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ABSTRACT

Soil moisture plays a central role in terrestrial water and energy exchanges, yet its representation across spatial scales remains
challenging due to strong heterogeneity, measurement uncertainty, and limited transferability of soil parameters. While deep
learning models have shown skill in reproducing soil moisture dynamics at large scales, they are commonly applied deter-
ministically, providing limited insight into predictive uncertainty and variability. Here, we apply a probabilistic deep learning
framework based on Gaussian Mixture Long Short-Term Memory networks (GM-LSTMs) to model soil moisture dynamics and
uncertainty across the contiguous United States using in situ observations from the International Soil Moisture Network. The
model is trained and evaluated in a cross-validation setting on ungauged locations and forced with multiple meteorological da-
tasets, with DayMet emerging as the most effective driver. Rather than focusing primarily on predictive performance, we use
regional learning to examine how soil moisture dynamics and variability emerge across climatic, physiographic, and soil-textural
gradients. We analyse the structure of predictive uncertainty using mixture entropy and Jensen-Shannon divergence to distin-
guish dispersion from distributional complexity. The model reproduces temporal dynamics and rank structure of soil moisture
and outperforms ERA5-Land and SMAP benchmarks, while revealing systematic biases in absolute volumetric water content.
Predictive uncertainty exhibits coherent spatial organization controlled by physiography and soil texture, and distinct moisture-
dependent regimes consistent with established hydrological theory. Variability peaks at intermediate soil moisture states, in
agreement with catchment-scale observations, indicating that signatures of soil moisture organization persist across scales. The
results demonstrate that probabilistic data-driven modelling can provide physically interpretable information on soil moisture
variability and uncertainty, and offer new perspectives on scale-robust patterns of land-surface hydrological behaviour in the
absence of explicit small-scale process representation.

1 | Introduction and temperature extremes (Koster et al. 2004; Seneviratne

et al. 2006; Hauser et al. 2016). Through these feedbacks, soil

Soil moisture is an important hydrological variable that plays
a central role in the terrestrial water and energy cycles, gov-
erning processes such as evapotranspiration, infiltration,
runoff generation, and plant water availability (Seneviratne
et al. 2010; Brocca et al. 2017). Its spatiotemporal variability
has a major influence on land-atmospheric interactions, af-
fecting boundary-layer development, precipitation formation,

moisture modulates climate predictability on sub-seasonal to
seasonal timescales (Guo et al. 2011) and contributes to vari-
ations in carbon uptake and drought intensity (Humphrey
et al. 2021). At the same time, it is a key variable for hydrologi-
cal and agricultural applications, including flood and drought
forecasting, irrigation scheduling, and water-resource man-
agement (Brocca et al. 2017; Entekhabi et al. 2010). Despite
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its important role, accurately measuring and modelling soil
moisture remains a long-standing challenge due to its strong
heterogeneity across spatial and temporal scales, substantial
measurement uncertainty, and dependence on local soil, veg-
etation, and climatic conditions (Milicke et al. 2020; Zehe
et al. 2010; Famiglietti et al. 2008; Robinson et al. 2008).

A key challenge arises from the strong spatial and temporal
variability of soil moisture. While satellite-based observations
provide spatially continuous soil moisture retrievals at foot-
prints of several hundred square meters, these products re-
quire ground-based “truth” data for calibration and validation
(Bronstert et al. 2012). Ground-based networks rely on numer-
ous techniques, each with distinct advantages and limitations.
Gravimetric methods offer high accuracy but are destructive and
not suitable for repeated large-scale monitoring. Neutron probes
can capture volumetric soil moisture over large depths but are
costly and pose safety challenges. Among available methods,
Time-Domain Reflectometry (TDR) has become the predomi-
nant approach for distributed, in situ soil moisture monitoring
(Calamita et al. 2012; Hillel 1982). TDR sensors measure the di-
electric permittivity of the soil-water-air mixture along a small
transmission line, which is then converted into a soil mois-
ture estimate. However, these measurements represent only a
proxy for soil water content, and even sensors installed within
a few decimetres can yield notably different readings (Jackisch
et al. 2017). In other terms, the spatial extent covered by a single
TDR observation is smaller than the representative elementary
volume (REV) of soil water storage (Famiglietti et al. 2008) that
could lead to strong uncertainties.

Explaining such small-scale variability in a modelling exercise
would require high-resolution information about local prop-
erties at the 1m scale, which are, even in densely observed
research catchments, not at hand. At small scales, soil mois-
ture variability arises from micro-topographic features, soil
texture, vegetation cover which control water retention. Field
studies have shown that TDR observations can spread across a
range of 0.23m3*m™3 (around 50% of porosity) and more, even
when taken at a spatial extent of 20 by 20 square meters (Zehe
et al. 2010), reflecting local fluctuations in soil texture and soil
water retention. Such variability can be as large as that observed
across an entire catchment (Mélicke et al. 2020). While point-
scale measurements may not represent absolute storage, they are
often rank-stable, meaning that wet and dry locations preserve
their relative order over time (Mélicke et al. 2020). Various geo-
statistical studies have investigated soil moisture variability at
small catchment scales, typically ranging from 1 to 5km?. In
an examination by Bardossy and Lehmann (1998) in southwest
Germany, soil moisture measurements at 60 locations within a
6.3km? catchment were analysed. The study explored different
geostatistical interpolation techniques, such as ordinary kriging,
indicator kriging, external drift indicator kriging, and Bayes-
Markov updating. The findings highlighted the advantages and
drawbacks of each method, offering insights into their applica-
bility for small-scale soil moisture variability assessment. Herbst
and Diekkriiger (2003) took a different approach by developing
a model process design that enables the analysis of both spatial
and temporal soil moisture structures. Their work emphasized
the challenge of using point measurements to validate the mod-
elled spatial structure of soil moisture due to differing spatial

scales. Additionally, the study by Perry and Niemann (2008)
contributed valuable insights into soil moisture variability on a
larger scale, presenting interpolation strategies for extrapolating
point measurements across entire catchments. These findings
show how small-scale variability of soil moisture complicates its
representation in models operating at larger spatial scales.

The mismatch between process, observation, and modelling
scales has been recognized as a central challenge in hydrology
(Bloschl and Sivapalan 1995). Traditional physics-based models,
which rely on the numerical solutions of the Darcy-Richards
equation, provide process-level understanding but often fail to
generalise across scales. Parameters such as hydraulic conduc-
tivity and soil water retention curves are not easily transferable,
and effective large-scale representations remain uncertain. As
one moves from well-instrumented research catchments (e.g.,
Attert; Pfister et al. 2017) to continental domains such as the
contiguous United States (CONUS), data limitations and het-
erogeneity highlight such scaling issues, making it difficult to
maintain both process fidelity and predictive skill.

Data-driven modelling approaches have emerged as power-
ful tools to estimate soil moisture at large scales (Orth 2021;
Roberts et al. 2022; Liu et al. 2022; Han et al. 2023). Among
these, Long Short-Term Memory networks (LSTMs) have
shown considerable success due to their capacity to learn
temporal dependencies from sequential data, making them
well-suited for the task. Recent papers highlighted the impor-
tance of not only predicting the absolute values of hydrological
variables but also characterising the associated uncertainty
and variability (Li et al. 2023; Fang et al. 2020). Despite this
growing emphasis on uncertainty, LSTMs are still most com-
monly applied in a deterministic way, producing single-value
predictions without expressing model confidence. This lack
of predictive uncertainty limits their usefulness in risk-aware
decision-making contexts. Probabilistic extensions, such as
Gaussian Mixture LSTMs (GM-LSTM; Klotz et al. 2022), ad-
dress this shortcoming by outputting a mixture of Gaussian
distributions rather than point estimates. In doing so, they
capture both the central tendency and the inherent uncer-
tainty (and small-scale variability; see Bischof et al. 2026) of
soil moisture predictions, thereby enabling a richer and more
realistic representation of spatiotemporal dynamics. In practi-
cal terms, knowing how confident a model is can be as critical
as the prediction itself.

In this study, we explore how probabilistic deep learning cap-
tures the multiscale variability of soil moisture and produces
meaningful uncertainty estimates across diverse spatial and hy-
droclimatic conditions. To this end, we employ an already devel-
oped GM-LSTM framework to predict soil moisture dynamics
and variability from the local scale (Attert; Bischof et al. 2026)
to the continental scale (CONUS), examining its capacity to gen-
eralize beyond the scale limitations that constrain traditional
process-based models.

The specific objectives of this work are to:
1. Quantify the ability of the GM-LSTM model to reproduce

soil moisture variability and dynamics over the entire
CONUS
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ISMN measurement locations across CONUS
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FIGURE1 | Spatial distribution of ISMN measurement sites across CONUS with colour-coded depth availability. The distribution of time series
across depth ranges is as follows: 0-5cm (868), 5-10cm (415), 10-20cm (737), 20-40cm (180), and >40cm (999).

2. Evaluate how predictive uncertainty of the GM-LSTM cor-
responds to known physical and observational sources of
variability

3. Determine whether probabilistic data-driven models can
reveal scale-independent patterns, offering new insights
into the organization and predictability of soil moisture

By addressing these questions, this study aims to advance un-
derstanding of how probabilistic, data-driven approaches can
complement and extend process-based modelling. The findings
help bridge the gap between small-scale process knowledge
and robust large-scale predictive capability, highlighting how
regional probabilistic modelling can reveal emergent soil mois-
ture dynamics across climatic and physiographic gradients. This
supports the development of hydrological models that are less
constrained by scaling issues and better able to represent the in-
trinsic variability of soil moisture.

2 | Domain and Data
2.1 | Study Area

The International Soil Moisture Network (ISMN; Dorigo
et al. 2011) is a global database that compiles and quality-
controls in situ soil moisture observations from a wide range
of monitoring networks. This study focuses on sites within the
CONUS, where the ISMN offers broad coverage across diverse
environmental conditions, leveraging the region's extensive
network availability and wide range of climates, land covers,
soils, and geological settings. This environmental diversity
provides an ideal testbed for training models under different

hydrometeorological conditions, enhancing the generalizabil-
ity of the results. In total, 1017 locations were selected across
CONUS, yielding approximately 3200 in situ soil moisture mea-
surement time series (Figure 1). These time series span multiple
monitoring depths (0.05-1m), with some locations providing
single-depth measurements, while others offering multi-depth
profiles of up to five distinct soil layers. The selected temporal
coverage of the data extends from January 1, 2000 to December
31, 2020. The length of individual time series varies by location,
with some sites providing nearly continuous measurements
across the full 21-year period, while others offer only short ob-
servational windows of 3—6 months.

A quality control (QC) procedure was implemented to iden-
tify and correct implausible behaviour in soil moisture time
series. For each record a set of physically and statistically
grounded criteria was applied. A series was considered valid if
it exhibited: (1) sufficient temporal coverage (> 365 days with
valid data), (2) a low proportion of exact zero values (<20%),
(3) realistic variability (standard deviation >0.02 m3m~3), (4)
no excessively long periods of consistency (maximum run
of changes that are less than 1073 lasting <90 consecutive
days), and (5) no physically implausible daily fluctuations
(> 0.4 m*m~3). Observations meeting all criteria retained un-
changed, whereas those failing any test underwent targeted
correction that removed unreliable segments, specifically
timesteps with values of 0 and samples belonging to days iden-
tified as containing large daily jumps or extended flat runs.
The reduced series were then re-evaluated under the same QC
framework; those that subsequently met all criteria were ac-
cepted and kept, while series that continued to fail (e.g., due to
insufficient coverage) were excluded. After the QC procedure,
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2765 time series were kept, equaling a 14% reduction in avail-
able data.

2.2 | Dynamic and Static Input Features

We trained multiple model configurations to assess the influ-
ence of different meteorological forcing datasets on prediction
performance. Dynamic input variables (Tables A1-A3) were
derived from: ERA5-Land (Mufioz-Sabater et al. 2021; 9km,
hourly), DayMet (Thornton et al. 2021; 1km, daily), and NLDAS
(Xia et al. 2012; 12km, hourly), as well as a combined setup
using all forcings. These datasets differ in spatial resolution,
temporal frequency, and data sources (reanalysis, ground-based,
or blended), allowing us to test how such characteristics affect
model skill and uncertainty. Static physiographic attributes
(Table A4) were taken from the HydroATLAS database (Linke
et al. 2019), providing information on topography, soils, land
cover, and climate zones.

To efficiently gather input data, we used a modified version
(https://github.com/BalazsBis/earthengine-exporter) of the
open-source Caravan dataset pipeline (Kratzert et al. 2021), de-
signed to collect data for rainfall-runoff modelling. While the
original framework aggregates gridded data over watershed
boundaries, such spatial aggregation is not necessary for point-
based soil moisture modelling. Therefore, the pipeline was op-
timized to extract only the required gridded data from Google
Earth Engine (GEE) for exact point coordinates corresponding
to the ISMN measurement locations.

3 | Model and Methods

3.1 | LSTMs Meet GMMs: What They Are and Why
We Use Them?

Traditional deep learning (DL) models in hydrology produce
deterministic point estimates, capturing temporal dependen-
cies, but neglecting predictive uncertainty. Such uncertainty is
often approximated through model ensembles. In contrast, the
GM-LSTM used here outputs the parameters of a time-varying
probabilistic distribution rather than a single value. The model
generates multiple means (W), standard deviations (o), and mix-
ture weights () for a number of Gaussian components, repre-
senting the relative contribution of each mode. This formulation
enables the model to capture multimodal and non-Gaussian
characteristics of soil moisture dynamics arising from interact-
ing processes such as precipitation, evapotranspiration, infiltra-
tion, and spatial heterogeneity— processes that often keep soil
moisture in multiple, locally quasi-equilibrium states through-
out the year.

We apply a model architecture from our previous work (Bischof
et al. 2026) that has been tested in a 250km? highly monitored
experimental catchment. Here, we extend the application to
the continental scale, adapting the framework for large-scale
soil moisture modelling. To improve generalization, Gaussian
noise with a standard deviation of 0.05 was added to the input
during training, and mixture weights were temperature-
scaled via a soft-max function for numerical stability. Given

the large scale of the application, computational optimiza-
tions were required to make training and inference feasible
across the extensive dataset. All hyperparameters are listed
in Table B1.

3.2 | Benchmarking Model Performance

Predictions were systematically compared against volumet-
ric water content (VWC) estimates from the ERA5-Land re-
analysis and the Soil Moisture Active Passive (SMAP; Reichle
et al. 2025) satellite products. To support robust evaluation, a
five-fold cross validation was implemented: in each fold, 80%
of the locations and the corresponding soil moisture time se-
ries were used for training, and a non-overlapping 20% were
held out for testing, such that the model was evaluated on
entirely unseen locations. This procedure was repeated five
times for each fold. We have no validation period as we did not
adjust our model hyperparameters and used the same setup as
reported in Bischof et al. (2026).

3.3 | Deterministic and Probabilistic Evaluation
Metrics

Model performance was evaluated using the Kling-Gupta effi-
ciency (KGE), the Spearman Rank Correlation (Spearman’s p),
and the Root Mean Squared Error (RMSE) metrics. However,
in multimodal predictive distributions, the mean may sit in an
unlikely space between distinct modes. Such scenarios might be
problematic for the deterministic metrics to represent since the
model with multimodal distribution effectively says that “the
outcome could be this or that, but not something in-between.”
Therefore, especially for multimodal predictions, calculating
the metrics with weighted averages fails to represent the ac-
tual meaning of predicted distributions and a metric like the
Continuous Rank Probability Score (CRPS) is required to have
a more fair and realistic evaluation compared to simply using a
central value.

3.4 | Continuous Rank Probability Score

CRPS measures the discrepancy between the predicted cumula-
tive distribution function (CDF) of a forecast and a step function
representing the true outcome. It quantifies the spread of the
predicted distribution around the observed value. The CRPS is
defined as follows:

0

CRPS(F,y) = / [Foo-1(c2y)] dx @

—0co

F(x) is the cumulative distribution function (CDF) of the
prediction, evaluated at x, 1(x >y) is the indicator function
that equals 1 if 1(x >y), 0 otherwise, and dx the infinites-
imal change in x, indicating integration over the entire real
number line. Values near zero indicate excellent probabilistic
accuracy (e.g., 0.0-0.05 very good, 0.1-0.3 moderate), while
larger values (e.g., >0.5) signal increasingly poor sharpness
or calibration.

40f 19

Hydrological Processes, 2026

85UB017 SUOIWIOD aA 118810 3ol jdde ay) Aq peuenob ase ool VO '8sN JO San. 1oy Akeid1T8UIIUQ AB]1AA UO (SUONIPUOD-PUR-SWB)ALIOY™AB | 1M Afe.d 1 Bul UO//Scy) SUORIPUOD pue swie 1 8y} 88S *[9202/80/02] Uo Akeidiauljuo AB|im a1Bojouyos L 4 nisul eunis ey Aq 59902 dAU/Z00T 0T/I0p/wod" A8 M Alelq 1 pul|uo//Scny wouy papeojumoq ‘g ‘9202 ‘S80T660T


https://github.com/BalazsBis/earthengine-exporter

3.5 | Analysing Uncertainty

To characterize the structure of predictive uncertainty, we com-
pute two complementary quantities from the gridded GM-LSTM
predictions for a pre-selected date: (1) the overall dispersion of
the predictive distribution, and (2) the internal complexity aris-
ing from disagreement or separation between mixture com-
ponents. All predictive mixtures are evaluated on the fixed
physically meaningful interval of [0.02, 0.65] m*m~3, divided
into bins of width 0.02 (equaling measurement uncertainty;
Robinson et al. 2008). Bins that receive no probability mass are
assigned a very small value only to ensure numerical stability
and avoid undefined logarithmic terms. This allows all locations
to be evaluated on the same fixed support, so differences in the
metrics reflect genuine differences in predictive uncertainty
rather than artefacts of empty bins (Darscheid et al. 2018). The
lower bound represents residual soil water content, below which
liquid water is largely immobile, while the upper bound corre-
sponds to soil porosity, which defines the maximum volumetric
water content under saturation.

3.5.1 | Mixture Entropy: Overall Dispersion

The mixture entropy measures how widely the predictive prob-
ability spreads across the predefined interval. It is computed
as the Shannon entropy (Shannon 1948) of the binned mixture
distribution,

Hmix = - Zpilogzpi (2)
i

High values indicate low-confidence predictions, while low val-
ues indicate narrow, confident ones. With M =32 bins (plausible
range of 0.02 to 0.65 m3>m~3 with bin size of 0.02 m3m™3), the
possible range of entropy values are 0 < H,;, < log,32 = 5 bits.

3.5.2 | Shape Complexity: Jensen—-Shannon Divergence
From the Dominant Gaussian Component

H_, alone does not allow one to distinguish whether the un-
certainty arises from a genuinely broad distribution or from the
presence of multiple distinct modes in the mixture. To quantify
how different the predicted mixture distribution p(x) is from its
dominant Gaussian component q(x), we compute the Jensen-
Shannon (JS) divergence

1S(,0) = SKL | m)+ 2KL@ [ m), m=Sp+a) @)

For each grid cell and time step, the model produces a predic-
tive distribution in the form of a Gaussian mixture, obtained
from the ensemble of model folds. The predictive distribution p,
is discretized into probabilities p, over a physically meaningful
soil moisture range. To assess how much of the predictive un-
certainty is captured by the most probable mixture component,
we construct a reference unimodal distribution by selecting the
Gaussian component with the largest mixture weight. This dom-
inant Gaussian represents the single most likely soil moisture
state predicted by the model. It is discretized over the same bins,
yielding probabilities g;. The similarity (or difference) between

the full predictive mixture and its dominant Gaussian compo-
nent is calculated using the JS divergence. This is computed by
using the midpoint distribution m = %(p +q) and the average
of the two Kullback-Leibler (KL) divergences, KL(p || m), de-
scribing how different the predicted distribution is compared to
the midpoint and KL(q || m), showing how different the single
Gaussian approximation is from the midpoint. Each KL diver-
gence term measures how much information is lost when replac-
ing one distribution with the midpoint (for more details see Loritz
et al. 2019). Low JS values indicate that the predictive uncertainty
is well represented by a single dominant Gaussian component,
whereas high JS values reflect predictive distributions with sub-
stantial probability mass in secondary modes, indicating mul-
tiple competing plausible soil moisture states and pronounced
multimodal or non-Gaussian behaviour.

3.5.3 | Distributional Structures

We analyse how predictive behaviour transitions between sim-
ple and complex structures, as well as between confident and
uncertain regimes, across different soil moisture intervals. For
each interval, grid-level predictive distributions are categorized
based on their entropy (H, ;) and JS divergence, using the me-
dian values across all grid cells as thresholds to distinguish
lower versus higher uncertainty and simpler versus more com-
plex distributional structure. To classify the structure, the me-
dian of H_; and JS was used across all grid cells.

Hy.q = median(Hy;,) and JS, 4 = median(JS)

Each grid cell is assigned to one of the four regimes based on
whether it lies above or below these thresholds:

« Simple—confident: H,;, < H,,.4 and JS <JS

mix = £ m med

» Simple—uncertain: H_; > H, .4 andJS <JS_ 4

ix
« Complex—confident: H;, < H.4 andJS > JS 4

» Complex—uncertain: H;, > H.q andJS > JS 4

4 | Results

4.1 | Performance, Accuracy, and Bias
of the Model

We evaluated different model setups using ERA5-Land, NLDAS,
DayMet, and a combination of them (all forcings) as dynamic
input variables. The outcomes showed that using DayMet and
all forcings outperforms the other two setups. Using NLDAS
as input data performs the weakest, while employing ERAS5-
Land lies in between. This highlights DayMet's high-resolution,
gauge-based measurements proving to be more effective at
capturing soil moisture dynamics than other, lower resolution
products. Although combining all the selected variables from
all products produced comparative results, we chose DayMet as
the preferred input because it consistently performed well across
both metrics, while keeping the setup simpler and more efficient.
In comparison with the benchmarks, Table 1 shows that the me-
dian of the model driven by DayMet outperforms the VWC esti-
mates from the ERA5-Land reanalysis and of SMAP. Although
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ERAS5-Land achieves a similar level of performance in terms of
rank correlation, its median KGE and RMSE values are signifi-
cantly worse. The model achieves a median rank correlation of
0.74 (for shallow depths), indicating that it captures the timing
and ordering of wetting-drying events accurately. In contrast, its
KGE has median values around 0.42, reflecting systematic level
bias. Table 1 also shows that the model's accuracy declines with
increasing depths. While shallow soil moisture shows direct
response to meteorological forcings, deeper layers respond due
to percolation and storage, after increasingly long lags and with
a stronger dampening. Subsoil soil moisture dynamics are also
governed by processes and properties that are weakly or not at
all represented in the used features (e.g., vertical heterogeneity
in saturated hydraulic conductivity, rooting depth and uptake
profiles, and lateral flow). In addition, measurement challenges
are typically larger for deeper sensors, worsening signal to noise
ratios and limiting the achievable correlation. Variance in deep
soil moisture is lower, so identical absolute errors yield poorer

TABLE 1 | Summary table of Kling-Gupta efficiency (KGE), root m

KGE via its variability (o) and bias () terms, while longer lags
decrease rank correlations.

Figure 2 presents the 1km soil moisture predictions across
the CONUS. Figure 2a shows an example gridded prediction
for a winter day, chosen to get an exemplary impression of
the model's large-scale behaviour and to visually assess phys-
ical realism. The model reproduces the Mississippi moisture
corridor and captures the orographic influence of the Pacific
Northwest, where mountains act as a barrier to incoming pre-
cipitation. The map also shows a distinct dry zone in the New
Mexico-Colorado four corners region, matching the area of
drought that persisted during that time period (US Drought
Monitor 2019); in addition, a wet band appears along coastal
California and the Sierra Nevada foothills, consistent with
atmospheric river storms that struck during early and mid-
January 2019, resulting in heavy rainfall and flooding (in be-
tween 3 and 10 January 2019 the Coastal and Sierra Nevada

ean square error (RMSE), Spearman'’s rank correlation (Spearman’s p), and

continuous rank probability score (CRPS) metrics for the Gaussian Mixture LSTM (GM-LSTM) model and the ERA5-Land and SMAP soil moisture

product benchmarks.

KGE RMSE Spearman’s rho CRPS

Model/depth bin Mean Median Mean Median Mean Median Mean Median
GM-LSTM/0-0.2m 0.287 0.422 0.092 0.080 0.683 0.737 0.062 0.049
GM-LSTM/0.2-0.5m 0.235 0.403 0.096 0.083 0.683 0.725 0.067 0.052
GM-LSTM/0.5-1.0m 0.004 0.223 0.115 0.099 0.529 0.573 0.085 0.069
SMAP 0.106 0.205 0.105 0.091 0.572 0.637 N/A N/A
ERA5-Land —-0.090 0.229 0.125 0.111 0.613 0.659 N/A N/A
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(a) Global PIT (Original)
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FIGURE3 | Original (Panel A) and bias-corrected (Panel B) PIT diagrams of model predictions averaged across all folds.

mountains in California received more than 200 mm precipi-
tation; CW3E 2019).

The time series in Figure 2b-d illustrate the behaviour sup-
ported by the PIT diagram (Figure 3; explanation can be found in
Appendix C): the predictive intervals are systematically too nar-
row, and this under-dispersion is closely tied to bias in the mean
predictions. When the predicted central tendency is shifted, the
confidence intervals cannot compensate, causing observations
to fall outside the predicted ranges and producing PIT patterns
that deviate from uniformity. The example time series show the
same mechanism: although temporal dynamics are mostly cap-
tured well, the prediction band frequently sits above or below
the measurements. Importantly, this does not imply that simply
inflating the predictive intervals would resolve the issue; widen-
ing the distribution without correcting the bias would only re-
duce sharpness and practical usefulness. In applications such as
drought early-warning, too wide uncertainty bands would make
the signal less informative. The summary uncertainty metrics
are consistent with this interpretation (Table 1). A median CRPS
of 0.049 (Table 1) indicates that the predictive distributions are
sharp and capture substantial temporal structure. The CRPS-
RMSE comparison (Figure C1) further supports this conclusion:
across sites, CRPS is consistently lower than RMSE, showing
that the probabilistic distributions contain meaningful infor-
mation beyond the deterministic mean. The locally weighted
scatterplot smoothing (LOWESS) trend shows that as RMSE
increases, the CRPS-RMSE ratio approaches one, meaning that
the probabilistic skill collapses toward deterministic error when
the mean prediction becomes biased. This pattern is common in
under-dispersed models whose uncertainty does not adapt when
the mean is misplaced, meaning that the predictive spread is not
inherently too narrow, but it is unable to expand in response to
systematic mean error.

Together the PIT shape, time series behaviour, and RMSE-CRPS
relationship form a coherent picture: the model is sharp and
internally consistent, but biased and overconfident stemming
mainly from the mean bias rather than insufficient variance
in the mixture distribution. Addressing this bias would require
modifying the predictive uncertainty structure rather than
simply broadening predictive intervals, which is both techni-
cally challenging without introducing artificial corrections and

beyond the scope of this study. In the context of soil moisture,
this behaviour is expected: absolute VWC is strongly location-
dependent (limited by porosity and the residual soil water con-
tent and affected by the interplay of macropore flow, matrix flow
and root water uptake— Grayson et al. 1997; Western et al. 2002;
Teuling and Troch 2005), and multi-site, ungauged models fre-
quently miss the mean while still capturing timing and relative
changes reliably. Since drought detection, onset alerts, and irri-
gation scheduling depend on anomalies, thresholds, and short-
term changes rather than absolute VWC, accurate dynamics
and temporal ranking remain important determinants of prac-
tical usefulness.

4.2 | Physical Consistency in Model Behaviour

Figure 4 illustrates the relationships between predicted
weighted soil moisture and various static attributes. The gen-
eral trend shows that with increasing elevation (Figure 4b) and
slope (Figure 4a), soil moisture declines. Higher elevations and
steeper slopes are often associated with cooler temperatures,
increased runoff potential, and thinner soil layers. These con-
ditions reduce the soil's capacity to retain moisture and en-
hance drainage, leading to drier soil profiles. A maximum in
predicted soil moisture near 300m is reasonable, since mid-
elevations often coincide with cooler microclimates, higher
precipitation, and deeper or more developed soils compared to
lowlands, which can produce higher moisture availability. At
higher elevations, declining temperatures, thinner soils, and
increased runoff typically reduce soil water retention, creat-
ing the observed hump-shaped relationship. The soil texture
fraction curves display relatively clear and physically con-
sistent patterns. For silt (Figure 4c), soil moisture increases
with higher percentages, which can be attributed to the mixed
pore structure of silt soils that allows for effective water reten-
tion while maintaining moderate drainage and infiltration. A
similar trend is observed for clay (Figure 4e), where higher
fractions correspond to higher soil moisture. This reflects the
fine pore structure of clay soils, which promotes strong water
retention and slower percolation. However, depending on the
type of clay minerals and whether those may swell/shrink or
not, infiltration behaviour might be largely different- ranging
from almost no infiltration in case of absent or closed cracks

Hydrological Processes, 2026
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FIGURE 4 | Relationships between the predicted weighted mean soil moisture and different static attributes (slope degree (°), elevation (m), silt

fraction (%), sand fraction (%), clay fraction (%)).

to preferential infiltration into cracked clay soils. In contrast,
the sand fraction (Figure 4d) shows an inverse relationship:
soil moisture decreases as sand content increases. This is ex-
pected, as sandy soils have larger pores that facilitate rapid
drainage and limit their ability to retain water due to almost
neglectable capillary forces.

4.3 | Linking Predictive Uncertainty to
Environmental Controls

The entropy maps (Figure 5a,b) summarize the information con-
tent of the probabilistic predictions. Figure 5a displays the spread
(H,,,;,») of the predicted distributions, and Figure 5b shows the
spatial structure of the JS divergence. Both maps indicate that
underlying attributes strongly influence the spread and shape of
the predicted distributions. To get a cleaner interpretation, we an-
alysed how environmental characteristics (i.e., static attributes)
shape the structure of predictive uncertainty by examining the
joint behaviour of H_, and JS divergence across a range of phys-
iographic and soil-texture settings (Figure 5c-e and Figure D1).
We assessed their relationships with slope degree, elevation,
sand, silt, clay fractions, and predicted soil moisture.

H_ . increases with predicted soil moisture content, being con-
sistent with storage-release dynamics: wetter soils accommo-
date larger changes, producing broader predictive distributions.
Topographic patterns show a contrasting pattern. Steep and
high-elevation areas exhibit low H_ ., reflecting rapid drainage,
more surface runoff (thus less infiltration/recharge), shallow or
rocky profiles, and limited storage. Many of these regions also
show elevated JS divergence, indicating structural uncertainty
despite the relatively narrow spreads. Snow influence, frozen-
thaw cycles, and heterogeneous mountain soils can produce

differing hydrological trajectories, leading to different plausi-
ble moisture states even when the variance is low. Sandy soils
displayed low H_, consistent with their limited storage capac-
ity and fast drainage. Predictions here are more likely narrow
but uncertain in structure. Mid-range entropies combined with
higher JS divergence suggest threshold-like infiltration and pref-
erential flow that create divergent moisture trajectories after
rainfall. Silt contents of around 40%-50% cluster at higher H_, .
These soils have moderate retention and permeability, promot-
ing relatively large moisture variability. A moderate rise in JS
divergence in this range indicates that transitional textures can
support differing hydrological responses. Clay-rich soils show
higher H . but lower JS divergence on average. Their strong re-
tention and slow drainage broaden the distribution but typically
produce smoother, more consistent moisture dynamics, leading

to decreased multimodality.

Across all attributes, a coherent pattern emerges: H . reflects
water-storage capacity and drainage behaviour; therefore, it
tends to be higher in clay and silt but lower in sandy environ-
ments. Dispersion is higher in lowlands, whereas it is lower
in steeper and higher elevation terrains. Shape complexity
(JS) identifies regions where hydrological dynamics support
multiple plausible states, namely high-elevation and snow-
influenced areas, coarse-textured sandy soils, and intermedi-
ate silt regimes.

4.4 | Understanding the Structure of Uncertainty

We examined broader patterns linking uncertainty measures
with the predicted soil moisture values themselves and with sea-
sonal variation. Higher H_, values mainly occur under wet con-
ditions (Figure 5a). This aligns with the expectation that wetter
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January 2019) for all 1km grid cells within the CONUS.

soils have greater storage capacity and exhibit broader variabil-
ity, which widens the predictive distribution. JS divergence does
not follow a monotonic trend with soil moisture, as the highestJS
values cluster around intermediate entropy levels. This pattern
reflects a statistical property of mixture distributions, where it is
the easiest to express multimodality when the distribution has
enough spread to separate the components but not too much so
differences become smoothed out. Figure 5c confirms the posi-
tive correlation between moisture levels and dispersion, while it
also shows that, besides being frequent at intermediate moisture
levels, high JS divergence is more likely to occur at the lower
ends compared to very wet states. This suggests that the model
expresses more frequent multimodal behaviour not only when
the system has moderate variability but also when soil moisture
approaches lower bounds, where nonlinear processes and mea-
surement noise can increase structural ambiguity.

Entropy peaks at intermediate soil moisture levels (Figure 5b),
when the model must choose between differing soil moisture
trajectories controlled by mid-summer convective rainstorms or
winter dry anomalies. Similarly, in the hydrological process per-
spective, variability and thus predictive peaks around mid-range

soil moisture conditions, where small differences in antecedent
wetness may cause transitions to switch in between matrix and
preferential flow (Zehe et al. 2005; Zehe and Bldschl 2004; Zehe
and Sivapalan 2008), creating coexisting regimes across sites.
In both cases, typical seasonal states are easier to characterize
and thus show lower uncertainty or variability, while in the mid-
range, where multiple mechanisms might overlap, it produces
the strongest spread.

Figure 6d shows how the seasonal cycle of multimodal predictions
varies across soil moisture classes. For the low soil moisture class
(0.0-0.2m3*m™3), the frequency of multimodality remains relatively
stable throughout the year, with multimodal predictions ranging
around 30%-45%. This means uncertainty grows under dry con-
ditions, probably because even small errors in precipitation rates
may have a large impact on how well the model captures drying
processes. The medium soil moisture class (0.2-0.4m>m~3) shows
arise in multimodal predictions during the summer months, when
greater variability in precipitation and evapotranspiration also oc-
curs. This seasonal increase likely reflects the complex interplay
between rainfall events and drying, which introduces compet-
ing modes of soil moisture dynamics and thus greater predictive

Hydrological Processes, 2026
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ambiguity. For the high soil moisture class (0.4-0.6 m3m~3), multi-
modality is lowest in winter and spring, suggesting that wetter and
cooler conditions produce more predictable dynamics. However,
multimodality rises sharply during late summer, when high soil
moisture often results from intense convective storms. Such events
generate transient and localized conditions that are harder to cap-
ture, leading to diverse soil responses and higher uncertainty.
Across all classes, the highest overall frequency of multimodal pre-
dictions occurs between July and September, a period character-
ized by convective rainfall and greater weather variability across
much of the CONUS.

The distribution of prediction thresholds (Figure 7) across the four
uncertainty classes (simple-confident, simple-uncertain, complex-
confident, complex-uncertain) shows soil moisture dependent pat-
terns in the model's uncertainty structure. In the driest conditions
(0.0-0.1m*m™3), predictions are dominated by simple-confident
and complex-confident behaviour, indicating that the model is
certain in general (narrow distributions) but can express non-
Gaussian structure when variations in forcing lead to multiple
possible trajectories. As moisture increases into the 0.1-0.3m3*m=3
range, uncertainty shifts toward the complex-uncertain class,
reflecting the intermediate soil moisture states (also shown in
Figure 5b) where competing wetting and drying processes gener-
ate both broad and structurally ambiguous predictive distributions.
Once soil reaches moderately wet conditions (0.3-0.4m?>m=3), the
balance slightly shifts again: the simple-uncertain class becomes

more important, and this dominance grows in the wettest range
(0.4-0.6m*m™3), where it clearly becomes the leading class. In this
domain higher water storage and slower drainage lead to wider,
more uniform distributions, which reduces multimodality and
structural complexity.

5 | Discussion
5.1 | Accuracy and Bias Problem

The results demonstrate that DL models can reproduce a signifi-
cant portion of soil moisture dynamics even at ungauged locations
across the CONUS. Combining all meteorological products did
not yield significant improvements beyond what DayMet alone
achieved, suggesting redundancy among the forcings- where ad-
ditional datasets provided little new information. While Kratzert
et al. (2021) demonstrated that multi-forcing setups in rainfall-
runoff modelling can exploit complementary information to im-
prove predictive performance, their use of basin-averaged inputs
limits direct comparability with the present study. Despite no site-
specific calibration, the model reaches performance comparable to
other regional to continental soil moisture prediction studies (Xi
et al. 2025; Geng et al. 2024; Vergopolan et al. 2021). While the
general accuracy is satisfactory, clear bias patterns emerge. The
dynamic and uncertainty patterns observed in the results point to
a structural limitation that goes beyond statistical calibration: in
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ungauged settings, the model is mostly capable of capturing soil
moisture changes but not always where the mean should sit. The
temporal dynamics appear transferable. What does not transfer as
well are the local controls that govern absolute VWC. While soil
texture is included in the model (and shows physically realistic be-
haviour; see Section 4.2), other key factors such as porosity, water
content at field capacity and the permanent wilting point or root-
ing depth are not represented in the input data at all. These prop-
erties may vary sharply spatially and directly influence the mean
levels, making it difficult for the model to understand site-specific
baselines.

One technical reason for such biases might arise from the pres-
ence of TDR artefacts. Potential “air spikes” caused by poor
probe-soil contact might result in systematically too low VWC
values. This is because TDR probes estimate soil moisture by
measuring the dielectric permittivity of the material surround-
ing the rods. Water has a very high dielectric constant (~80),
soil has moderate (%3-7, depending on texture), and air has very
low (~1). When the probe loses good contact with the soil (e.g.,
due to shrinkage cracks, loose installation, freeze-thaw move-
ments) air fills the space around part of the rods. Because the
TDR signal travels through whatever medium is in contact with
the rods, even a thin air gap can significantly reduce the mea-
sured dielectric permittivity, which the calibration converts into
artificially dry VWC values.

The interplay between structural heterogeneity and measure-
ment errors clarifies why the model appears both sharp and
miscalibrated (as demonstrated with the used strictly proper-
scoring rules): the predictive variance is appropriate for cap-
turing dynamics, yet it lacks the needed information to adjust
when the mean shifts. Inflating predictive intervals would not
resolve this issue. Wider intervals would improve coverage,
but reduce sharpness and weaken the usefulness of the un-
certainty signal, especially for drought early-warning where

decisions depend on anomaly detection rather than broad un-
certainty bands. In essence, this would treat a systematic mis-
match as if it were random noise, rather than addressing the
underlying cause.

The patterns show that ungauged soil moisture prediction is,
as expected, more reliable when the task is to discover changes
and ranks rather than actual magnitudes and states. The model
is not failing, it is rather reflecting the limits of what can be
learned from forcing data alone. The challenge is therefore less
about fixing the uncertainty framework (e.g., through calibra-
tion) and more about improving the model's understanding of
“place”. If the model would understand the structural compo-
nents better, the probabilistic predictions should naturally be-
come both sharper and better calibrated.

5.2 | How Well the Models' Uncertainty Outputs
Connect to Reality?

The joint behaviour of dispersion (H, ;) and shape complex-
ity (JS divergence) indicates that predictive uncertainty in
the probabilistic soil moisture predictions is structured by
physiographic and textural controls rather than represent-
ing homogeneous model noise. Classical field studies support
this interpretation. Grayson et al. (1997) demonstrated that
soil moisture patterns exhibit persistent spatial organization
shaped by landscape position, with wetter valley bottoms
and drier slopes forming stable spatial templates. Western
et al. (2002) showed that this organization arises from the
combined effects of topography, soil properties, and drainage
pathways, leading to systematic differences in both the mean
and variability of soil moisture across terrain units. Vereecken
et al. (2014) further highlighted that soil moisture variability
is governed by soil hydraulic characteristics, texture, and local
storage conditions across a range of spatial scales. Together,
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these studies indicate that spatial differences in variability
and multimodality should be expected outcomes of physical
landscape controls rather than artefacts of modelling. The
observed patterns in H _; and JS divergence align with this
understanding: higher dispersion reflects differences in stor-
age and drainage capacity, while increased shape complexity
marks environments that support multiple hydrological re-
sponse modes.

Regions with low H_, but elevated JS divergence (such as high-
elevation areas) align with known process complexity in such
regions, where snow accumulation and variable thaw timing
can lead to divergent wetness trajectories under similar mete-
orological forcing. By contrast, steep and high-elevation terrain
exhibits systematically low H_, , reflecting limited storage and
rapid drainage pathways that constrain the range of possible soil
moisture states. This pattern is in line with studies showing that
topographic relief accelerates runoff generation and shortens
subsurface residence times, thereby narrowing the soil moisture

variability threshold.

Across textures, the uncertainty structure reflects how storage
capacity and hydraulic behaviour create the balance between
locally controlled variability and more organized responses.
Sandy soils show low H_; , consistent with their limited stor-
age, lower moisture content, and rapid drainage: variability
mostly remains narrow, governed by local vertical fluxes,
analogous to the locally controlled, weakly organized patterns
observed under dry conditions by Grayson and Bléschl (2001).
Each soil “patch” behaves like its own bucket, getting wet
when it rains, drying when it evaporates, and draining down-
ward, mostly independent of what is happening upslope. The
moderate JS divergence indicates that threshold-like infiltra-
tion (i.e., abrupt shifts in infiltration behaviour) and prefer-
ential pathways can still produce divergent trajectories after
rainfall. Silt-rich textures (x%40%-50% silt) show higher H .
and a rise in JS divergence, reflecting intermediate retention
and permeability that permit broader variability and multiple
plausible hydrological responses. Clayey soils display high
H_ . but lower JS divergence, producing a more aligned be-
haviour, decreasing multimodality.

5.3 | Generic Patterns in Soil Moisture Variability

H_, has aclear peak in variability at intermediate soil moisture
levels. This pattern has also been observed and modelled in the
study of Teuling and Troch (2005) in three basins with different
characteristics (Louvain-la-Neuve, Belgium; VCR-LTER, USA;
Tarrawarra basin, Australia), in the research of Famiglietti
et al. (2008) where they analysed four soil moisture field cam-
paigns to characterize the behaviour of soil moisture variability
across scales, in the paper of Lawrence and Hornberger (2007)
where they examined the patterns of soil moisture variability
across climate zones, and in our study for a small, experimen-
tal basin (Attert-catchment, Bischof et al. 2026), where several
co-located sensors exhibit their greatest divergence in this tran-
sitional moisture range. In that setting, the variability arises
from local heterogeneity, such as small differences in infiltra-
tion pathways, root-zone structure, or micro-topography (Zehe
and Bloschl 2004; Zehe et al. 2005), leading to different soil

moisture responses under the same meteorological forcings. In
contrast, the CONUS-scale model has access to only a single
measurement at each location, with no representation of sub-
grid variability, yet it produces uncertainty patterns that follow
a similar moisture-dependent structure. This suggests that the
intermediate moisture regime is associated with hydrological
characteristics that are persistent across environments that re-
main detectable even after aggregation to much coarser scales.
From a scaling perspective, this similarity between local sensor-
derived variability and large-scale learned uncertainty indicates
that some aspects of soil moisture dynamics may be more ro-
bust across scales than the detailed small-scale mechanisms
themselves. Although the model cannot resolve the physical
heterogeneity that drives variability at the point scale, it cap-
tures a moisture-dependent uncertainty structure that is con-
sistent with expectations and aligns with behaviours observed
in catchment studies. In this sense, the result aligns with the
perspective outlined by Bloschl and Sivapalan (1995), who noted
that some hydrological behaviours attenuate strongly with scale
while others retain a recognizable imprint even after upscal-
ing. The similarity between local sensor divergence and large-
scale modelled uncertainty does not imply that the underlying
fine-scale mechanisms are resolved; rather, it suggests that the
intermediate-moisture regime is one of those patterns whose ag-
gregated signal persists. This partial consistency across scales
highlights how probabilistic, data-driven models may capture
certain robust features of soil-moisture variability despite the
absence of explicit information about small-scale processes.

The distribution of regimes in soil moisture intervals revealed a
tendency that drier conditions contain a larger share of complex
states, especially complex-uncertain. In these cases, the model
represents multiple separated mixture components with inter-
nal disagreement, indicating that multiple different pathways
might be plausible. This pattern is similar to the characteristics
of the local-control regime by Grayson et al. (1997), in which low
moisture, weak hydrological connectivity, and strong local-scale
variability lead to divergent drying and wetting behaviour. As
soil moisture increases, the balance shifts toward a dominance
of simple-uncertain states. Here, the mixture collapses to a sin-
gle dominant component with higher entropy but lower JS di-
vergence, implying that the model has less structural ambiguity.
Such behaviour aligns with Grayson's non-local control regime,
where wetter soils and greater connectivity generate more co-
herent, landscape-scale moisture responses.

6 | Conclusion

This study demonstrates that probabilistic deep learning can
provide a meaningful representation of soil moisture dy-
namics and variability across continental scales, even when
operating under the severe constraints imposed by sparse,
heterogeneous in situ observations and the absence of site-
specific calibration. The Gaussian Mixture LSTM captures
temporal behaviour and relative wetting-drying dynamics at
ungauged locations, while exhibiting systematic biases in ab-
solute volumetric water content, particularly at greater depths.
These biases reflect missing structural information, such as
porosity and rooting characteristics, rather than deficiencies
in the probabilistic formulation.
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Analysis of predictive uncertainty reveals that uncertainty
is spatially structured and linked to physiographic and soil-
textural controls. Measures of dispersion and distributional
complexity indicate higher variability and multimodality at in-
termediate soil moisture levels, consistent with findings from
plot- and catchment-scale studies. This suggests that some
moisture-dependent patterns persist across scales, even when
fine-scale heterogeneity is not explicitly resolved.

Overall, the results indicate that probabilistic deep learning can
provide physically interpretable uncertainty information and
highlight scale-robust features of soil moisture variability, while
also clarifying the limits of ungauged prediction imposed by
missing local structural controls.
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Appendix A

Detailed Description of Different Input Variables

TABLE A1 | Summary table of the used ERA5-Land dynamic variables including general information and units.

Name

Supporting information

Units

2-m temperature

Potential evaporation
Surface pressure

Runoff

Total precipitation
Surface net solar radiation

Soil temperature

Forecast albedo

Air temperature 2m above surface
Total water evaporation, including transpiration
Atmospheric pressure at surface level
Sum of surface and subsurface runoff
Accumulated rainfall and snowfall
Solar radiation reaching the Earth's surface

Soil temperature in four different soil layers (0-7cm, 7-28 cm, 28-100cm, and
100-289 cm) of the ECMWF Integrated Forecasting System.

Reflectivity of Earth's surface

K
m (water equivalent)
Pa
m
m
Jm~2

K

Dimensionless (0-1)

Volumetric water content Volume of water in four different soil layers (0-7cm, 7-28 cm, 28-100cm, and m3m3
100-289 cm) of the ECMWF Integrated Forecasting System.
TABLE A2 | Summary table of the used NLDAS dynamic variables including general information and units.
Name Supplementary information Units
Albedo Surface albedo, the fraction of incoming shortwave radiation that is reflected by the Dimensionless (0-1)
land surface
Temperature 2-m, near-surface air-temperature K
Potential evapotranspiration The amount of water that would evaporate and transpire if sufficient moisture were kgm™2s7!
available. In NLDAS, PET is derived by either using the Penman-Monteith or Priestley-
Taylor methods
Surface pressure Surface air pressure at the land surface Pa
Precipitation The flux of liquid or frozen water reaching the surface m
TABLE A3 | Summary table of the used DayMet dynamic variables including general information and units.
Name Supplementary information Units
Shortwave radiation Daily average shortwave radiation at the surface, representing incoming solar energy W/m?
Max temperature Daily maximum 2-m air temperature K
Min temperature Daily minimum 2-m air temperature K
Vapour pressure Daily average vapour pressure near the surface, derived from station humidity records Pa
Precipitation Daily total precipitation, including both rainfall and snowfall, interpolated from station mm/day
observations
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TABLE A4 | Summary table of the used Hydro ATLAS static attributes including general information and units.

Name Supplementary information Units
Climate zones The Global Environmental Stratification (GEnS) is a statistically derived global class
bioclimate classification, aggregated into 18 environmental zones (Metzger et al. 2013)
Elevation EarthEnv-DEM90 digital elevation model that provides elevation values for a pixel m
resolution of 3 arc-seconds (approximately 90 m at the equator) (Robinson et al. 2014)
Slope degree EarthEnv-DEM90 digital elevation model that provides elevation values for a pixel degree
resolution of 3 arc-seconds (approximately 90 m at the equator) (Robinson et al. 2014).
Slope values were computed at 3 arc-second resolution based on Horn's method, with
latitudinal corrections for the distortion in the XY spacing of geographic coordinates by
approximating the geodesic distance between cells.
Clay fraction SoilGridslkm contains spatial predictions for a selection of soil properties (at six Dimensionless (0-1)

Silt fraction

Sand fraction

standard depths) including sand, silt and clay fractions as well as soil organic carbon
stocks (Hengl et al. 2014)

SoilGridslkm contains spatial predictions for a selection of soil properties (at six
standard depths) including sand, silt and clay fractions as well as soil organic carbon
stocks (Hengl et al. 2014)

SoilGridslkm contains spatial predictions for a selection of soil properties (at six
standard depths) including sand, silt and clay fractions as well as soil organic carbon
stocks (Hengl et al. 2014)

Dimensionless (0-1)

Dimensionless (0-1)

Land cover GLC2000 (Global Land Cover in the year 2000) database that distinguishes 22 land class
cover classes (Bartholomé and Belward 2005)
Potential natural vegetation EarthStat database including a global map of natural vegetation classified into 15 class
vegetation types (Ramankutty and Foley 1999)
Lithological class Global Lithological Map (GLiM) database was assembled from geological maps with class
a target resolution of 1:1 million and ideally with a national extent or larger, ranging
from 1965 to 2012, and translated into lithological information with the help of regional
literature (Hartmann and Moosdorf 2012)
Appendix B
Selected Hyperparameters
TABLE B1 | Summary of hyperparameters.
Hyperparameter Value(s)
Sequence length 180
Number of layers 2
Hidden size 128
Batch size 64
Number of epochs 10
Dropout 0.3
Learning rate 0.0005
Number of mixtures 3
Noise 0.05
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Appendix C
PIT Diagrams and Skill Retention Ration (CRPS/RMSE)
Probability Integral Transform

The probability integral transform (PIT) evaluates how well the predictive distribution aligns with the observed outcomes by mapping each observa-
tion to its prediction-based percentile. For a predictive cumulative distribution function F, and observation y,, the PIT value is defined asu, = F, (y, )
If the predicted distributions are correctly calibrated, these PIT values follow a uniform distribution on [0,1]. A PIT diagram visualizes the empirical
distribution of the u, values and provides an insight: deviations from uniformity reveal systematic biases or misrepresentation of uncertainty, such as
underdispersion, overdispersion, or skewness in the predicted distributions.

CRPS—RMSE Ratio and LOWESS Trend

The CRPS-RMSE ratio provides a simple way to relate probabilistic to deterministic performance by comparing the CRPS and RMSE scores. Since
CRPS reduces RMSE for a deterministic forecast, their ratio offers an interpretable measure of how much “skill” is retained when moving from
point predictions to full predictive distributions. A ratio close to one indicates that the probabilistic forecast offers limited improvement over a de-
terministic counterpart, while lower values reflect gains achieved through well-calibrated and sharp uncertainty information. The LOWESS curve
is a non-parametric method that fits a smooth curve to a scatterplot of data, revealing underlying trends without assuming specific data structure.

Skill Retention Ratio vs RMSE

1.4
Sites
= | OWESS trend
1:9: —== CRPS = RMSE baseline

¢ Bin medians

Skill Retention Ratio (CRPS / RMSE)

0.2

o8 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

RMSE per Site

FIGURE C1 | CRPS—RMSE ratio and LOWESS trend for the model predictions across all folds.
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Appendix D

Relationships Between Static Attributes and Uncertainties

a)1 . Silt fraction (%) b)1 o Slope (°) c)1 o Predicted Soil Moisture (m3 m-3)
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FIGURE D1 | Panels (A-C) show the relationships between mixture dispersion (H,

mix:

O Low entropy

O High entropy

/A High JS divergence

), distributional complexity (JS divergence), and different

environmental attributes. Panels (D-F) depict example distributions for three different parts of the plot (i.e., low entropy, high entropy, and high JS

divergence). The figure summarizes predictions for a chosen date (15 January 2019) for all grid cells within the CONUS.
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