018; Royer et al., 2012; Wei et al.,
2022; Zuo et al., 2024). In contrast, the agricultural lowlands in the
north and central catchment exhibit high interannual variability, with
VCI sharply declining during drought years. This aligns with the lower
baseline SM in this region and reveals their role as the catchment's
primary drought-vulnerable hotspot.
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Fig. 10. Spatial distribution of monthly Pearson correlation coefficients between SM and VCI across the Rur catchment.
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The drought characterization (Fig. 7), specifically the Z-score anal-
ysis (Fig. 7b, e) effectively synthesizes these patterns, objectively iden-
tifying major drought years (e.g., 2003, 2018, 2020, 2022) and
confirming the synchrony between SM deficits and vegetation stress.
However, divergences in 2001 and 2006, where VCI indicates drought
conditions but SM appears normal, suggest vegetation stress driven by
factors beyond SM deficits. To corroborate this interpretation, we
examined temperature anomalies from ERAS5-Land reanalysis data
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(Munoz Sabater, 2019) (See Appendix B, Fig. A3). In 2001, April tem-
peratures were 2.04 °C below the long-term mean (Fig. A3b), confirming
that the observed VCI stress reflects phenology-driven stress—spring
cold conditions delayed green-up independently of SM availability. In
2006, July temperatures were 3.91 °C above the mean, coinciding with
the well-known severe European heatwave (Rebetez et al., 2009; Stru-
zewska and Kaminski, 2008). This extreme heat likely caused high vapor
pressure deficits, leading to stomatal closure independent of SM
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conditions. In contrast, the coupled drought years (2003, 2018, 2020,
2022) all exhibited positive summer temperature anomalies (ranging
from +1.2 °C to +2.5 °C; Table A2), consistent with atmosphere-driven
stress where high temperatures exacerbate water demand. These dis-
crepancies underscore the complexity of drought impacts on vegetation,
where atmospheric conditions (e.g., thermal limitations in 2001 versus
atmospheric aridity in 2006) can decouple vegetation response from soil
water availability. The overall synchronization between SM and VCI
during extreme drought years is a prerequisite for a meaningful SM—VCI
coupling, which we investigated in section (3.4). Importantly the
recurrence of these specific drought episodes aligns with established
hydroclimatic records for Germany and Central Europe (Gessner et al.,
2023; Rukh et al., 2023; Sodoge et al., 2024; Wang et al., 2025), thereby
validating our methodological approach and situating our catchment-
specific findings within the broader regional climate context of
increasing drought frequency and intensity.

4.2. The SM-VCI coupling

The evolution of SM-VCI coupling, from a weak catchment-wide
pooled relationship to a distinct, threshold-based characterization of
water-limited conditions, fundamentally reshapes our understanding of
drought sensitivity in the Rur catchment. The initial pooled correlation
was statistically significant but weak (r = 0.109, p < 0.001; Fig. 8a)—a
common result in humid-region studies where water limitation is
intermittent and multiple ecological factors collectively influence
vegetation dynamics (Meng et al., 2022). The monthly progression from
near-zero in April to a maximum of r = 0.27 in September confirms that
coupling is seasonally dependent, strengthening as atmospheric demand
increases and SM reserves decline (Fig. 8b).

However, a meaningful interpretation of the SM-VCI relationship in
humid systems requires first isolating periods of genuine water limita-
tion. This approach is grounded in land-atmosphere coupling theory
which posits that ecosystems operates in distinct energy-limited or
water-limited regimes depending on SM availability (Seneviratne et al.,
2010; Teuling et al., 2006). While previous work has documented
regime transitions through atmospheric and flux-based prox-
ies—capturing the forcing side of land-atmosphere coupling—our study
focuses on the response side: vegetation health itself. This distinction is
critical for agricultural drought assessment, where the primary concern
is not how dry the soil is, but whether that dryness translates into
measurable vegetation stress.

To operationalize this theoretical framework, we introduced a data-
driven SM threshold to isolate water-limited conditions. By systemati-
cally testing correlation strength across SM percentiles, we identified
SM < 64% nFK as the critical transition point below which SM becomes
a primary limiting factor for vegetation health conditions. The empirical
results validate this theoretical construct. Filtering the dataset to ob-
servations below this threshold increased the catchment-wide SM-VCI
correlation from r = 0.109 to r = 0.354, representing a 225%
improvement in correlation strength. In terms of explained variance,
this corresponds to an increase in 2 from 1.2% to 12.5%, indicating an
approximately tenfold increase in the proportion of vegetation vari-
ability explained by SM.

The robustness of the threshold is supported by its consistency across
correlation metrics. Spearman's rank correlation, which is less sensitive
to nonlinearity and outliers, identified a slightly lower optimal threshold
(61% nFK, p = 0.359). However, both values lie within a plateau of high
correlation (61-64% nFK; r/p > 0.34; Fig. A1). The 64% threshold was
selected as the operational value because it provides a more conserva-
tive early-warning benchmark while remaining within the range of high
predictive skill. The close agreement between Pearson and Spearman,
particularly near the peak, indicates that the SM-VCI relationship under
water-limited conditions is approximately linear and monotonic, and
that the threshold choice is not dependent on the statistical method.
Spearman's rank correlation is also less sensitive to the influence of
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extreme drought months, further confirming that our results are not
driven by a few anomalous years or uneven variance in the data.

Together, these results demonstrate that regime separation—a
theoretical concept—has tangible consequences for vegetation response
and can be detected through vegetation-defined thresholds. The theo-
retical and empirical insights carry practical implications. Our empiri-
cally derived threshold of 64% nFK provides a catchment-specific
refinement of the general 50% nFK agronomic guideline for whole
Germany, suggesting that generic thresholds may underestimate
drought sensitivity in certain landscapes. The higher value likely reflects
the integrated response of the catchment's vegetation mosaic to SM
declines, which begin to exhibit stress before classical SM depletion
thresholds are reached, making it more sensitive for early warning while
remaining ecologically grounded.

This threshold corresponds to only 30.3% of growing-season obser-
vations representing water-limited conditions, underscoring that surface
SM is a meaningful drought indicator only during a relatively narrow but
critical window. During most of the growing season (SM > 64% nFK),
vegetation is not water-limited, and other factors—such as temperature,
radiation, or management practices—dominate productivity (Jiao et al.,
2021), explaining the noise typical of unfiltered analyses.

The temporal evolution of SM-VCI coupling under this threshold
reveals a dynamic “coupling curtain” that expands seasonally across the
catchment (Figs. 10 and 11). In April, SM remains above the threshold
catchment-wide, yielding no valid correlations. By May, only 2.5% of
the area—confined to the northern agricultural lowlands—shows
sensitivity, marking these zones as first responders to emerging water
stress. This area expands to 95% in June and reaches complete
catchment-wide coverage (100%) from July through September. This
progression illustrates a “drying front” that moves from lowlands to
uplands, eventually locking the entire landscape into moisture de-
pendency by peak summer.

Spatially, coupling patterns under water-limited conditions reveal a
fundamental dichotomy between the northern-central agricultural
lowlands and the southern forested highlands, governed by rooting
depth and land use (Fig. 10 & Fig. 12). This pattern is clearly explained
by land-cover stratification: agricultural land and grassland showed the
strongest coupling, with median correlations exceeding r = 0.75 in
August, while all forest types exhibited persistently weak correlations
(median r < 0.2). This hierarchy directly reflects differences in plant-
water access: shallow-rooted crops are tightly coupled to surface SM,
whereas forests tap deeper water sources and employ multiple strategies
to buffer short-term surface drying. These strategies include regulating
water use by prioritizing stem rehydration over carbon assimilation
during drought (Peters et al., 2023), rapidly recovering from small
rainfall events through foliar and root water uptake while benefiting
from reduced atmospheric demand (Dietrich and Kahmen, 2019), and
flexibly shifting water uptake between soil layers—accessing fresh pre-
cipitation from topsoil within days while relying on seasonally stored
water from deeper layers during prolonged dry periods (Kinzinger et al.,
2025). Temporally, coupling strength peaks in August (mean r = 0.501),
when high evaporative demand overrides even the buffering capacity of
forest root systems, leading to catchment-wide synchronization in water
stress. By September, coupling weakens asymmetrically: agricultural
areas decouple earlier, likely due to crop harvesting, while forests
remain coupled as perennial vegetation continues to track SM avail-
ability. This land-cover-dependent decoupling timing illustrates how
vegetation functional type modulates seasonal drought vulnerability.

In conclusion, our two-step filtering approach—seasonal selection to
ensure vegetation is active, followed by a SM threshold to exclude non-
limiting wet conditions—addresses a fundamental divergence in
SM-vegetation coupling between arid and humid regions. In arid sys-
tems, vegetation is perennially water-limited, making SM a reliable in-
dicator throughout the growing season (Li and Sawada, 2022; L. Liu
et al., 2020; Wei et al., 2022; Yang et al., 2023). In contrast, humid
temperate systems like the Rur catchment, experience alternating
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periods of water sufficiency and limitation (Wolf et al., 2023a; Wolf
et al., 2023b). Our method isolates the critical, narrow window within
the growing season when SM transitions from a non-limiting to a
limiting factor, thereby resolving the signal noise that has long
complicated SM-VCI studies in such regions. This threshold-driven
framework shifts the paradigm for humid-region drought monitoring.
Rather than seeking a universal SM-VCI relationship—an approach
more suited to arid climates—effective monitoring must track the pro-
gression of the “coupling curtain” to identify when and where the
landscape becomes water-limited. In the Rur catchment, this means
recognizing that agricultural areas enter this state first (May—June) and
are most sensitive, necessitating early intervention, while forests exhibit
delayed but eventually widespread coupling by late summer.

Finally, it is important to contextualize the magnitude of the corre-
lations. Although the optimized correlation (mean r = 0.354) remains
statistically weak, this reflects the inherently complex and multi-factor
nature of vegetation—-water interactions in a humid temperate region.
This suggests that the relationships are influenced not only by SM but
also by atmospheric properties, soil properties, land management
practices, and potential lag effects (Leisner et al., 2022; Mehmood et al.,
2025; Quetin and Swann, 2017). The critical finding is therefore not the
absolute strength of the correlation, but its systematic and significant
superiority over the negligible relationship observed in water-replete
condition. Future work should extend this framework by integrating
additional controls, such as deeper SM layers, evaporative demand, and
land management information, to further improve drought localized
early-warning capabilities in humid regions.

4.3. Implications for agricultural drought monitoring in the Rur
catchment

The findings, from spatiotemporal and severity characterization of
drought to SM-vegetation coupling analyses, form a clear and actionable
framework for agricultural drought monitoring in a humid temperate
catchment like the Rur. In such regions, where water limitation is
intermittent rather than constant, effective early warning must move
beyond static continental-scale, anomaly-based approaches—such as
those used in operational monitoring systems (e.g., European Drought
Observatory; European Drought Observatory, E., 2020)—to a locally
calibrated, condition-sensitive framework that targets the absolute
threshold at which vegetation becomes water-limited.

First, monitoring must be spatially prioritized based on inherent
vulnerability. The persistent south-north gradient in baseline SM
(Fig. 5) designates the northern agricultural lowlands as inherently
drought-sensitive. This is corroborated by VCI dynamics (Fig. 6) and the
progression of the “coupling curtain”, which reveals that these areas
enter a water-limited state earliest (May-June) and sustain the strongest
SM-VCI coupling in the peak summer (Fig. 10). Therefore, monitoring
resources should be concentrated in the northern lowlands during the
early to mid-growing season.

Second, and most critically, effective monitoring is best guided by
SM regime. The identification of the 64% nFK threshold provides a
crucial operational benchmark. Real-time systems should first diagnose
whether conditions are water-limited by comparing observed SM
against this threshold. Only when SM < 64% nFK does surface SM
become a reliable predictor of vegetation stress. This step fundamentally
refines monitoring logic by emphasizing periods when monitoring is
decision-relevant.

Third, while land cover modulates sensitivity, the SM threshold
dictates the relevance of the signal. Under water-limited conditions,
agricultural land and grasslands show relatively strongest coupling
throughout the growing season, confirming surface SM as an effective
early warning indicator, alerting timely signals for irrigation scheduling
for shallow-rooted crop types. In contrast, forested areas remain largely
decoupled throughout the season due to deeper rooting systems and
access to subsurface water; thus, drought monitoring in forests should
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rely on deeper SM measurements, tree water potential, or species-
specific physiological indicators rather than surface SM alone.

This approach optimizes resource allocation by concentrating effort
on the most vulnerable areas during the most critical windows. For the
Rur catchment, this means (i) using the 64% nFK threshold as a gate-
keeper to activate agricultural drought monitoring, (ii) prioritizing the
northern croplands from late spring through summer; and (iii)
employing land-cover-specific response protocols once water-limited
conditions are confirmed. Furthermore, this framework is transferable,
while the specific threshold may vary with soil type and climate, the
principle of identifying a local SM threshold to trigger monitoring offers
a scalable template for improving drought preparedness across humid
temperate agricultural regions worldwide.

4.4. Contextual considerations and transferability

It is also important to acknowledge certain contextual factors when
interpreting these findings: (i) regarding temporal coverage, the 25-year
study period (2000-2024) aligns with nearly the full MODIS record and
encompasses multiple major drought events, ensuring that the identified
threshold and coupling patterns reflect a broad range of recent hydro-
climatic conditions. While at least 30-year baseline is conventionally
used for climatological norms (Wright, 2008), our analysis—focused on
relative, regime-specific coupling rather than absolute -climatic
trends—provides a robust foundation for contemporary agricultural
drought monitoring. Nevertheless, in a changing climate, the 64% nFK
threshold may shift over time due to altered precipitation regimes,
warming temperatures, and potential vegetation adaptation. Future
monitoring frameworks should therefore periodically recalibrate such
thresholds using updated data, ensuring their continued relevance for
early warning and agricultural water management in temperate humid
regions.

(ii) with respect to regional context, the 64% nFK threshold reflects
the integrated soil, vegetation, geomorphological, and climatic charac-
teristics of the Rur catchment, which is representative of humid
temperate landscapes. Direct transferability to other areas should be
approached with caution, as the optimal threshold may differ substan-
tially under varying climate regimes, soil textures, water-holding ca-
pacities, vegetation types, and rooting depths. The primary contribution
of this study is therefore not the specific numerical value itself, but the
methodological framework for identifying locally relevant thresholds to
separate water- and energy-limited regimes. This transferable frame-
work—including data preparation, threshold optimization, stability
validation, result visualization and local interpretation—can be applied
in other regions using site-specific data, yielding thresholds that reflect
local hydroclimatic and ecological conditions. The implementation of
this framework is supported by the code scripts provided in the sup-
plementary material, enabling its application and reproducibility. Such
recalibration ensures that the relationship between SM and vegetation
stress is accurately captured in diverse contexts.

(iii) regarding temporal response dynamics, this study focused on
contemporaneous SM-vegetation coupling based on literature indi-
cating rapid shallow-layer responses in humid temperate regions (Na
et al., 2021; Tian et al., 2025). Potential lagged relationships of one to
two months were therefore not explicitly tested. Future work could
investigate such lags, particularly in deeper soil layers or during re-
covery phases following drought events.

5. Conclusion

This study provides a comprehensive analysis of agricultural drought
in the humid temperate Rur catchment by first identifying spatiotem-
poral patterns of SM and vegetation condition and assessing agricultural
drought severity. It then introduced a critical SM threshold (SM < 64%
nFK) to isolate water-limited periods, under which SM-VCI correlations
were quantified and land-cover sensitivity was assessed. This threshold-
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driven geospatial framework moves beyond conventional growing-
season analyses by distinguishing when SM actually limits vegetation
in a humid temperate system.

The findings reveal a dynamic “coupling curtain” that progresses
seasonally: water-limited conditions emerge first in the northern agri-
cultural lowlands (May-June) and expand catchment-wide by late
summer, with coupling strength peaking in August (mean r = 0.501).
Within this water-limited regime, agricultural land and grassland shows
the strongest SM-VCI coupling, while forests remain decoupled due to
deeper root systems. These empirical insights demonstrate how agri-
cultural drought sensitivity propagates across a heterogeneous land-
scape—a direct validation of the regime-separation framework
introduced in this study.

By operationalizing vegetation-defined SM thresholds into an oper-
ational monitoring tool, this work bridges the gap between theoretical
regime separation and practical agricultural drought detection. The
resulting framework provides a clear signal for when to shift from
routine observation to targeted vigilance in agricultural landscapes,
offering a scalable template for improving drought preparedness in
humid and temperate agricultural regions worldwide. Future work
should investigate the variability of this threshold across soil types,
climate regimes, and geomorphological settings, while incorporating
deeper SM data to further refine predictive models of agricultural
drought stress.
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Fig. A1l. Comparison of Pearson and Spearman correlation coefficients between SM and VCI as a function of SM threshold. The gray envelope shows +1.6 SD around

the LOO cross-validation mean threshold (63.6 + 1.6% nFK).
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Pearson Correlation (r)
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Table A1
Leave-one-year-out cross-validation results showing optimal threshold and correla-
tion for each withheld year (2000-2024).
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Left-out Year

Threshold (% nFK)

Pearson Cor. (r)

2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024

63.0
64.0
63.0
62.0
64.0
64.0
64.0
63.0
63.0
61.0
64.0
65.0
64.0
64.0
64.0
65.0
64.0
65.0
65.0
62.0
62.0
63.0
62.0
61.0
63.0

0.352
0.370
0.352
0.347
0.357
0.355
0.356
0.352
0.352
0.358
0.352
0.356
0.360
0.351
0.352
0.355
0.356
0.359
0.332
0.349
0.343
0.352
0.362
0.371
0.353

2000
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Frequency (No. of LOO iterations)

Threshold estimate
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Fig. A2. Threshold stability analysis using LOO cross-validation (2000-2024). (a) variation of Pearson correlation r corresponding to the left-out-year using the
threshold optimized on the remaining 24 years. (b) distribution of optimal thresholds from 25 LOO cross-validation iterations. Red line: full-dataset optimum (64%
nFK). Blue line: LOO cross-validation mean (63.6% nFK).

Appendix B

Table A2
Temperature anomalies during drought years, distinguishing between phenology-driven and atmosphere-driven conditions.

Year Spring anomaly (April) Summer anomaly (July/July-August) Interpretation

2001 -2.04 +0.26 cold spring, no strong summer heat
2003 —0.51 +1.57 strong summer heat

2006 -1.19 +3.91 extreme summer heat

2018 +3.13 +2.53 strong spring + summer heat

2020 +2.18 +1.19 warm spring and summer

2022 —0.78 +1.76 strong summer heat
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Fig. A3. Temperature characteristics of the Rur catchment (2000-2024). (a) Monthly mean temperatures (steel blue line) with the overall mean temperature (dashed
gray line, 9.9 °C). (b) Temperature anomalies during identified drought years. Anomalies are calculated relative to 2000-2024 monthly means. The data were
obtained from ERA5-Land monthly averaged reanalysis data (Munoz Sabater, 2019) and processed in GEE for the Rur catchment.

Appendix. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ecolind.2026.114875.
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