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ABSTRACT

Soil moisture is a key variable for a range of hydrological and ecological processes, yet capturing its small-scale
variability and preferential flow phenomena remains challenging. Recent advancements in deep learning have
demonstrated potential in predicting hydrological variables, but conventional data-driven models often struggle
to represent small-scale variability effectively. In this study, we integrate Long-Short Term Memory (LSTMs)
networks and Gaussian Mixture Models (GMMs) to simulate soil moisture dynamics while explicitly quantifying
its associated variability. Unlike deterministic approaches, our probabilistic framework accounts for nonlinear
relationships between inputs and outputs while modeling the inherent small-scale variability in soil moisture. We
apply this methodology to a comprehensive in-situ soil moisture dataset from the Attert experimental basin,
where the experimental design incorporates three replicated soil moisture profiles at each location and depth
within a 5-meter radius. These replications are fundamental to our probabilistic framework: they provide direct,
co-located observations of the natural spread in soil moisture under identical boundary conditions, allowing the
model to learn the statistical structure of small-scale variability. This design enables disentangling sensor noise
from genuine spatial heterogeneity and provides an empirical basis for training models that capture both tem-
poral dynamics and local-scale variability.. Our results demonstrate that the proposed model reproduces soil
moisture dynamics across multiple depths and scales, achieving an average Kling-Gupta Efficiency (KGE) of 0.52,
Rank Correlation of 0.72, and Root Mean Squared Error of 0.036 m®m 3, while also capturing the key aspects of
small-scale variability and sensor uncertainty. Furthermore, the modeled distributions offer new insights into the
spatiotemporal structure of soil moisture and underscore the value of probabilistic modeling in hydrological
approaches. By explicitly incorporating small-scale variability into the modeling process, our approach enhances
both the interpretability and reliability of soil moisture predictions. While LSTMs effectively capture temporal
dynamics, our findings underscore the necessity of incorporating variability quantification to improve model
accuracy and generalization. This study highlights the potential of probabilistic deep learning frameworks in
hydrological modeling and supports their broader application for improved soil moisture estimation and vari-
ability assessment.

1. Introduction

regulates the partitioning of net radiation into sensible and latent heat,
thereby controlling land-atmosphere interactions. It affects microbio-

Soil moisture is a key state variable of wide-ranging importance. It
influences groundwater recharge, infiltration, overland flow, and water
supply to terrestrial biomass, thereby shaping global food security and
agricultural sustainability (Zehe et al., 2010; Bronstert et al., 2012;
Tietjen et al., 2009, 2010; Kaur et al., 2020). Furthermore, soil moisture
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logical activities crucial for carbon cycling and contaminant trans-
formation (Koehler et al., 2010; Kohne et al., 2006), and plays an
important role in formation of flood runoff, erosion and the emergence
of preferential flow and transport (Zehe et al., 2005; Grayson and
Western, 1998). Although process-based hydrological and land-surface
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models that rely on numerical solutions of the Darcy-Richards equation
are commonly used to simulate soil moisture dynamics and their un-
derlying controls, these models can struggle to adequately represent
ubiquitous preferential flow phenomena (Beven and Germann, 1982).In
the light of the recent success of Deep Learning (DL) in hydrology, we
thus explore the potential of DL models as an alternative here.

In a broader context, the use of statistical learning methods to
characterize soil moisture dynamics in space and time is of course not
new. Several studies have relied on the use of geo-statistical methods to
simulate soil moisture behavior (Bardossy and Lehmann, 1998; Western
et al., 2003; Brocca et al., 2010; Zehe et al., 2010; Malicke et al., 2020;
Herbst and Diekkruger, 2003). DL models, particularly Long Short-Term
Memory (LSTM) networks, have recently emerged as one of the leading
modeling approaches in hydrology due to their ability to capture com-
plex temporal dependencies in hydrological data. LSTMs have been
successfully applied to predict the dynamical evolution of hydrological
variables such as streamflow (Kratzert et al., 2019), groundwater levels
(Wunsch et al., 2021), and sap flow (Loritz et al., 2024) across different
spatial and temporal scales. Other studies have explored the develop-
ment of DL models, such as LSTMs and transformers, to predict soil
moisture dynamics. Those studies have addressed various aspects of soil
moisture modeling, including a general assessment of the predictive
capabilities of different DL approaches (Wang et al., 2024), predictions
of soil moisture dynamics at larger spatial scales (Liu et al., 2022), across
different soil depths (Karthikeyan et al., 2021), and over extended time
periods (Datta et al., 2023). However, all these studies have applied DL
in a deterministic manner, predicting a single, fixed value rather than
explicitly accounting for uncertainty and variability inherent in soil
moisture measurements. This deterministic approach can be problem-
atic, particularly when training models on in-situ soil moisture obser-
vations, as it fails to capture the multiscale variability and measurement
uncertainties present in such data.

Predicting soil moisture dynamics in both space and time is chal-
lenging due to the inherent uncertainties in in-situ measurements and
the multiscale spatial variability of soil moisture (Brocca et al., 2010;
Robinson et al., 2008). To accurately capture these, it is essential to
explicitly incorporate them into the modeling approaches. Factors such
as sensor type, soil heterogeneity, land-management practices and
installation practices can introduce variability and potential errors.
While in-situ methods can provide relatively accurate point measure-
ments, with a measurement accuracy of about 0.02 m® m~3 (Robinson
et al., 2008; see also Jackisch et al., 2020), they sample only a small
volume of soil, typically just a few cubic centimeters or decimeters. Due
to this limited support volume and the small-scale variability of soil
texture and related soil water retention properties, Time-Domain
Reflectometry (TDR) measurements might exhibit enormous spreading
at small scales. Measurements can exhibit offsets in their temporal mean
of up to 0.2 m® m~3, even if they are located at separating distances of
only a few meters (Zehe et al., 2010). Needless to mention that such
small-scale differences are not explainable given the spatial resolution of
data characterizing relevant physiographic differences (e.g. land use,
soil type, etc.), even when working in comprehensively instrumented
research catchments like the Attert experimental basin (Pfister et al.,
2017), which is our study area. Despite this challenge, in-situ mea-
surements are among the only sensors capable of measuring soil mois-
ture at deeper depths (Demand et al., 2019) and essentially provide the
uncertain ground-truth for training remote sensing products (Bronstert
et al., 2012) and therefore remain indispensable. Soil moisture sensors in
different depths, can furthermore provide important information about
preferential flow phenomena. This manifests as a “non-sequential”
event, where deeper sensors show a quicker response to rainfall than
shallower ones, as shown by Demand et al. (2019) for the Attert
experimental watershed.

Addressing the challenge of multiscale soil moisture variability re-
quires suitable datasets in combination with probabilistic modeling
approaches that can account for this form of variability, which is posing
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great challenges for model training and validation. Sensor readings often
differ in ways that seem arbitrary and not fully explained by available
data (e.g., precipitation, land use, elevation; Hosseini et al., 2015). As a
result, a model might encounter identical input features but be con-
fronted with largely different target values. These variabilities are not
random; rather, they reflect the small-scale variability of e.g. soil
texture, land use and micro-topography, which largely control soil water
retention and thus soil moisture dynamics.

In the present study we analyze an in-situ soil moisture dataset from
the Attert experimental basin. The experimental design, which clusters
three soil moisture profiles, provides an ideal framework for examining
the multiscale variability of soil moisture across three distinct geological
and pedological settings. To effectively deal with the corresponding
variability during model training, we propose using Gaussian Mixture
Models combined with LSTMs (GMMs; Bishop, 1994; Klotz et al., 2022).
This combination (hereafter referred to as the ‘model’) is capable of
estimating probability distributions while accounting for autocorre-
lated, nonlinear interactions between inputs and outputs. By training on
in-situ soil moisture observations, our model aims to generalize soil
moisture dynamics across spatial and temporal scales, and depths. Un-
like models that predict a single, deterministic value, the proposed
representation generates weighted probabilistic distributions as outputs,
which is a promising way to capture small-scale soil moisture variability
at the plot scale. Our study aims to answer the following questions:

1. How effectively can GMMs predict in-situ soil moisture dynamics
across different spatial and temporal scales and soil depths?

2. To what extent can these models capture and quantify measurement
variabilities and uncertainties inherent in in-situ soil moisture
observations?

3. Does the GMMs provide new insights about the nature of soil mois-
ture variability and dynamics and, if so, how can this be explained?

2. Material and methods
2.1. Attert catchment — a unique, natural laboratory

The soil moisture data employed in this study is derived from hourly
observations within the Attert experimental watershed, located in
western Luxembourg and Belgium (Fig. la; Pfister et al., 2017).
Geologically, the catchment comprises three primary formations:
Devonian slates of the Ardennes massif in the northwest, Triassic sandy
marls in the central region, and a small segment of Luxembourg sand-
stone along the southern border (Martinez-Carreras et al., 2012). The
geological contrasts are closely reflected in differences in soil formation,
topography, and land use patterns, which in turn shape distinct hydro-
logical behaviors (Jackisch et al., 2017). In the schist-dominated up-
lands, steep forested slopes and shallow, stony Cambisols with limited
storage capacity promote rapid runoff generation during rainfall events,
while agricultural fields and pastures are confined to the flatter plateaus.
The marl region, by contrast, is characterized by gentler slopes, silty to
clay-rich soils with low permeability, and a predominance of pasture
and crop cultivation, leading to slower infiltration rates and a greater
propensity for surface runoff. The sandstone area in the south, though
spatially limited, supports well-developed sandy Cambisols and exten-
sive beech forests; its highly permeable substrate facilitates rapid ver-
tical infiltration and deep percolation, sustaining baseflow during dry
periods. These sharp contrasts in geology, soils, and land cover give rise
to markedly different runoff generation mechanisms, storage capacities,
and seasonal flow regimes across the basin. Coupled with its dense
sensor network and high-resolution hydro-meteorological monitoring,
the Attert watershed serves as a unique natural laboratory for investi-
gating how lithology, land use, and climate interact to control soil
moisture dynamics and streamflow responses at multiple spatial and
temporal scales.
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Soil moisture timeseries for 3 separate cluster sensors - location Sa_L
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Fig. 1. The Attert experimental basin and the underlying variability of soil moisture measurements: a) the Attert experimental basin and measurement locations (S —
schist, Sa — sandstone, and M — marl); b) representation of cluster measurement allocation (one measurement location consist of 3 randomly allocated sensors within
a 5-meter radius circle; each measuring soil moisture at three different depths; ¢) underlying soil moisture variability of three sensor measurements belonging to

location Sa_L at 10 cm.

2.1.1. In-situ soil moisture measurements in the attert basin

In-situ soil moisture measurements were taken from spatially
dispersed point measurements arranged in “so-called” clusters (Fig. 1b;
see also Zehe et al., 2014). These sensor clusters are strategically posi-
tioned across hillslopes, encompassing the upper, middle, and lower
sectors along the expected flow trajectory in all three geologies of the
Attert basin. At each of the 43 cluster locations, soil moisture dynamics
are measured at three locations and at three depths of 10, 30, and 50 cm,
totaling nine sensors per cluster. The sensor profiles are randomly
allocated within a circle of approximately 5-meter radius (Fig. 1b).
Assuming that the differences between measurements from sensors
within the same cluster offers a reliable indication of existing small-scale
variability at a specific location, this arrangement provided valuable
insights into small-scale variability. In total, soil moisture time series
from 43 distinct measurement locations at different depths were
collected using a sum of 387 (43 locations — 3 depths — 3 sensors) soil
moisture sensors between the years 2012 and 2017. All time series un-
derwent initial quality control procedures prior to analysis, including
the removal of physically implausible values, elimination of duplicated
timesteps, and exclusion of data from malfunctioning sensors. These
steps ensured that only physically consistent and reliable observations
were retained. We only used data from places where all sensor readings
(i.e., A, B, and C) were available for the same timestep in order to
maintain consistency and facilitate fair model comparison. It is impor-
tant to note that not all sensors provided data for the entire observation

period. Some recorded data for only a few months up to the entire period
due to maintenance requirements and occasional technical issues,
resulting in varying data availability across the dataset (see section 2.3).
In addition, the different geological formations were represented by
varying amounts of available data, reflecting both the logistical chal-
lenges and the practical realities of long-term field monitoring. While
this uneven coverage means that some regions contribute more obser-
vations than others, it also provides an opportunity to assess model
performance under a broad range of data densities and environmental
conditions, thereby offering a richer basis for evaluating the robustness
and transferability of our approach.

2.1.2. Characterizing small-scale variability in soil moisture

The sensor measurements described in Section 2.1.1, generally
exhibit strong alignment across most cluster locations, as indicated by
high correlations (> 0.9) between the readings (Loritz et al. 2017).
However, in certain instances, notable biases are observed (at some lo-
cations exceeding 20 % Vol; Fig. 1c). These differences stem partly from
the limited accuracy of the sensors and partly from the pronounced
multiscale variability of soil moisture (Malicke et al., 2020). Such
variability arises because time-domain reflectometry (TDR) probes
measure over small support volumes, typically much smaller than the
representative elementary volume of soil water storage in heteroge-
neous soils (Famiglietti et al., 2008). As a result, distributed TDR mea-
surements can exhibit a spread of up to 0.23 m® m 3, even with areas as
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small as 20 x 20 km? (Zehe et al., 2010), and variability at the 5-10 m
scale can be as large as across an entire 20 km? catchment (Mélicke
et al., 2020). This reflects both small-scale heterogeneity in soil texture,
vegetation cover, and microtopography, as well as large-scale differ-
ences in soil and vegetation characteristics and meteorological forcing.
Microtopographic features, such as slopes and depressions, affect local
water redistribution and drainage; variations in soil texture influence
water retention and permeability; and vegetation cover alters moisture
dynamics via root water uptake and evapotranspiration. In addition to
these spatial effects, soil moisture exhibits strong temporal variability
driven by precipitation events, evapotranspiration, and longer-term
climatic fluctuations. The magnitude and persistence of these changes
can differ between locations due to differences in storage capacity or
infiltration rates further increasing the challenge of capturing soil
moisture dynamics and variability.

Importantly, while individual point measurements may not be
representative of spatially averaged storage, distributed observations
are often rank stable at both small and large scales, meaning they can
capture temporal changes in relative soil moisture well despite large
differences in absolute values (Malicke et al., 2020). Since this vari-
ability results from a superposition of factors — many of which are un-
measured in our dataset — models that can learn and represent such
variations and associated uncertainties are essential for accurate soil
moisture predictions. In this study, we use the term small-scale vari-
ability to refer to spatial variations in soil moisture occurring over
distances from a few meters up to tens of meters, typically within a
single hillslope or field, and driven by fine-scale differences in soil,
vegetation, and microtopography. Small-scale spatial variability arises
from heterogeneities in soil texture, vegetation cover, and micro-
topography, which influence infiltration, retention, and redistribution.
Small-scale temporal variability refers to short-term fluctuations (hours
to days) at a given location, often linked to localized precipitation,
evaporation pulses, or lateral water movement at the plot or hillslope
scale. Both forms of variability overlay larger-scale spatial gradients (e.
g., soil and vegetation types across catchments) and longer-term tem-
poral changes (e.g., seasonal or multi-year trends).

2.1.3. Input variables for the LSTM

We considered four dynamic features, at an hourly resolution,
comprising meteorological variables available in the database: air
temperature (°C), precipitation (mm/h), and discharge (m3/s). Air
temperature was measured at site-level, while discharge measurements
were used from locations in the proximity of soil moisture sensors (CAOS
(‘Catchments as Organized Systems’) dataset, Neuper and Ehret, 2019;
Kaplan et al., 2019; Luxembourg Institute of Science and Technology
(LIST), 2023). Potential evapotranspiration (PET) data (mm/h), esti-
mated using the Penman-Monteith equation (Pfister et al., 2017; Allen,
Pereira, Raes and Smith, 1998), was obtained from multiple meteoro-
logical locations within the catchment. The PET data corresponding to
the nearest meteorological station for each cluster site location was
identified and utilized. Precipitation data is based on radar measure-
ments across different location groups, encompassing a total of seven
pixels in the catchment (Neuper and Ehret, 2019; Administration des
services techniques de I’agriculture (ASTA), 2023).

For each soil moisture observation site, the distance to each mea-
surement location was calculated, allowing the nearest station data to be
selected and associated with that specific location. Furthermore, we
included static attributes such as soil type, land use, and elevation data
as input variables (European Environment Agency (EEA), 2020). To
differentiate between data from different depths an additional input
column was introduced: sensor depth (in cm), containing information
about the actual depth of the sensor. Table A1, Appendix A contains all
the relevant details about the implemented features, including infor-
mation on the benchmark model (see section 2.4.2).

Journal of Hydrology 664 (2026) 134364
2.2. DL model— Gaussian mixture long short-term memory

In the following sections we introduce the LSTM and GMM archi-
tecture and explain how we combine these two approaches.

2.2.1. Long short-term memory (LSTM)

LSTMs are a type of recurrent neural networks (RNNs) specifically
designed to address the vanishing and exploding gradient problems
commonly encountered in traditional RNNs (Hochreiter, 1998;
Hochreiter and Schmidhuber, 1997). This is achieved through the
introduction of a cell state, which enables the network to capture and
retain long-term dependencies, an essential feature when dealing with
environmental and sequential data. The memory cell is regulated by
“gates” that control the flow of information, allowing the network to
evolve its memory and outputs over time while ensuring that errors can
propagate consistently through the network, thus enhancing the
learning process. LSTMs have demonstrated their effectiveness in hy-
drological modeling and are recognized as high-performing models for
simulating various hydrological variables (e.g., Nearing et al. 2021).

2.2.2. Gaussian mixture models (GMM)

GMMs, introduced in the context of Mixture Density Networks
(MDNs) by Bishop (1994), combine a neural network with a Gaussian
mixture model to enable the generation of multiple outputs in response
to one or more inputs. This approach allows for the inclusion of confi-
dence intervals in regression tasks, which is crucial for accounting for
uncertainties, an essential aspect of hydrological modeling (Liu et al.,
2007), particularly for variables like soil moisture that exhibit signifi-
cant multiscale variability. In MDNs, the mixture model is a probabilistic
model constructed from a weighted sum of probability distributions.
Mathematically, for each input x; (representing each time step in our
regression problem), the model predicts a weighted probability density
function P(y;):

Pyifx) = Y m(x) N e (). 01 (x0)) e () )

In essence, we sum the total number K of mixture components (which
are Gaussians in our case), using the weight z;. The weights represent
the relative importance or contribution of each Gaussian distribution in
the mixture, and must sum to 1 (i.e., Zfﬂk(xt) = 1). The term N(y,,
Ui (x¢),0k(xc)) is the Gaussian probability density function, where pa-
rameters 4, and oy represent the mean and the variance of the individual
distributions.

In other words, unlike the typical use of LSTMs in hydrology, where a
single LSTM layer with a linear headlayer provides one deterministic
time-evolving prediction, the Gaussian Mixture-LSTM (GM-LSTM)
model outputs multiple parameters that define a time-evolving mixture
of Gaussian probability distributions (Fig. 2). Specifically for this study,
instead of producing a single point estimate of soil moisture, the model
outputs several time-evolving means and standard deviations for a set of
Gaussian distributions, along with their corresponding weighting fac-
tors. This approach allows the model to produce probabilistic outputs,
representing not just a single outcome but a distribution of possible
outcomes, a particularly valuable feature when dealing with heavily
variable, uncertain, or multimodal data.

2.3. Model hyperparameters and loss function

The general model setup presents an LSTM combined with a GMM as
a head-layer to model time-evolving probabilistic outputs in the context
of sequential data (see section 2.2.2). We tested several different
hyperparameter settings and found that the performance remained
relatively stable across a broad range of values. The hyperparameter
setting used for all model variants in this study are: number of hidden
layers = 1; hidden layer neurons = 64; learning rate = 0.0005; dropout
rate = 0.4; batch size = 128; sequence length = 128 hr; epochs = 10;
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Fig. 2. Illustration of a GMM combined with an LSTM architecture. The LSTM model processes sequential input data, which are then used to predict the probability

distribution p(x|y) as a mixture of Gaussian components.

iterative optimization algorithm = ADAM. We selected Gaussian dis-
tributions in the network based on the assumption that the variability in
our soil moisture data can be effectively represented by a Gaussian
mixture. The learning rate was adapted after each epoch starting from a
learning rate of 0.0005.

For loss function we employ the negative log-likelihood (NLL) which,
as noted in Klotz et al. (2022), differs from the standard loss functions
such as mean squared error (MSE) typically used in LSTM regression
tasks. This loss function measures how well the predicted mixture of
Gaussians aligns (in a probabilistic manner) with the target data.
Accordingly, it is designed to maximize the likelihood of the target
values y; given a mixture of Gaussian distributions with mixing co-
efficients 7(x,), mean u(x;), and standard deviations ¢(x;). Mathemati-
cally (2), the negative log-likelihood loss can be written as:

1 M K i i) (i i
NLLios (X, y0) = =705 log(y S 7 () N | (x). 0 (x0), - (@)

where M is the total number of sensor readings in the mini-batch (which
equals the number of timesteps across the mini-batch multiplied by the
number of sensors), K is the number of Gaussian components in the
mixture, 7;(x;) is the mixing coefficient for the j-th Gaussian component,

satisfying Zleﬂj(xt) =1 (enforced by a soft-max function). The sum
inside the logarithm represents the probability of observing the true

value ygi) under the predicted mixture model.
This equation encapsulates the concept of a probabilistic mixture

model: it expresses the likelihood of observing the target value yEi) asa
weighted sum of Gaussian distributions, each associated with a
weighting coefficient 7;(x;), summarizing to one, and characterized by
its own mean y;(x,) and standard deviation o;(x;). Taking the log-sum-
exp (log-sum of exponentials) of the weighted Gaussian probability
densities provides numerical stability and mitigates underflow issues,
especially when dealing with very small values in the probability den-
sities. In general, the loss is computed by calculating the log-likelihood
for each sensor independently, then averaging them across all samples in
the mini-batch. The negative sign is applied to convert the likelihood
into a loss to be minimized (since optimization typically involves
minimizing a cost function). Minimizing the loss maximizes the likeli-
hood of the observed data, encouraging the model to assign higher
probabilities to the correct target values.

In our case the models are designed to predict not just a single soil
moisture value but a probability distribution, both capturing the

expected value and the variability around it. To train such models
effectively, the loss function must evaluate the entire predictive distri-
bution and reward both the accurate central predictions and well-
calibrated, sharp variability estimates. The NLL does exactly this: it
measures how much probability the model assigns to the observed
value, penalizing predictions that are either biased or miscalibrated. It is
also a proper scoring rule, meaning that its expected value is minimized
when the predicted distribution matches the true one. This property
ensures that minimizing NLL leads the model to learn the correct dis-
tribution. By contrast, traditional losses such as mean squared error
(MSE) only optimize for the mean and provide no way to learn input-
dependent variances or multimodal distributions, both of which are
crucial for our approach.

2.4. Model experiments

We use two model configurations to evaluate the GM-LSTM’s per-
formance in predicting hourly soil moisture dynamics and replicating
observed variability at cluster sites. These setups are compared to a) a
statistical baseline model and b) ERA5-Land (Munoz-Sabater et al., 2021)
to assess performance and variability estimates against measurements.

2.4.1. Model configurations: Conditioned 1G-LSTM vs. Unconditioned 3G-
LSTM

We designed two LSTM model configurations (Table 1): one incor-
porating only a single Gaussian component (conditioned 1G-LSTM,
hereafter referred to as condLSTM) and the other employing a three-
Gaussian mixture (unconditioned 3G-LSTM, hereafter referred to as 3G-
LSTM). The first utilizes a single Gaussian distribution and, besides the
previously outlined input variables (section 2.1.3), incorporates an
additional feature representing the sensor ID (e.g., A, B, or C) at each
location via one-hot encoding. Formally:

P(yi|xi) = N(y:|uy(x:; i(ID)), ok (x;; i(ID))) 3

where i(ID) returns an encoding of the sensor ID. The condLSTM threads
each sensor as a separate prediction task. A given prediction is a con-
struction by conditioning on the given task. Hence, the model is global in
the sense that the same parameters are used for each task/sensor, which,
in theory, allows for learning the overall representation of the soil
moisture process.

The 3G-LSTM does not encode sensor ID information. Instead, this
model was designed to directly infer the relevant dynamics and
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Table 1
Summary of the two model configurations.

Journal of Hydrology 664 (2026) 134364

Model Sensor ID
information

Input variables

Hyperparameter setup Output

condLSTM  Used
DEM, soil type, land use

3G- LSTM Not
used DEM, soil type and soil texture, land use

Precipitation, evaporation, discharge, air temperature,

Precipitation, evaporation, discharge, air temperature,

Same (except number of
Gaussians = 1)
Same (except number of
Gaussians = 3)

single probabilistic distribution for each sensor
measurement

a mixture of three weighted probabilistic
distributions for each sensor measurement

variability solely from the three soil moisture measurements at each
cluster, without guidance from sensor-specific input. That is, the 3G-
LSTM learns a marginal distribution over all 3 sensors (while the model
condLSTM learns a conditionalized distribution for each sensor).

In theory, both modelling approaches should be able to learn the soil
moisture process with the same fidelity. In practice, it is however not
clear which approach is able to extract the most information from the
data. Comparing these two setups is useful for evaluating different
modeling strategies: the first setup provides explicit control and inter-
pretability by using information about sensor ID’s, while the second one
explores the model’s ability to learn these differences directly from the
data. This comparison helps identify the most effective approach for
capturing site-level soil moisture dynamics and understanding the un-
derlying variability.

2.4.2. Model evaluation and benchmarking

Due to discrepancies in the temporal lengths of available soil mois-
ture time series, the conventional practice of partitioning data (i.e.,
chronological) into training, selection, and evaluation subsets poses
difficulties. This creates a challenge where data from some measurement
locations are confined to either the training, selection, or evaluation
sets, but lack sufficient duration to span all subsets. Consequently, this
deficiency manifests as incomplete data coverage within the evaluation
subset, complicating the assessment of the developed model’s perfor-
mance regarding dynamics and variability as well. To circumvent this
issue, we follow the approach of Loritz et al. (2024) and partition soil
moisture time-series from all available locations into segments of uni-
form time duration of 2160 h (90 days). These segments are then
randomly distributed across training and evaluation subsets (in a 60
%-40 % ratio) prior to each model initialization. To ensure uniform
representation within each subset, and to assess the model’s stability
across different time segments during training, a unique random seed is
used for each segmentation and changed before each model initializa-
tion. This strategy ensures that training consistently occurs with distinct,
randomly chosen time segments.

To make our model results better comparable with the literature we
evaluated the performance of the different model setups based on the
Kling-Gupta Efficiency (KGE; Gupta et al., 2009), the Spearman’s Rank
Correlation, and the Mean Squared Error (MSE). Using these metrics for
model evaluation allows us to assess both the accuracy of the model and
its ability to preserve temporal dynamics and rank order, particularly
when dealing with non-linear and variable soil moisture data. As rec-
ommended by Maier et al. (2023) during evaluation we bootstrap by
repeatedly drawing random subsets (80 %) of the evaluation data with
replacement and calculate the KGE and rank correlation on each subset
for 50 iterations. This approach provides more reliable estimates of
model accuracy and generalization, especially with sparse or heavily
variable data like soil moisture. The models were evaluated by
comparing the average soil moisture content at a cluster site per depth
against the weighted average of the predicted distribution. For the
condLSTM model it is straightforward to compare the model’s pre-
dictions with actual sensor observations. However, this is not the case
for the 3G-LSTM model. Therefore, to ensure a fair model comparison
and gain a general understanding of how well the model captures the
dynamics, we assessed its performance by comparing the average of the
three sensor measurements with the average of the model predictions

across all three sensors (i.e., weighted means of simulated mixture
distributions).

We benchmark our model against a statistical baseline model and
against the ERA5-Land land surface model (Munoz-Sabater et al., 2021).
For the statistical baseline model, we computed the spatially averaged
soil moisture for each timestep and location within the same geological
formation group (e.g., schist, marl, and sandstone) using the data from
the training subset. This provides the average annual cycles of soil
moisture, which is the null model recommended by Schaefli and Gupta
(2007) for data with strong seasonality. Furthermore, we compared our
model with the volumetric water content estimated by the ERA5-Land
model. The model provides volumetric water content estimations for
four depth ranges: 0-7 cm, 7-28 cm, 28-100 cm, and 100-289 cm. For
our analysis, we excluded the deepest layer and compared the first three
layers with our three corresponding depths of 10, 30, and 50 cm. Despite
its relatively coarse 9x9 km resolution (which limits the ability to reflect
fine-scale variations in areas with heterogeneous soil types), it has been
shown that ERA5-Land effectively captures the general trends and sea-
sonal patterns in soil moisture (Lees et al., 2022; Manoj et al., 2024).
This makes comparisons with the product useful as it provides a reliable
reference for assessing our model’s performance in representing the
overall dynamics of soil moisture across different locations.

2.4.3. Capturing small scale variabilities of in-situ soil moisture
measurements

To compare the observed variability with variability learned by the
models we calculated the former among sensor readings at each time-
step, depth, and cluster site, using data only when all three sensors were
active. To account for measurement uncertainties, random noise with a
standard deviation of 0.02 m®/m® was added to each sensor measure-
ment (Robinson et al., 2008; Jackisch et al., 2020). Variability at a
cluster site was then quantified as the difference between the 80th and
20th percentiles of the combined sensor distribution. We selected the
percentiles to focus on the central part of the data, excluding extreme
values in the top and bottom percentages. To evaluate the variability
replicated by the condLSTM model for each cluster site, we treated the
predictions from the three sensors as distributions with equal weights.
For the 3G-LSTM, the components were aggregated according to their
respective weights, resulting in a single, weighted Gaussian mixture
distribution for each cluster location and depth. The resulting distribu-
tions for both cases were then aggregated into a single probability dis-
tribution representing the cluster site itself. Similar to the observations
we calculated the predicted variability by subtracting the 20th percen-
tile from the 80th percentile of these aggregated distributions.

To achieve a more comprehensive representation, we then grouped
the measured and predicted cluster site variabilities according to their
geological location and depths. Additional to the visual inspection in
Fig. 4, to quantify how effectively the small-scale variability at an in-
dividual cluster location is captured by the two model setups we utilize
the Wasserstein distance (Villani, 2003), the Continuous Rank Proba-
bility Score (CRPS) (Gneiting and Raftery, 2007) and the log-likelihood
(Bishop, 2006). Also known as the Earth Mover’s Distance, the
Wasserstein-distance metric from optimal transport theory measures the
distance between two probability distributions. It captures both the
magnitude and structure of discrepancies between distributions, making
it particularly useful for comparing modeled and observed variability in



B. Bischof et al.

soil moisture. Specifically, it quantifies the minimum “cost or work”
needed to transform one distribution into another by shifting probability
mass. The CRPS is a strictly proper scoring rule that evaluates the ac-
curacy of probabilistic predictions by comparing the cumulative distri-
bution function (CDF) of the forecast to the observed value. CRPS
generalizes the Mean Absolute Error (MAE) to probabilistic forecasts,
offering a measure of sharpness and calibration. Lower CRPS values
indicate better probabilistic performance. The log-likelihood quantifies
how well a model represents observed data by evaluating the probability
of measurements under its predicted variability. To ensure compara-
bility across different depths and geologies of varying lengths, we use
log-likelihood per timestep. This prevents biases due to differing time
series lengths (and differing amount of locations per geology). The
computed log-likelihood ratio directly compares the models, with a
positive value indicating superior performance of the condLSTM, while a
negative value suggests better performance of the 3G-LSTM.

Additionally, for both model configurations, we constructed an
aggregated probability density function (PDF) by combining the
Gaussian components, each weighted by its corresponding mixture co-
efficient, effectively representing the model’s predicted distribution. To
compare this predicted PDF with the empirical distribution of observed
soil moisture, we used a kernel density estimate (KDE) to approximate
the observed data’s histogram. We then plotted the aggregated PDF
alongside the observed KDE, enabling a visual assessment of how well
the model’s probabilistic predictions align with the actual soil moisture
data distribution.

3. Results
3.1. Model performances

The performance metrics for the two DL-based models and the two
baseline models are shown in Table 2. The results indicate that:

1) The cond and 3G-LSTMs perform similarly, as measured by KGE and
rank correlation, in predicting average soil moisture at the different
cluster sites. Since both DL models are trained directly on local soil
moisture readings they outperform or match the ERA5-Land and the
statistical baseline models on average.

2) While the average performance of the cond and 3G-LSTMs match
closely, some differences become apparent when analyzing specific
geologies and depths. For instance, the condLSTM outperforms the
3G-LSTM in the schist geologies, while the 3G-LSTM performs better
in marl geologies.

Table 2
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3) Overall, KGE values tend to decline with increasing depth, particu-
larly in sandstone and marl formations, while rank correlation values
generally increase. This contrast could arise because, although the
dynamics in deeper soil layers are easier to predict as they are much
smoother and often represent long-term seasonal patterns (hence
higher rank correlation), the absolute values may deviate more due
to potentially reduced sensitivity to surface-level influences at some
sites (Demand et al., 2019).

Both LSTM models consistently achieve higher KGE values across
nearly all locations compared to ERA5-Land, highlighting a significant
bias in the latter (also see Fig. C1, Appendix C). This bias is problematic,
as plant water stress and soil moisture droughts depend on absolute soil
water content rather than its statistical distribution. Soil water retention
is primarily governed by capillary forces, which intensify as moisture
levels decrease and as soil texture becomes finer. Consequently, plant
roots must overcome increasing capillary suction to extract water, with
uptake stopping entirely at the permanent wilting point.

While ERA5-Land exhibits slightly higher rank correlations in some
locations, this metric alone is insufficient for assessing hydrological and
agricultural relevance, as it does not capture magnitude-dependent
processes. The elevated rank correlations can be attributed to mea-
surement characteristics in regions dominated by sandstone or deeper
marl formations, where soil moisture variability is naturally low, often
appearing as near-linear time series. Additionally, ERA5-Land’s esti-
mates are inherently smoother due to the aggregation and interpolation
of meteorological and hydrological variables over broad spatial and
temporal scales. This smoothness can lead to an artificial alignment with
low-variability measurements, inflating rank correlation values. How-
ever, despite these slightly higher rank correlations, both LSTM models
outperform ERA5-Land in KGE (Table 2) and RMSE (Table F1, Appendix
F). This indicates that while ERA5-Land may align with low-variability
measurement profiles in certain geologies, the LSTM models more
effectively capture soil moisture dynamics and variability, making them
better suited for hydrological and agricultural applications.

The model performance, as measured by the KGE, appears to be
highest in schist, followed by sandstone and lowest in marls. This can be
well explained by the distinct soil moisture dynamics associated with
these geological formations. In clay-rich marls, low permeability and
high water retention lead to slower infiltration, producing relatively
stable soil moisture levels during winter but pronounced drying and
autumn recharge. Additionally, TDR measurements in clay-rich soils like
marls tend to be more error-prone than in other soils, which more likely
introduces uncertainty in the observed data. In contrast, schist and

Performance of the two DL models (cond and 3G-LSTMs) and the two baseline models (ERA5-Land and statistical baseline) measured by the KGE and Rank Correlation

against the average soil moisture at a given geology and depth.

Location KGE(1 is good, 0 is poor)

Rank Correlation(1 is good, 0 is poor)

cond 3G- ERA5 Statistical baseline cond 3G- ERAS5 Statistical baseline
LSTM LSTM —Land LSTM LSTM —Land
Total average 0.511 0.516 0.406 0.208 0.704 0.721 0.757 0.461
Marls 0.282 0.547 0.352 0.203 0.649 0.661 0.623 0.407
— 10 cm
Marls 0.578 0.573 0.452 0.198 0.702 0.740 0.731 0.324
—30cm
Marls 0.300 0.472 0.612 0.137 0.716 0.709 0.762 0.416
— 50 cm
Schist 0.640 0.572 0.413 0.083 0.722 0.706 0.713 0.436
—10cm
Schist 0.719 0.655 0.326 0.169 0.723 0.737 0.759 0.457
—30cm
Schist 0.605 0.515 0.223 0.253 0.735 0.760 0.736 0.512
— 50 cm
Sandstone — 10 cm 0.552 0.545 0.560 0.316 0.713 0.766 0.840 0.478
Sandstone — 30 cm 0.522 0.499 0.343 0.289 0.730 0.718 0.866 0.554
Sandstone — 50 cm 0.404 0.267 0.366 0.221 0.650 0.721 0.785 0.566
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sandstone exhibit much more dynamic soil moisture responses at the
event scale, with faster fluctuations in response to precipitation and
evapotranspiration. Schist geologies have moderate permeability,
allowing the models to capture both surface and subsurface signals,
resulting in consistently good performance. Sandstone, with its high
permeability and rapid drainage, shows strong responsiveness in
shallow layers to precipitation, but deeper layers are harder to predict
because of fast vertical fluxes. Furthermore, the overall lower KGEs in
the deeper depths can be partly caused by the chosen input features,
which primarily represent the meteorological boundary conditions at a
cluster site. Deeper soil layers in these geologies are likely influenced by
subsurface processes that are not fully accounted for by surface meteo-
rological inputs.

3.2. Characterizing soil moisture variability across depths and geologies

To evaluate the representation of underlying soil moisture vari-
ability, we compared the aggregate distributions of mixtures (combining
the predicted distributions) for the cond and the 3G-LSTMs with the total
data distribution of actual soil moisture observations. The results show
that both models align with the actual spread and shape of the soil
moisture observations (Fig. D1, Appendix D). However, while this
general comparison confirms that both models capture the overall dis-
tribution of the data well, the differences between the two setups in this
aggregated view are negligible.

To better understand this, we examined the heteroscedasticity (i.e.,
state dependent variance) in both the measurements and the model
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outputs. As described in section 2.4.3, we compared the differences
between measurements taken from the same cluster site (i.e., measure-
ments of different sensors) with the variability estimates produced by
the two models. To enable a broader and more general comparison while
still accounting for site-specific variations, we aggregated these distri-
butions in Fig. 3. within each individual geological formation (e.g.,
schist) and depth (e.g., 10 cm) separately. This allowed us to examine
potential performance and variability differences in relation to different
geological contexts and soil moisture measurement depths.

Fig. 3 shows comparisons between the distributions of measurement
differences and the outputs from both models. It also displays the dis-
tributions of actual soil moisture values, predicted values, and associ-
ated uncertainties. This visualization highlights how both models
successfully capture variability, effectively representing the overall
spread and variability distribution of the data.

1) The visual inspection of the 3G-LSTM indicates a slightly better
alignment with observed measurements in terms of distribution.

2) In contrast, the condLSTM produces wider variability estimates,
potentially overestimating the variability in soil moisture
measurements.

These are underpinned by the Wasserstein distances and CRPS scores
between the distributions, with the 3G-LSTM showing a small
improvement (around 18 %) in accuracy considering the Wasserstein-
distance values, and having a slightly better accuracy based on the
CRPS scores (Table 3). The condLSTM leverages specific information
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Table 3
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Performance of the two DL models (cond and 3G-LSTMs) representing site-level soil moisture variability. The table shows the Wasserstein-distance (low values indicate
good fit), the Continuous Rank Probability Score (CRPS, low values indicate good fit), and the average log-likelihood (high values indicate good fit) calculations for
both models. Interpretation of ‘good’ and ‘poor’ values for the metrics (Wasserstein-distance and CRPS) can be found in Fig. B/1., Appendix B. The table showing all the

values for different depths and geologies can be found in Table F2, Appendix F.

Location CRPS Wasserstein-distance Log-likelihood
condLSTM 3G- condLSTM 3G- cond LSTM 3G- Ratio
LSTM LSTM LSTM
Total average 0.029 0.028 0.022 0.018 1.326 1.371 —0.042
Marlaverage 0.027 0.025 0.033 0.025 1.454 1.555 —0.091
Schistaverage 0.040 0.039 0.016 0.018 0.778 0.722 0.057
Sandstone average 0.021 0.019 0.017 0.011 1.746 1.837 —0.091

about sensor IDs, which one might expect to provide an advantage in
representing the inherent variability of the data. The 3G-LSTM model
exhibits slightly higher log-likelihood values than the condLSTM, with
differences mostly ranging from 0.04 to 0.09. These small differences
suggest both models achieve similar accuracy in capturing site-level soil
moisture variability. However, as demonstrated in the plots of Fig. 3, the
3G-LSTM achieves a similar or even better representation without any
explicit knowledge of sensor-specific information. This capability
highlights the model’s strength in incorporating variability through its
design, which means learning three distinct inputs corresponding to the
same output (i.e., three different sensor measurements belonging to the
same cluster site). This is accomplished without relying on additional
data about the differences in between the sensor measurements. Instead,
the 3G-LSTM implicitly identifies and integrates these differences
through its training process, showing its robustness and adaptability in
handling complex datasets with large variability, such as soil moisture.

Date: 2013-05-20

Furthermore, the performance with respect to the variability varies
when examining different geological formations and depths. Generally,
the models perform better in deeper soil layers (Table F2, Appendix F),
likely due to reduced noise and more stable soil moisture dynamics at
greater depths, as opposed to the more variable and transient conditions
near the surface. However, this trend is not uniform across all geologies.

1) For sandstone, variability remains relatively consistent across
different depths. This can be explained by the fact soil properties do
not change significantly with increasing depth in this geology.

2) In contrast, both schist and marls show a decrease in variability as
depth increases.

These differences highlight the importance of considering geology-

specific behavior when evaluating model performance across varying
depths. Their performance in accurately reflecting site-specific changes
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Fig. 4. Example time series plot of a sandstone location at 10 cm depth. The plot shows randomly drawn samples from the measurement distribution (combined
distribution of the three sensor measurements from a single site — scattered blue points) and the weighted distribution of the condLSTM (left) and 3G-LSTM (right).
The upper two distribution plots show two randomly selected timesteps and the corresponding distribution of soil moisture measurements (blue line), condLSTM
predictions (solid orange line), and 3G-LSTM predictions (dotted orange line). Additional figures for different geologies and depths can be found in Appendix C.



B. Bischof et al.

is influenced by the unique characteristics of each geological formation.
The ability of the 3G-LSTM to capture variability at individual sites is
demonstrated in Fig. E1, Appendix E, highlighting its effectiveness not
only at a broader scale but also at the site level.

The previous visualizations and metrics provided a comprehensive
evaluation of overall model performance and the extent to which both
models capture variability at a broader and local scale. While the vari-
ability belts (as described in section 2.4.3.) effectively represent general
performance, they do not account for potential differences in probability
density distributions within the constructed belt. To address this limi-
tation, we introduce a more granular assessment and visualization of the
predicted variability. Specifically, we generated random samples from
the combined distribution of the measurements, incorporating a stan-
dard deviation of 0.02 m® m~2 for each sensor individually (measure-
ment uncertainty; Robinson et al., 2008; see also Jackisch et al., 2020),
and compared these samples with the probability density estimates
derived from the predicted mixture distributions for each timestep
(Fig. 4). The figure demonstrates that, for both models, the estimated
probability densities closely align with the distribution of the mea-
surement data, indicating that the models effectively capture both the
spread and associated probabilities. Furthermore, the upper two distri-
bution plots reveal that the distributions at randomly selected timesteps
exhibit a similar shape, suggesting that the models not only capture the
overall variability across aggregated geologies (Fig. 3) and locations
(Fig. E1, Appendix E) but also maintain consistency on the timestep
level.

3.3. Seasonal dynamics of multimodal soil moisture predictions

We next explored the temporal evolution of the distributional char-
acteristics of our models to assess whether changes in the statistical
distributions of model outputs could be associated with varying soil
moisture states and environmental conditions. We investigated whether
the probability of multimodal soil moisture state occurrence exhibits
seasonal trends.

As illustrated in Fig. 5, the modeled distributions — focusing on the
outputs of the 3G-LSTM due to its slightly higher accuracy in replicating
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observed soil moisture variability and to ensure clearer visualization —
demonstrate seasonal dependency. Multimodality is more frequently
observed during winter months compared to the late summer period
(August-September). This seasonal pattern aligns with the increased
discharge measurements and a higher frequency of rainy days during
winter, which we hypothesize to be driven by enhanced variability in
hydrological and meteorological forcings, such as snowmelt, precipita-
tion events, and elevated groundwater levels. These factors contribute to
a greater complexity in hydrological responses, leading to the emer-
gence of multimodal distributions as the model captures multiple
possible outcomes under similar conditions. Conversely, during late
summer, the reduced frequency of rainy days and lower discharge rates
indicate more stable hydrological conditions, which are reflected in a
predominantly unimodal soil moisture pattern.

This relationship between multimodality, discharge dynamics, and
precipitation frequency highlights the sensitivity of the models to
environmental variability. Notably, multimodal predictions emerge as
an indicator of periods with heightened variability and complexity in
hydrological responses, reflecting the models’ ability to represent
alternative flow pathways under varying conditions. This interpretation
aligns with the study on sequential and non-sequential soil moisture
responses of Demand et al. (2019), where non-sequential responses —
often indicative of preferential flow bypassing the upper soil layers —
were observed more frequently under certain seasonal and moisture
conditions. The presence of both sequential and non-sequential re-
sponses within a cluster site may provide a physical explanation for the
observed multimodality, further highlighting the role of heterogeneous
infiltration dynamics and preferential flow pathways in shaping soil
moisture distributions. Importantly, Demand et al. (2019) observed a
distinct seasonal pattern in the percentage of the total 135 TDR profiles,
with peaks occurring in summer and early fall and the lowest values
during the wet season. This pattern is essentially the inverse of the
seasonal trend in multimodality depicted in Fig. 5.

4. Discussion

In the following we discuss our findings regarding the three research
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questions stated at the end of the introduction.

4.1. Dynamical accuracy — how effectively can GMMs coupled with
LSTM:s predict in-situ soil moisture dynamics across different spatial and
temporal scales and soil depths?

This study finds that the two developed models are capable of
matching or outperforming the selected benchmark models while also
delivering accurately replicated estimates of variability. Analysis of the
performance with respect to dynamics shows that the model is able to
track the dynamical changes, while also accounting for the correlations
and representing the absolute values of soil moisture conditions better
than the benchmarks.

As mentioned in Sec. 1., several studies have investigated the
application of DL for soil moisture modeling (Wang et al., 2024; Liu
et al., 2022; Karthikeyan and Mishra, 2021; Datta and Faroughi, 2023).
Specifically, Liu et al. (2022) reported an average root mean square
error of 0.034 m® m~ across all modeled sites, which aligns closely with
our findings of an average error of 0.033 m® m~2 for the condLSTM and
0.036 m® m? for the 3G-LSTM (calculated mean squared error (MSE)
and root mean squared error (RMSE) values can be found in Table F1,
Appendix F). Karthikeyan and Mishra (2021) achieved RMSE values in
the range of approximately 0.04 m® m~3, further supporting the con-
sistency of these results across studies. Specifically, their models re-
ported RMSE values of 0.034 m® m 2 at a depth of 10 cm, 0.030 m® m~3
at 20 cm, and 0.032 m® m™2 at 50 cm. Overall, these results both
demonstrate a similar magnitude of error and reveal a consistent trend
across varying soil depths, highlighting the robustness of the modeling
approaches across different scenarios and conditions. Building on their
work we integrate GMMs to ensure the model effectively captures soil
moisture dynamics, allowing for a more accurate assessment of its
ability to replicate fine-scale variations — the core focus of our research.

Our results show that our models outperform the ERA5-Land
benchmark when assessed using KGE. However, when comparing rank
correlation values, the results are more nuanced — in some instances the
ERA5-Land achieves higher rank correlation scores. This suggests that
while our models perform reasonably well in representing variability
and matching key statistical properties of the data (as represented by the
KGE), the ability to preserve the relative ordering of data points (as
represented by rank correlation) is comparable between our models and
ERA5-Land, with no dominance in either direction. Higher rank corre-
lation values for ERA5-Land in certain sandstone and deeper marl areas
might stem from the minimal variability in soil moisture measurements,
which often appear as flatter time series. Its smoother estimates, due to
broad-scale aggregation and interpolation, align better with these low-
variability conditions, leading to higher rank correlation values.
Another potential explanation for why ERA5-Land, despite being a
coarse-resolution product, achieves comparable or occasionally superior
performance lies in the differences of model structure and input data.
First, ERA5-Land incorporates a significantly larger number of input
variables (compared to our models), which allows it to leverage a
broader range of physical and environmental factors, potentially
enhancing its ability to capture certain dynamics. Second, the ERA5-
Land model is constrained by physical boundaries, including porosity
(upper bounds) and the permanent wilting point (lower bounds), which
restricts the range of possible outcomes. However, Zehe et al. (2019)
reported observed values that fall below the permanent wilting point,
using the same dataset (i.e., data from the Attert experimental basin).
Hence, it might in actuality be possible for our models to learn and
preserve such information. Since our evaluation of rank correlation is
based on site-level averages, the metric becomes sensitive to such out-
liers, potentially leading to a decrease in the performance of our models
relative to ERA5-Land. However, while achieving reasonably strong rank
correlation values is important, our model provides a significant
advantage over ERA5-Land: it effectively learns the distribution and
variability of the data. Unlike ERA5-Land, which focuses primarily on
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reproducing absolute values, our model emphasizes reproducing the
actual spread of the data. This characteristic is critical for a wide range
of applications, particularly those that depend on understanding vari-
ability and extremes rather than just average conditions.

On top of that, the performance of our models varies with different
geological conditions and depths. The condLSTM performs well in schist
geologies, while the 3G-LSTM performs better in marl formations.
Minimal differences are observed in sandstone, potentially due to its
uniform soil moisture distribution, where soil moisture ranges are more
evenly spread. KGE values tend to decline with depth, likely reflecting
reduced sensitivity to surface meteorological inputs, while rank corre-
lation tends to increase, suggesting that deeper trends are easier to
predict despite deviations in absolute values. Interestingly, this depth-
related drop in predictive performance (shown in Table 2) does not
occur in the schist region. Previous work in the same experimental
catchment (Demand et al., 2019; Jackisch et al., 2017) has demonstrated
the significance of macropore flow and bypass mechanisms in schist
geology, mechanisms that can preserve meteorological signals deeper in
the soil profile. Thus, the upper boundary conditions may have a more
pronounced and sustained impact on deeper soil moisture in schist,
explaining why deeper layers there remain better correlated with sur-
face forcing data. However, for the marl and sandstone regions, the
decline in model performance at greater depths highlights the limita-
tions of simplistic digital filtering techniques (Albergel et al., 2008) that
attempt to infer deeper soil moisture conditions from surface-based
measurements (e.g., satellite-derived moisture estimates). Such
methods, which often assume a uniform vertical propagation of signals
through the soil profile, may fail to capture the complex interplay of
subsurface processes, geological heterogeneities, and preferential flow
pathways, which lead to non-sequential responses. Consequently, such
approaches may not reliably substitute more robust, process-based
models or localized observations when estimating deeper soil moisture
conditions, especially in areas characterized by complex subsurface
processes, geological heterogeneities, and preferential flow pathways.

4.2. Small-scale variability — how accurately can GMMS replicate and
interpret inherent soil moisture variability?

This study set out to push the boundaries of scale by focusing on
replicating variability at the local level. Using a dataset with a unique
measurement setup, we were able to introduce three time series for the
same locations (within a 5-meter radius circle) and depths, allowing the
model to train on these localized variations. By doing so, we addressed a
key challenge in soil moisture modeling: representing small-scale vari-
ability next to dynamical outputs. This allowed the models to effectively
capture variations across different geologies and depths (aggregated
cluster sites) (Fig. 3), as well as at the site level (Fig. E1, Appendix E) and
individual timesteps (Fig. 4).The models not only predict soil moisture
dynamics but also provide insights into the potential range of changes
within a 5-meter radius area, as well as for different geological sub-
groups. This dual capability — understanding both expected behavior
and variability — is important for variability quantification and risk
assessment. Our results reveal that soil moisture variability shows
distinct behavior across different moisture states, suggesting that vari-
ability is not uniform but rather dependent on prevailing soil moisture
conditions (Western et al., 1998). Under drier conditions, particularly
when soil moisture is at or below 0.2 m® m™3, spatial variability is
generally low (Fig. 4). A likely explanation for this is that during sum-
mer, transpiration and root water uptake predominantly control soil
water dynamics, and root water extraction is known to smooth out soil
moisture spatially (Malicke et al., 2020; Hildebrandt et al., 2016). As a
result, drier soils tend to exhibit lower spatial variability.

In contrast, variability peaks in winter at around 0.3—0.35m> m ™3,
where soil is close to the threshold at which macropore flow might
emerge (Zehe et al., 2005). During these conditions, some sites might
already be operating in preferential flow mode, while others remain
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dominated by matrix flow. This transition phase, where both flow
mechanisms coexist, leads to maximum variability, aligning with pre-
vious findings of Zehe and Bloschl, (2004). However, similar peaks in
variability are also evident in reanalysis products such as ERA5-Land (Li
et al., 2020), which do not explicitly represent macropore processes. In-
situ analyses of non-sequential sensor reactions (Graham and Lin, 2011)
nevertheless confirm that preferential flow does occur in the field, with
up to 25 % of the events at forested sites showing such signatures
(Demand et al., 2019). The coexistence of sequential and non-sequential
responses, and their seasonal modulation, thus provides a plausible
explanation for the observed peaks in variability. As soil moisture ap-
proaches saturation, variability tends to decline, either because most
sites operate under similar high-conductivity conditions allowing rapid
percolation to depth, or because additional inputs cause only small
relative changes in storage. Ryu and Famiglietti (2005) examined
satellite-derived probability density functions of surface soil moisture at
the footprint scale, and found similar soil moisture behavior — variability
generally peaked in the midrange of mean soil moisture content and
decreased toward the wetter and drier ends. They suggested that higher
variability in the midrange is attributed to the multimodality of the soil
moisture PDFs, which supposedly results from fractional precipitation
within the footprint scale-fields.

We implemented two distinct modeling approaches: the condLSTM,
which utilizes a single Gaussian distribution conditioned on the sensor
ID information, and the 3G-LSTM, which applies a mixture of three
Gaussians without any additional sensor identifiers. In terms of overall
predictive performance, both models show similar skill, with no statis-
tically significant difference in their dynamical accuracy, training time,
model complexity, or computational requirements. When analyzing
performance across different depths and geologies, minor differences
emerge: The condLSTM demonstrates superior performance in schist
geologies, whereas the 3G-LSTM performs slightly better in marl for-
mations. Considering the models’ ability to replicate the variability of
soil moisture, the 3G-LSTM provides slightly improved accuracy, sug-
gesting that incorporating multiple Gaussian components enhances the
representation of local-scale heterogeneity. To improve prediction ac-
curacy across diverse geological settings, several strategies might be
pursued: (1) employing an ensemble of the two models to combine their
respective strengths, (2) fine-tuning model parameters using local
training data to better capture site-specific interactions, and (3) incor-
porating geology-sensitive static features (e.g., permeability or porosity)
into the input space to help the models adapt to different formations.
Despite these variations, the observed differences remain rather small,
indicating that either model is suitable for most applications.

A practical distinction lies in the type of information required: the
condLSTM explicitly leverages site-specific identifiers, whereas the 3G-
LSTM achieves comparable results without them, instead learning
spatial and temporal patterns directly from the data. Our primary aim in
comparing these models was not to determine which performs better,
but to assess whether such explicit information is necessary. The results
indicate that the model can successfully infer this information from the
data without manual input.

4.3. Multimodality and seasonal dependency of soil moisture variability

We found that our data-driven approach is able to uncover structures
and relationships within the system, providing deeper insights into its
dynamics than would be possible by training a deterministic model. We
investigated the evolution of the distributional characteristics of our
models over time in order to assess whether variations in the output
distributions could be associated with changes in soil moisture states
and environmental conditions. Fig. 5 illustrates the monthly variations
in the likelihood of multimodality occurrence throughout the year,
along with the similarity of these occurrences to discharge patterns and
number of rainy days. During winter months the effect of precipitation,
snowmelt and temperature changes can result in complicated soil
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moisture patterns. Apparently, this complexity cannot be properly
described with unimodal outputs, causing the model to represent the
predictions as a mixture of modes that reflect different plausible states of
the soil moisture system. A possible reason for this is the dynamic nature
of environmental conditions. Factors such as precipitation, evaporation,
plant water uptake, and seasonal changes can influence soil moisture
levels, making them more variable at certain times, which increases
variability. The investigation by Albano et al. (2024) of how seasonality
influences the performance of microwave satellite soil moisture prod-
ucts found that, under wetter conditions, soil moisture distributions
exhibit more variability due to the increased water presence across all
investigated eco-regions. Western et al. (2003) demonstrated through
geo-statistical analysis that the spatial structure of soil moisture changes
significantly between dry and wet conditions. Specifically, the nugget-
to-sill ratios and the variogram ranges, which describe the degree of
spatial variability and the scale of spatial correlation, show distinct
differences when transitioning from dry to wet states. The analysis of
temporal persistence of soil moisture patterns by Malicke et al. (2020),
revealed that distinct patterns persist in the wet and dry seasons, while
soil water contents in the latter are spatially much more uniform
compared to the wet season. All of those results are in line with our
findings that months with increased water input result in highly variable
soil moisture, with an enlarged probability of multimodality occurrence.
However, during months like August and September, precipitation is
lower, discharge decreases, and soil moisture dynamics are more sta-
bilized so that the system tends to be more predictable, allowing our
model to produce outputs with a smaller spread that reflect a single,
dominant state. While the model effectively captures multimodal dis-
tributions, which may be physically explained, its relatively high ca-
pacity — 64 LSTM cell states — raises questions about which input factors
contribute to the observed multimodality. A more interpretable frame-
work would involve complexity control mechanisms to constrain the
network’s degrees of freedom. Potential approaches include regularizing
the LSTM cell-state activations to encourage sparsity, progressively
reducing hidden layer dimension until performance degrades, or intro-
ducing a bottleneck layer to project the hidden states onto a lower-
dimensional space, facilitating insight into the drivers of multi-
modality (De la Fuente et al., 2023). While these strategies could
improve interpretability by limiting model complexity and refining the
explanation of multimodal behavior, they fall beyond the scope of this
study and remain promising directions of future research.

4.4. Model limitations and future outlook

Accurate modeling of in-situ soil moisture dynamics remains com-
plex due to several factors. The spatial variability of soil moisture can
make it difficult for models to generalize across different scales and
capture localized processes that influence moisture retention and
movement. Additionally, the performance of soil moisture models de-
pends on the quality and reliability of observational data. Issues such as
calibration errors with soil moisture sensors, sensor-to-sensor vari-
ability, and sensitivity to soil properties can lead to measurement errors
and biases, potentially degrading model performance (Jackisch et al.,
2020). The availability of high-quality, high-resolution soil moisture
data is crucial for training and evaluating DL models, but such data are
often limited, particularly in remote or under-monitored regions. Data
gaps, inconsistencies, and errors can complicate the training process,
making it challenging for the model to generalize across various envi-
ronments and conditions. In our case the aforementioned issues
occurred in multiple ways. Many time series belonging to different site
locations had contained gaps of various sizes, caused by sensor main-
tenance or changes. To tackle this issue, we applied temporal segmen-
tation of the data (to avoid having data from a specific location only in
training or evaluation subset), but due to the frequency of these gaps,
this approach did not provide us a perfect solution, resulting in a few
locations where either the evaluation or the training data is partly or
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completely absent.

In addition, as mentioned in Section 2.1, and due to the previously
described issue, geological formations with differing characteristics
often had uneven data availability, with some locations providing more
reliable data than others. This disparity makes it difficult to conduct a
fair and consistent performance comparison across all locations. The
imbalance in data availability can potentially introduce bias into the
model evaluation, as areas with more abundant or higher-quality data
may yield better predictions, while regions with sparse or inconsistent
data might appear to underperform. Nevertheless, we assume that the
model setup and structure presented here should be applicable to re-
gions and catchments with similar hydrological, geological and meteo-
rological conditions. Accordingly, these models may not perform as
effectively if these conditions differ. To overcome this limitation, a
critical step towards developing a more generalized model will be to
ensure it can provide accurate predictions for ‘unseen’ locations. Krat-
zert et al. (2019) showed that LSTMs trained on large, diverse datasets
from different regions (in their study, used to predict runoff in river
basins) can perform well even at ungauged locations. Further, their
models outperformed traditional benchmark models that were cali-
brated locally. We therefore anticipate that training the models on an
expanded dataset, such as the International Soil Moisture Network
(ISMN), would enhance its generalizability and robustness across
diverse conditions. Incorporating extensive soil moisture observations
would enable the model to better capture a broader range of spatial and
temporal variability, improving its applicability to larger-scale drought
monitoring and forecasting. This approach aligns with efforts like the
UFZ Drought Monitor (near real-time, high-resolution drought assess-
ments for Germany) (Zink et al., 2016), but goes further by integrating
local-scale soil moisture variability in a more nuanced manner. By
bridging larger-scale drought assessment with local-scale variability,
this extension should advance the accuracy and utility of such moni-
toring and early-warning systems.

Future work could include comparisons with the results of process-
based hydrological models to further contextualize the performance of
the proposed approach. Our current use of ERA5-Land as a benchmark
already partially addresses this, as the products embed physical re-
lationships through the 1D Darcy-Richards equation. Nonetheless, direct
comparison with physically based models that are locally trained and set
up, or integration within hybrid frameworks such as physics-informed
neural networks (PINNs), could provide deeper insights and
strengthen the link between data-driven predictions and hydrological
process understanding.

5. Summary and conclusions
In this study, we developed and evaluated two different GMM setups
to capture the dynamics and variability of soil moisture in the Attert

experimental basin. Leveraging a unique dataset of nine sensor mea-
surements belonging to the same site — three sensors at three depths

Appendix A. . Input data
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within the same cluster — we modeled variability on different scales on
43 locations with 387 sensors. The use of GMMs allowed us to represent
soil moisture as a distribution rather than a single estimate, making it a
feasible approach that aligns with the variability inherent in soil mois-
ture data. We demonstrated that our models effectively capture both the
temporal dynamics and spatial variability of soil moisture across
different cluster site locations, geologies, and depths. Our evaluation of
ERA5-Land reanalysis data showed that while ERA5-Land performs
remarkably well in capturing rank and non-exceedance probabilities, it
exhibits a strong bias — a particularly critical issue in the context of
increasing global drying trends. The found multimodality in predictions
reflects the models’ sensitivity to variability, serving as an indicator of
heightened hydrological complexity and alternative flow pathways. This
aligns with the findings of Demand et al. (2019), where non-sequential
soil moisture responses — linked to preferential flow bypassing upper
layers — were more frequent under specific seasonal and moisture con-
ditions. The coexistence of sequential and non-sequential responses
within a cluster site suggests that heterogeneous infiltration and pref-
erential flow play a key role in shaping soil moisture distributions.
Moving forward, the development of soil moisture reanalysis data using
deep learning and the ISMN holds potential to improve the accuracy and
representation of soil moisture dynamics and variability. By integrating
such models with large-scale, high-resolution observational datasets,
future research can increase soil moisture simulation accuracy, better
quantify variability, and refine our understanding of the underlying
hydrological processes.
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Table Al
Summary table of the used input and target variables including general information, source and resolution.
Name Source Resolution Supplementary information Units
Elevation Luxembourg Institute of Science and 5x5 meter DEM of the Attert basin. LIDAR scan, provided in EPSG:2169 with m
Technology cm precision.
Soil type Origine Service de pedologie 100 x 100 m Pedological GIS data. The map is a spatial combination of the best Class

(Administration des services techniques

13

available data merged from the sources. Here 6 classes were

(continued on next page)
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Table A1 (continued)

Journal of Hydrology 664 (2026) 134364

Name Source Resolution Supplementary information Units
de I’agriculture); Service Public de employed, namely: silty soils, gravelly soils, sandy-loamy soils,
Wallonie loamy-sandy soils, clayes soils, and peat soils.
Land use European Environmental Agency (EEA) 500 x 500 m CORINE Land Cover dataset, including satellite observations from Class
2011 to 2012. Here 6 classes were employed. namely complex
cultivation patterns, pastures, broad-leaved forests, mixed forests,
agricultural land, and coniferous forests.
Volumetric water ERA5-Land 0.1° x 0.1°; hourly Volume of water in four different soil layers (0-7 cm, 7-28 cm, m®m~3
content 28-100 cm, and 100-289 cm) of the ECMWF Integrated Forecasting
System.
Precipitation CAOS project dataset; ASTA Pixel; nearest pixel to site Rainfall radar data for the Attert-catchment; nearest pixel to site mm/h
(Administration des services techniques location; hourly location
de I’agriculture, Luxembourg)
Potential CAOS project dataset 11 stations; nearest Evaporation data estimated with the Penman-Monteith equation mm/h
evapotranspiration station to site location; across 11 meteorological measurement stations
hourly
Air temperature CAOS project dataset Site-level measurements; Site-level hourly air temperature measurements (43 cluster-site K
hourly locations — Attert-catchment)
Discharge Luxembourg Institute of Science and Closest location to cluster Hourly discharge measurements within 4 catchments m®?
Technology site; hourly
Soil moisture CAOS project dataset 43 cluster. site locations; Soil observations from cluster stations in the Attert basin, 43 m®m~3

hourly

locations — each location consist of three sensor measurements and

three depths

Appendix B. . Variability metrics: Wasserstein-distance and Continuous rank probability Score

Wasserstein-distance:
The Wasserstein-distance quantifies the cost of transforming one probability distribution into another. For two probability distributions P and Q,
the first order Wasserstein-distance is defined as:

Wi(P,Q) =in 7er(P.Q) /

where I'(P, Q) represents the set of all joint distributions with marginals P and Q.

Continuous Rank

x—y'dy(xvy)

Probability Score (CRPS).

The CRPS assesses the accuracy of the probabilistic forecast by comparing the cumulative distribution function (CDF) of a forecasted distribution
F(x) to the observed value xo. It is defined as:

00

CRPS(F, xo) — /

—o

(F(x) — 1(x > x0))*dx

where 1(-) is the Heaviside step function. The CRPS generalizes the Mean Absolute Error (MAE) to probabilistic forecasts, producing sharp and well-

calibrated predictions.

Log-likelihood and log-likelihood ratio

The log-likelihood at each timestep t for a model with predicted variability 6; and observed variability x; is:

logL, = 7% {log(Zzwf)

2
. (% 2/4)
Gt

where u is the expected mean of the distribution. The average log-likelihood per timesteps over N timesteps is:

1 N
logL, = NZ[— lloth

For two models (model 1 — condLSTM; model 2 — 3G-LSTM), the log likelihood ratio per timestep is:

AloglL = logL, —LogL,

where AlogL > 0 favors the condLSTM, and AlogL < 0 favors the 3G-LSTM.

14
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What are the metrics telling us: example for ‘good’ and ‘poor’ values.

Perfect Match
WD=0.00, CRPS=0.50

== Distribution 1
== Distribution 2

Average Match
WD=1.99, CRPS=0.79

= Distribution 1
== Distribution 2

-2 0 2 4 6 B 10

Good Match
WD=0.25, CRPS=0.51

= Distribution 1
== Distribution 2

Bad Match
WD=4.95, CRPS=0.99

= Distribution 1
== Distribution 2

-2 0 2 4

Score
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Comparison of Wasserstein Distance and CRPS Scores

5 —e— Wasserstein Distance

—&— CRPS Score

0

Perfect Match

Good ]Watch
Match Type

Average Match

Bad Match

Fig. B1. Randomly generated distributions to showcase a perfect, a good, an average, and a bad match. The calculated values of the corresponding Wasserstein-
distance and CRPS scores provide a guideline to assess performance accuracy and quality.

Appendix C. . Example time series comparison

Soil Moisture (m3/m?)

2014-07

2014-09

Location Sa_F - 10 cm

2014-11 201
Date

5-01

I Variability belt

— ERAS-Land

= = Mean of Samples (3G-LSTM)
Measurements sensor A

—— Measurements sensor B

—— Measurements sensor C

2015-03

2015-05

2015-07

Fig. C1. Example time series plot of the calculated 80-20th percentile variability belt of the 3G-LSTM (grey shaded area), the mean of predictions (dashed black line),
the three sensor observations belonging to the same cluster site (yellow, green, and blue lines), and the corresponding ERA5-Land volumetric water content
simulation. The plot shows an example of a sandstone location at 10 c¢m, aiming to visualize the existing bias in between ERA5-Land and observations.
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Fig. C2. Two additional example time series plots of schist location at 30 cm depth (upper plot), and sandstone location 50 cm depth (bottom plot). The plot shows
randomly drawn samples from the measurement distribution (combined distribution of the three sensor measurements from a single site — scattered blue points) and
the weighted distribution of the condLSTM (left) and 3G-LSTM (right). The upper two distribution plots show two randomly selected timesteps and the corresponding
distribution of soil moisture measurements (blue line), condLSTM predictions (solid orange line), and 3G-LSTM predictions (dotted orange line).
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Appendix D. . Aggregated distribution of model mixture outputs and data measurements

Comparison of Soil Moisture Measurement Distribution and Aggregated Mixtures

10
= = Aggregated Gaussian mixtures for all timesteps (single-Gaussian LSTM)
- = Aggregated Gaussian mixtures for all timesteps (three-Gaussian LSTM)
[ Soil Moisture Observations
8
6
Z
7]
<
[
=]
4
2
0
0.0 0.2 0.4 0.6 0.8 1.0

Soil Moisture (m3/m3)

Fig. D1. Comparison of the aggregated mixture distributions of the developed models with the actual soil moisture data distribution.
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Appendix E. . Cluster-site level variability of soil moisture
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Fig. E1. Site-level variability comparison for example sites from all geologies and depths between the aggregated mixtures of the 3G-LSTM and the distribution of

observational data sensor measurements.
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Appendix F. . Complete tables for the used evaluation metrics

Table F1
MSE and RMSE values of the developed GM-LSTM models and ERA5-Land for each geology and depth.
Location MSE RMSE
cond 3G- ERA5 cond 3G- ERA5
LSTM LSTM —Land LSTM LSTM —Land
Total average 0.0011 0.0013 0.0120 0.0334 0.0364 0.1097
Total average 10 cm 0.0017 0.0017 0.0103 0.0410 0.0414 0.0958
Total average 30 cm 0.0008 0.0011 0.0125 0.0278 0.0332 0.1058
Total average 50 cm 0.0009 0.0011 0.0134 0.0282 0.0332 0.1067
Marls 0.0020 0.0020 0.0051 0.0438 0.0441 0.0704
—10cm
Marls 0.0011 0.0015 0.0033 0.0330 0.0378 0.0577
—30cm
Marls 0.0017 0.0019 0.0033 0.0412 0.0435 0.0574
— 50 cm
Schist 0.0015 0.0016 0.0204 0.0387 0.0396 0.1429
—10cm
Schist 0.0006 0.0012 0.0201 0.0239 0.0340 0.1416
— 30 cm
Schist 0.0003 0.0007 0.0272 0.0181 0.0265 0.1650
— 50 cm
Sandstone — 10 cm 0.0017 0.0017 0.0055 0.0405 0.0407 0.0742
Sandstone — 30 cm 0.0007 0.0008 0.0140 0.0263 0.0278 0.1181
Sandstone — 50 cm 0.0007 0.0008 0.0095 0.0254 0.0364 0.0977
Table F2
CRPS and Wasserstein-values for the developed models including all depths and geologies.
Location CRPS Wasserstein- Log-likelihood
distance
condLSTM 3G-LSTM condLSTM 3G-LSTM condLSTM 3G-LSTM Ratio
Total average 0.029 0.028 0.022 0.018 1.326 1.371 —0.042
Marls 0.028 0.026 0.046 0.040 1.403 1.478 —0.075
— 10 cm
Marls 0.022 0.020 0.027 0.017 1.641 1.788 —0.148
—30cm
Marls 0.031 0.029 0.024 0.017 1.318 1.399 —0.051
— 50 cm
Schist 0.052 0.052 0.029 0.025 0.181 0.262 —0.081
— 10 cm
Schist 0.043 0.041 0.012 0.014 0.479 0.255 0.224
—30cm
Schist 0.024 0.023 0.006 0.015 1.675 1.648 0.026
— 50 cm
Sandstone 0.026 0.025 0.024 0.018 1.516 1.603 —0.088
— 10 cm
Sandstone 0.019 0.018 0.014 0.008 1.786 1.899 -0.113
—30cm
Sandstone 0.016 0.015 0.012 0.007 1.937 2.009 —0.072
— 50 cm
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Appendix G. . Figures of sensor measurement difference distributions and those of both model outputs

Mean Soil Moisture Distributions
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Fig. G1. Geology level variability comparison for the remaining geology-depth combinations between the mixtures of both models and the distribution of obser-

vational data sensor measurements.
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