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ABSTRACT

While measured streamflow is commonly used for hydrological model evaluation and calibration, an increasing amount of
data on additional hydrological variables is available. These data have the potential to improve process consistency in hydro-
logical modeling and consequently for predictions under change, as well as in data-scarce or ungauged regions. Here, we show
how these hydrological data beyond streamflow are currently used for model evaluation and calibration. We consider storage
and flux variables, namely snow, soil moisture, groundwater level, terrestrial water storage, evapotranspiration, and altimetric
water level. We aim at summarizing the state-of-the-art and providing guidance for the use of additional hydrological variables
for model evaluation and calibration. Based on a review of the current literature, we summarize observation methods and un-
certainties of currently available data sets, challenges regarding their implementation, and benefits for model consistency. The
focus is on catchment modeling studies with study areas ranging from a few km? to ~500,000km?. We discuss challenges for
implementing alternative variables that are related to differences in the spatio-temporal resolution of observations and models,
as well as to variable-specific features, for example, discrepancy between observed and simulated variables. We further discuss
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advancements required to deal with uncertainties of the hydrological data and to integrate multiple, potentially inconsistent
datasets. The increased model consistency and improvement shown by most reviewed studies regarding the additional variables
often come at the cost of a slight decrease in streamflow model performance.

1 | Introduction

Catchment hydrological models serve as important tools for re-
search and for water management, where they are applied for
water resources planning, climate change impact assessments,
flood warning, or drought risk assessments. The evaluation and
calibration of these models mostly rely on measured stream-
flow data (Beven 2011). However, numerous studies have now
shown that good model performance for streamflow does not
necessarily translate into reliable simulations of hydrological
storages or fluxes beyond streamflow (e.g., Bouaziz et al. 2021;
Duethmann et al. 2014; Mei et al. 2023; Pool et al. 2024; Rajib
et al. 2016; Rakovec et al. 2016; Wu et al. 2023). Consequently,
multi-variable evaluation and calibration have been a way to go
forward in improving process consistency and reducing param-
eter uncertainty. Process consistency is particularly important
if the models are intended for process understanding or for pre-
dictions under changed conditions. In regions and time peri-
ods in which the lack of streamflow measurements challenges
model applications, other hydrological variables can be used for
model evaluation and thus also enable predictions in ungauged
basins.

In recent years, an increasing amount of data on hydrological
variables has become available, including data from remote
sensing (Lettenmaier et al. 2015) and in situ measurements,
for example, shared in networks such as Fluxnet (Pastorello
et al. 2020), the International Soil Moisture Network (ISMN;
Dorigo et al. 2021) or Sapfluxnet (Poyatos et al. 2021) (for a list
of data sets, see Table Al). While these data are available and
the advantages of multi-variable evaluation and calibration are
well known, many studies still rely on single-variable calibra-
tion against streamflow. We assume that a key reason for this
reliance on single-variable approaches is due to a lack of guid-
ance on how to deal with the various challenges when integrat-
ing alternative hydrological variables into model evaluation and
calibration processes.

There are several comprehensive overviews of data on addi-
tional hydrological variables available, particularly on those
derived from remote sensing. Lettenmaier et al. (2015) provide
an overview of the derivation of data on hydrological variables
from remote sensing over the past 50years. Moreover, Sheffield
et al. (2018) review satellite data with respect to its use for water
resources management in data-scarce regions, including its ap-
plication for assimilation in hydrological models. Xu et al. (2014)
and Jiang and Wang (2019) provide an overview of studies that
used remote-sensing-derived data in hydrological modeling
and their use for data assimilation (state estimation) and model
calibration. However, none of these reviews comprehensively
address the challenges related to the implementation of dif-
ferent hydrological variables and provide guidance on how to
use satellite-derived and in situ data for model evaluation and
calibration.

Therefore, our aim is to show how modeled and observed data
can be compared for the different hydrological variables beyond
streamflow to improve process representation in hydrological
modeling. Particularly, we highlight crucial steps that need to
be considered when comparing observed and modeled data. To
this end, we report the state-of-the-art observation methods and
their inherent uncertainties and describe specific challenges
when using these data for model evaluation and calibration. We
further discuss the benefits and future directions of including
hydrological variables beyond streamflow for model evaluation.
Thus, this review serves the hydrological community through
state-of-the-art guidance for modelers who would like to use
additional hydrological variables for model evaluation and cal-
ibration. By outlining necessary processing steps and pitfalls,
implementation-related constraints of multi-variable model
evaluation and calibration should be reduced.

We review catchment modeling studies for study areas of a few
km? to around 500,000km?2. Our focus is on model evaluation
and calibration, excluding studies that update model variables
in a data assimilation framework. With regard to variables,
our focus is on hydrological storages and fluxes, including
snow, soil moisture, groundwater level, terrestrial water stor-
age (TWS), evapotranspiration (ET), and altimetric water level
(Figure 1).

We consider hydrological observations from in situ measure-
ments or derived via remote sensing, focusing on a large num-
ber of commonly used international and freely available data
sets without the claim of being comprehensive. We exclude
reanalysis data, since they are essentially simulation data,
as well as data that have so far rarely been used for catch-
ment model evaluation or calibration (e.g., ground-based
gravimetry).

2 | General Considerations on the Use of
Hydrological Observations Beyond Streamflow for
Hydrological Model Evaluation and Calibration

2.1 | Selection of Data Sets

Before using additional hydrological variables for model evalu-
ation and calibration, it is necessary to get an overview of the
available data and select appropriate variables with respect to
the study aims. A list of suitable data sets that are considered
in this review is provided in the Appendix (Table Al). Based on
our review of studies, some general advice should be considered
when choosing a product from this list for comparison to model
output, including (i) the temporal availability during the model-
ing period, (ii) the spatial resolution with regard to the research
area and question, and (iii) the plausibility of the product based
on the reported applications or evaluation with in situ data (i.e.,
for satellite-based products).
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FIGURE1 | Insituandsatellite-based observations of hydrological storages and fluxes in a catchment (modified from Fisher 2005; CC BY-SA 4.0).

2.2 | Evaluation of Spatio-Temporal Model
Performance With Hydrological Variables Beyond
Streamflow

While streamflow integrates hydrological processes across
space and time into one time series, such an integrating mea-
sure does not exist for other hydrological variables. Therefore,
a key consideration when using variables beyond streamflow
is the spatial representation at which the comparison should
be carried out. We identify three spatial representations in
models: lumped (Demirel et al. 2019; Nijzink et al. 2018), semi-
distributed—Ilike subcatchments (Alemayehu et al. 2022;
Bennett et al. 2019; Hattermann et al. 2004), elevation zones
(Duethmann et al. 2014) or hydrologic response units (Rajib
et al. 2016)—and fully distributed, that is, grid-based pixel to
pixel or pixel to observation comparisons (Corbari et al. 2022;
Roy et al. 2010). A lumped comparison focuses only on the
temporal performance, typically by averaging all measure-
ments in a catchment for each time step. However, in the
case of spatially sparse point measurements, it should be con-
sidered that these might not be representative for the entire
catchment. For instance, while it might be a straightforward
procedure for gridded ET values, spatial averaging of ground-
water observations to the lumped model scale can be chal-
lenging (Seibert 2000; Staudinger et al. 2021). In principle,
the same performance metrics that are applied for a single-
variable calibration against streamflow can be used—unless
variable-specific characteristics or biases require other met-
rics. For example, satellite-derived soil moisture products are
considered more reliable for relative dynamics than absolute
values so that the correlation coefficient is frequently used
(Boeing et al. 2022; Parajka et al. 2009; Sutanudjaja et al. 2014).
Specific measures may be used for binary snow cover infor-
mation, and a large set of indices is available for groundwater
dynamics to specifically evaluate structure (e.g., seasonality,
flashiness), distribution, and shape (Heudorfer et al. 2019).
In general, mostly well-known and standard hydrological
performance criteria such as Kling-Gupta efficiency, Nash-
Sutcliffe efficiency, or root mean square error are used (Gupta
et al. 2009; Kreye et al. 2019; Nash and Sutcliffe 1970).

To account for temporal and spatial model performance, semi-
distributed or fully distributed spatial representations are
used. For a semi-distributed comparison, all measurements
within a model unit (subcatchment, hydrologic response unit
or elevation zone) are averaged, resulting in as many time se-
ries as the considered model units. When compared to stream-
flow calibration, this approach is comparable to a multi-gauge
calibration, so that approaches commonly applied for multi-
gauge calibration can be adopted. While the semi-distributed
approach accounts for spatial heterogeneity to some extent,
fully distributed approaches are needed to take the spatial
heterogeneity fully into account. Specific performance criteria
are applied that are specifically designed for comparing spa-
tial patterns, including the SPAtial EFficiency metric (SPAEF;
Koch et al. 2018; Gomis-Cebolla et al. 2022), which comprises
correlation, coefficient of variation, and histogram overlap as
three equally weighted components, and the Spatial Pattern
Efficiency Metric (Egp; Dembélé et al. 2020b). In addition,
Gaur et al. (2022) use joint empirical orthogonal functions
(EOF) and the fractional skill score (FSS). Koch et al. (2017)
also employ variograms and assess the connectivity (CON)
and multiple-point compatibility (MPC).

Moreover, a decision has to be taken on whether the data are
temporally averaged before applying these metrics or if the met-
rics are applied for each time step and are combined or weighted
afterwards, that is, assessing the temporal model performance
in a spatially distributed approach and spatial model perfor-
mance in a temporally distributed approach to detect where or
when processes are poorly represented (Dembélé et al. 2020a;
Nguyen et al. 2022).

A prerequisite for a proper evaluation of spatial performance
is to account for scale differences between observed and mod-
eled data, namely the observed or simulated data need to be
upscaled or disaggregated to match the spatial resolution. To
account for uncertainties in individual grid cells, a coarser
resolution may be used for comparison (e.g., at subcatch-
ment scale), assuming that over- and underestimations bal-
ance each other when averaged. Depending on the available
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gridded product and the spatial resolution of the model,
comparisons at grid scale are carried out at different resolu-
tions ranging from 90m (Nguyen et al. 2022), over 1-10km
(Demirel et al. 2018; Gaur et al. 2022; Ruhoff et al. 2013) to
0.25° (Dembélé et al. 2020b) up to 3° (Yang et al. 2020). The
spatial unit of comparison can often be linked to the spa-
tial unit used by the hydrological model (e.g., subcatchment
and hydrologic response unit for SWAT; grid comparison for
MIKE SHE or mHM).

Parameter regionalization schemes are used to derive spatially
consistent sets of model parameters (Samaniego et al. 2017).
For the integration and full utilization of spatially distributed
observations in multi-variable calibration, parameter regional-
ization plays an important role (Soltani et al. 2021). With regard
to the temporal evaluation, it should be noted that hydrological
variables beyond streamflow are not necessarily available at
daily time steps, so that evaluations are carried out at differ-
ent time scales ranging from daily (e.g., Rajib et al. 2018), 8-
day averages (e.g., Ruhoff et al. 2013), monthly (e.g., Odusanya
et al. 2019; Jing et al. 2018), seasonal (e.g., Bouaziz et al. 2021)
to mean annual values (e.g., Bouaziz et al. 2018). Also, while
streamflow data from several years are usually included in
model calibration and evaluation, the length of the observation
period for other hydrological variables could vary considerably
from 1year (Ruhoff et al. 2013: 8-day averages) to several years
(Sirisena et al. 2020: monthly data for 13 years). The highest tem-
poral resolution available is typically used, particularly if spa-
tial patterns are not considered (e.g., daily: Ala-aho et al. 2017;
daily and monthly: Zhang et al. 2009). Also, the evaluation of
temporal dynamics can be focused on time periods in which
these variables show a strong variability; for example, snow is
evaluated for days with snowfall (Széles et al. 2020), the snow
melt season (Finger et al. 2015), or the entire year (Corbari
et al. 2022; Tong et al. 2022).

2.3 | Multi-Variable Model Calibration

Calibrating a model involves determining how the model can
be constrained across multiple variables. One of the approaches
commonly employed considers step-wise calibration, where the
model is first constrained by one variable and then further con-
strained by one or more other variables (e.g., Széles et al. 2021).
Alternatively, the model may be calibrated simultaneously to
different hydrological variables. In this case, different objective
functions may be combined into a single objective function,
for example, by applying a weighted average to the individual
functions for the different variables. Subsequently, calibration
algorithms for single objective functions can be used (e.g., Rajib
et al. 2016; Dembél¢ et al. 2020b; Odusanya et al. 2019; Parajka
et al. 2006; Pool et al. 2024). A disadvantage is the subjectivity
in setting the weights (Efstratiadis and Koutsoyiannis 2010).
Several authors show the importance of carefully choosing
the weights assigned to the individual error metrics (Ala-aho
et al. 2017; Tarasova et al. 2016; Tong et al. 2022; Werth and
Giintner 2010) and it is recommended to perform prior sensi-
tivity analyses with varying weights. While trade-offs between
the different objectives can be analyzed to some extent by vary-
ing the weights, this is not always done, and it is also not a very
efficient way to approximate the Pareto front. Optimization

algorithms that sample multiple objective functions individually
are particularly suited to explicitly analyze the Pareto front. For
sampling the Pareto front, two groups of approaches exist. The
first group comprises approaches based on Monte Carlo simu-
lations (e.g., Silvestro et al. 2015; Nguyen et al. 2022; Kuppel
et al. 2018), where the parameter space is randomly sampled
and parameter sets are ranked based on model performance
with regard to pre-defined objective functions. Advantages
of the Monte Carlo method are its simple implementation, its
ability to explore the parameter space for many different objec-
tive functions, and that parameter uncertainties can easily be
accounted for. However, the Monte Carlo approach is not very
efficient and, compared to iterative optimization algorithms,
it may result in lower model performances despite a higher
number of model evaluations (Duethmann et al. 2014). The
second group of approaches is multiobjective algorithms. These
algorithms return a set of solutions approximating the Pareto
front with one optimization run and are thus very well suited
to investigate trade-offs between different objective functions.
Multiobjective algorithms used for multi-variable calibration
include, for example, NSGAII (Nondominated Sorted Genetic
Algorithm II, Deb et al. 2002; for example, in Bai et al. 2018;
Werth and Giintner 2010), e-NSGAII (Kollat and Reed 2006;
for example, in Duethmann et al. 2014), SPEA-II (Strength
Pareto Evolutionary Algorithm II; Zitzler et al. 2001), or
PADDS (Pareto-Archived Dynamically Dimensioned Search,
Asadzadeh and Tolson 2013; for example, in Mei et al. 2023).
Using approaches that analyze the Pareto front allows for a
more informed decision on how to select parameter sets from
the Pareto optimal set. In the case of trade-offs, a single best
parameter set does not exist, and, if only one parameter set can
be selected, this choice should depend on the modeling objec-
tives. By selecting an ensemble of parameter sets that perform
well for different objectives, parameter uncertainty can be ac-
counted for in an efficient way.

Irrespective of which algorithm and approach is used for
multi-variable calibration, it is advisable to perform multi-
variable sensitivity analysis prior to the calibration (Pianosi
et al. 2016; Rosolem et al. 2012). Two important aspects re-
garding the parameters need to be considered. First, the
range of parameters needs to be selected so that it covers the
optimum for all objective functions for which the parameter
is sensitive (Guse et al. 2020). For parameters that are sen-
sitive for more than one objective, this is extremely import-
ant in order not to pre-select which objective function will be
simulated well. Second, different numbers of parameters will
be sensitive for different objective functions (e.g., Rosolem
et al. 2012; Yassin et al. 2017). This is directly related to the
parametrization of hydrological models that simulate differ-
ent compartments with different levels of detail. For example,
hydrological models typically use fewer parameters for inter-
ception than for runoff (e.g., Samaniego et al. 2010; Seibert
and Bergstrom 2022). If a variance-based sensitivity analysis
is used (Sobol 2001), then the percentage of variance in an
objective function will be quantified for individual parame-
ters or groups of parameters (Mai et al. 2020). Subsequently,
parameters can be selected so that the explained variance in
all objective functions is covered. This will result in a more
efficient calibration compared with a selection that over- or
underrepresents objective functions.
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3 | Variable-Specific Considerations on Using
Hydrological Observations Beyond Streamflow for
Hydrological Model Evaluation and Calibration

3.1 | Snow

3.1.1 | Observation Methods, Uncertainties
and Data Products

A large number of hydrological modeling studies recognize the
pivotal role of snow for streamflow generation, especially in
mountainous and cold regions, and thus explicitly consider snow
cover (SC), snow depth (SD), or snow water equivalent (SWE)
data from in situ observations, airborne surveys, or satellites for
model evaluation or calibration. SC data can be extracted from
optical satellite data, such as MODIS (e.g., applied in Bennett
et al. 2019; Nijzink et al. 2018; Tarasova et al. 2016; Tong
et al. 2022) or AVHRR (e.g., Dressler et al. 2006; Duethmann
et al. 2014). SC data have further been retrieved from in situ
field cameras (e.g., Schober et al. 2010; Széles et al. 2020). While
readily available SC products exist for MODIS (provided by
the National Snow and Ice Data Center), data from AVHRR or
Landsat need to be processed, which involves the calculation of
radiances and brightness temperatures, corrections for atmo-
spheric conditions and sensor degradation, classification, and
georeferencing (Dressler et al. 2006; Duethmann et al. 2014;
Ragettli et al. 2015; Schober et al. 2010). Classification algo-
rithms typically employ variables including the normalized dif-
ference snow index (NDSI), normalized difference vegetation
index (NDVI), surface temperature, and albedo. SC data are
generally accurate, with the mean absolute error of fractional
SC derived from MODIS generally < 10% (Appel 2018). However,
uncertainties can be higher in forested areas and under over-
cast skies (Parajka et al. 2012; Gascoin et al. 2015). Space-borne
radar systems (i.e., Synthetic Aperture Radar, SAR) are a fur-
ther data source for SC data, providing data at high spatial res-
olution. However, the application of SAR data for hydrological
modeling is very limited due to its complex processing and low
temporal resolution (Tsai et al. 2019).

SD may be retrieved from in situ snow observations (e.g.,
Bongio et al. 2016; Corbari et al. 2022; Tuo et al. 2018), airborne
ground penetrating radar (e.g., Huss et al. 2014) or microwave-
based satellite observations (Xiao et al. 2020), including
Advanced Microwave Scanning Radiometer for the Earth
Observing System (AMSR-E), Advanced Microwave Scanning
Radiometer-2 (AMSR?2) or Global Snow Monitoring for Climate
Research (GlobSnow), where the latter is based on satellite mi-
crowave data and station data. Uncertainties of satellite-derived
SD data can be considerable, with generally best performance
in plain areas and worst in forested mountain regions (Xiao
et al. 2020). Uncertainties further vary depending on the ob-
served SD. More details on the advantages and limitations of
remote sensing and in situ observations of snow can be found in
the review by Dong (2018).

SWE is typically measured in situ, for example, manually with
snow tubes or automatically with snow pillows or gamma/cos-
mic ray sensors. An extensive network of 890 snow monitoring
sites (SNOTEL) with SWE observations from snow pillows of
up to 60years is available in the US (Fleming et al. 2023) but

SWE measurements are often only sparse in other parts of the
world. Snow pillows have a precision of approximately 2.5mm
(Fassnacht et al. 2017), and measurement errors are typically
between 5% and 15% (Serreze et al. 2001), but can exceed 40%
when the base of the snow cover is at the melting temperature
(Johnson and Marks 2004). While automatic SWE measure-
ments with stationary gamma ray sensors are costly and have
very limited spatial extent (Pirazzini et al. 2018), there is a
huge potential for using airborne gamma radiation snow sur-
veys (Cho et al. 2023). This technique is based on the difference
of the radioisotope rates between bare and snow-covered land
surfaces (Cho et al. 2020) and is able to provide highly accurate
SWE estimates at a large scale even for forested areas and wet
snow conditions (i.e., melting periods) known to be particularly
challenging for other remote sensing tools (Tuttle et al. 2018).
Such surveys have been available throughout the United States
and Canadian provinces since 1979 (Carroll 2001).

3.1.2 | Challenges When Comparing Simulated
and Observed Data

Comparing observed SC data to hydrological model data is not
straightforward since many hydrological models only simulate
SWE and not SC. Simulated SWE is therefore often converted
to SC by assuming that a modeling entity is entirely snow cov-
ered if SWE is larger than a user-defined threshold (Table 1).
These thresholds typically range from 0.5 to 10mm (Gyawali
and Bardossy 2022; Peker and Sorman 2021; Széles et al. 2020;
Di Marco et al. 2021; Tong et al. 2022), though larger values
are also used (50 mm; Corbari et al. 2022). SC data may fur-
ther come in the form of fractional SC data, also as a result

TABLE 1 | Practical considerations for evaluating simulated with
observation-based snow data.

Data source Considerations

Satellite-derived Comparison of satellite-derived
snow cover (SC) to simulated
snow water equivalent (SWE):

« Conversion of simulated SWE to
SC requires definition of a threshold
(0.5-10mm) above which a modeling
entity is considered as snow covered

Dealing with clouds:

« Definition of a minimum threshold of
cloud-free fraction of a modeling entity
above which the data are considered
+ (Partly) removing clouds from the
data set before model evaluation

Insitu Comparison of observed snow
depth (SD) to simulated SWE
« Conversion of observed SD to SWE
using empirical functions
« Conversion of observed SD and
simulated SWE to SC through a
user-defined threshold above which a
modeling entity is considered as snow
covered
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of summarizing binary SC data to model entities. As most
models neglect the spatial variability of SWE within model
entities, a threshold is often introduced that defines when a
pixel or model entity is considered snow covered (Parajka and
Bloschl 2008a). Reported values ranged from 10% (Bouaziz
et al. 2021) to 25% (Tong et al. 2022). Alternatively, the vari-
ability of SWE within a model entity may be described by a
separate subgrid snow distribution parameterisation (e.g.,
Liston 2004), thus enabling a direct comparison between sim-
ulated and observed fractional SC (Duethmann et al. 2014).
Since optical sensors cannot record snow under clouds, uncer-
tainties increase with cloud coverage (Table 1). Cloud-cover
thresholds above which data for a model unit are excluded vary
widely, ranging from 10%-60% (Di Marco et al. 2021; Finger
et al. 2015; Duethmann et al. 2014; Gyawali and Bardossy 2022;
Tong et al. 2022; Nijzink et al. 2018; Tarasova et al. 2016).
Since clouds can reduce data availability considerably, cloud
removal procedures that make use of merging MODIS Aqua
and Terra and spatial and temporal filters (Gafurov and
Bardossy 2009; Parajka and Bloschl 2008b) are sometimes
applied (Parajka and Bloschl 2008a; Peker and Sorman 2021;
Gyawali and Bardossy 2022). Recent developments in cloud
removal approaches are reviewed by Li et al. (2019b). To an-
alyze uncertainties, sensitivity analyses have been carried
out for the threshold for converting simulated SWE to SC
(Gyawali and Bardossy 2022; Peker and Sorman 2021; Sleziak
et al. 2020; Széles et al. 2020; Tarasova et al. 2016) or the cloud
cover threshold (Gyawali and Bardossy 2022; Parajka and
Bloschl 2008a; Tarasova et al. 2016).

A challenge related to point-based in situ SD observations is
their poor representativeness resulting from high spatial vari-
ability (Lopez-Moreno et al. 2011; Miller et al. 2022). To enable
a comparison to simulated data, SD data are typically converted
to SWE. However, this conversion can be very uncertain (Hill
et al. 2019). Usually, empirical relationships are employed
(Bongio et al. 2016; Tuo et al. 2018), though one could also use
snow density models, which are common in snow research
(Winkler et al. 2021; Fontrodona-Bach et al. 2023). An alter-
native way of using in situ SD observations is conversion to SC
after spatial interpolation so that they can be treated as SC ob-
servations (Parajka et al. 2007).

3.2 | Soil Moisture

3.2.1 | Observation Methods, Uncertainties
and Data Products

Since soil moisture controls runoff generation and ET, model
evaluation against observed soil moisture can improve process
consistency. In situ soil moisture measurements at the point
scale can provide temporally highly resolved data. Measuring
techniques range from traditional gravimetric methods to soil
water sensors, such as time domain reflectometry (TDR) and
frequency domain reflectometry (FDR) (Graeff et al. 2010;
Robinson et al. 2008). Although these methods are among
the only techniques that allow soil moisture measurements in
deeper soil layers at high accuracy (gravimetric method: errors
of < 1%; soil water sensors: accuracies of ~0.02 m>m~3, but offsets
up to 0.2m3m~3, depending on sensor type, soil and land-use

properties; Robinson et al. 2008; Jackisch et al. 2020), their
signals are only representative across a small volume of a few
cubic centimeters to decimeters. Labor-intensive installation
of in situ soil moisture measurement networks and long-term
maintenance demands significant economic and human re-
sources (Dorigo et al. 2013). Moreover, measurements are often
only available at research sites. The International Soil Moisture
Network (ISMN, Dorigo et al. 2021, Table A1) maintains a global
database of in situ soil moisture data, with high station density
in the US, lower density in Europe and Asia, and currently very
low density in South America and Africa. Recently, in situ data
have also been used to generate gridded soil moisture prod-
ucts through deep learning techniques (SoMo.ml, Orth 2021,
Table Al).

At field scale (>100m), Cosmic-Ray Neutron Sensors (CRNS)
offer a new technique that allows continuous measurements of
the average soil water content over a horizontal footprint of a few
hundred meters to a depth of ~70cm without soil disturbance.
The method is based on detecting neutrons in the soil generated
by high-energy cosmic radiation, where the intensity of neutrons
is dependent on the soil water content (e.g., Iwema et al. 2015).
CRNS soil moisture agrees well with in situ soil moisture data,
with RMSE values around 0.02 to 0.06 m*m~3 and uncertainties
around 10% (Baroni et al. 2018). CRNS data have been made
available by networks for the U.S. (Zreda et al. 2012), Europe
(Bogena et al. 2022), or Australia (Hawdon et al. 2014), and can
also be retrieved from the ISMN.

Satellite-derived soil moisture based on active and passive mi-
crowave sensors provides data at large spatial scales of a few
kilometers (see Table Al). Microwave remote sensing of soil
moisture uses the sensitivity of surface emissivity and back-
scattering properties of the soil for microwaves to soil dielectric
properties and thus the soil water content. The main limitation is
the low penetration depth of the microwave signals, so that only
near-surface soil moisture can be derived. Furthermore, while
absorption and scattering of microwave radiation by vegetation
can partly be accounted for, soil moisture retrieval under dense
vegetation such as forests remains challenging. In addition to
soil moisture products based on single sensors, products that
combine multiple sensors have been developed. This enables
covering a longer time period (e.g., the ESA-CCI soil moisture
product; Gruber et al. 2019) or downscaling coarse-scale data to
afiner resolution by fusion with higher resolution SAR data (e.g.,
the SCATSAR-SWI product; Bauer-Marschallinger et al. 2018;
Peng et al. 2017). Criteria for selecting products should include
their quality in terms of performance against observed data,
which may vary by region, climate, vegetation type, or topogra-
phy (Beck et al. 2021). For example, SMAP data outperformed
ESA-CCI, AMSR2, ASCAT, and SMOS data in a comparison to
in situ measurements from 826 sensors located mostly in the
USA and Europe (Beck et al. 2021). Available in situ data fur-
ther enable testing the performance of various satellite products
for a specific study region before their application in hydrolog-
ical modeling (Duethmann et al. 2022). Comparison studies of
satellite-derived near-surface soil moisture products to in situ
data over different parts of the world report average Pearson
correlation coefficients of 0.4-0.8 and average RMSE values of
0.04-0.13m3m™3 (Al-Yaari et al. 2019; Beck et al. 2021; Fang
et al. 2016).
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3.2.2 | Challenges When Comparing Simulated
and Observed Data

In situ point scale soil moisture measurements have been widely
employed in modeling catchment hydrology for over three de-
cades, primarily for model and process evaluation (e.g., Bronstert
and Plate 1997), but also as a direct modeling objective (Loritz
et al. 2022). Data from sensors at various soil depths and different
locations are either compared directly to simulated data—if the
model incorporates a spatially and temporally explicit soil routine,
common in more process-based models (e.g., Ebel et al. 2007)—
or in a normalized, aggregated manner in more conceptual mod-
els (e.g., Boeing et al. 2022). In situ soil moisture measurements
can exhibit large biases, even when taken in close proximity, the
same soil depth, and in similar hydro-pedological conditions.
Data aggregation from several soil moisture sensors can compen-
sate for small-scale variabilities. Additionally, it is often advised
to evaluate the model's performance specifically with respect to
its dynamics, which can be achieved by scaling the data (e.g.,
through normalization), or by focusing on exceedance probabil-
ities (e.g., Loritz et al. 2017; Mélicke et al. 2020) as for instance
done in the German drought monitor (Zink et al. 2016). Due to
the larger footprint, CRNS soil moisture data are less affected by
small-scale variability. However, the dependency of the footprint
radius and measurement depth of soil moisture, air humidity, and
vegetation (Kohli et al. 2015) can be a difficulty.

Comparing satellite-derived and simulated soil moisture is
frequently challenged by a mismatch in vertical scale, as only
near-surface soil moisture can be inferred from the satellite
signal. Satellite-derived near-surface soil moisture can directly
be compared with simulated surface soil moisture if the model
already contains (Lopez Lopez et al. 2017; Rajib et al. 2016) or
is complemented with a surface soil layer of only a few centi-
meters (Parajka et al. 2009; Kundu et al. 2017). Alternatively,
near-surface soil moisture may be converted to a root zone soil
water index (SWI) by temporal smoothing with an exponen-
tial filter (Wagner et al. 1999; Table 2). Calculating the SWI is
equivalent to a simplified two-layer water balance model where
the upper layer represents the remotely sensed topsoil layer and
the soil moisture variation in the lower layer is a linear function
of the soil moisture difference. This model has one parameter,
the characteristic time length T, which depends on the depth of
the soil layer and soil hydraulic properties (Wagner et al. 1999;
for guidance see Paulik et al. 2014 and Bouaziz et al. 2020). It
should be noted that the SWI approach relates to a simplified
model that may be inappropriate in some cases, such as in the
case of groundwater influences or when surface soil moisture
evaporates back into the atmosphere without infiltrating to the
root zone layer (Bauer-Marschallinger and Paulik 2019).

Scale differences between satellite-derived and simulated
soil moisture also occur at the horizontal scale, since many
microwave-based soil moisture products are provided at grid
spacings of 25km or more, which are usually larger than model
units in catchment hydrological models. As for in situ data,
systematic biases between simulated and satellite-derived soil
moisture are frequently observed, and the data are often scaled
to focus on the temporal dynamics (Table 2). Approaches
used include z-scores or mean-variance scaling (Cammalleri
et al. 2015; Lopez Lopez et al. 2017; Rajib et al. 2016; Duethmann

TABLE 2 | Practical considerations for evaluating simulated with
observation-based soil moisture data.

Data source Considerations

Satellite-derived Using surface soil
moisture versus a root
zone soil water index
Using surface soil moisture:

« May require model
modifications (in case a near
surface soil moisture layer does
not exist in the model) and
additional parameters
Using soil water index data:

» Root zone soil moisture more
relevant for runoff generation
and ET than surface soil
moisture
« Involves additional
assumptions (soil moisture in
root zone as linear function of
difference between surface and
root zone soil moisture)

« Requires selection of the
parameter T (characteristic time
length; dependent on soil depth
and soil hydraulic properties)

Satellite-derived and
in situ

Scaling of simulated and
observed soil moisture helps
dealing with uncertainties in
absolute soil moisture (min-
max scaling, mean-variance

scaling, cumulative density
function matching, focus on
exceedance probabilities)

et al. 2022), min-max scaling (Hrachowitz et al. 2021) or cu-
mulative density function matching (Sutanudjaja et al. 2014).
Further pre-processing steps may require conversion to the
same unit, for example, by dividing the simulated soil water
volume by the maximum storage (Parajka et al. 2009), or by
converting satellite-derived volumetric soil moisture to plant
available water (Rajib et al. 2016).

3.3 | Groundwater Level

3.3.1 | Observation Methods, Uncertainties,
and Data Products

Groundwater is conceptualized as the deepest part of the sub-
surface in hydrological models and is most commonly charac-
terized by smaller fluctuations than the other components of the
hydrological cycle. Because of its accessibility, groundwater is
difficult and complex to measure.

Groundwater level data stem from groundwater wells or, more
precisely, from the measurement of hydraulic groundwater
heads (de Graaf et al. 2019). Outside of experimental catchments,
groundwater level data are measured non-uniformly in space and
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may only be available at weekly or even lower temporal resolu-
tion (Reinecke et al. 2024). However, the low-resolution data can
still be useful for modeling due to the relatively small fluctuations
in groundwater, as Jing et al. (2018) show for monthly data. The
representativity of groundwater level measurements is influenced
by outliers, site-specific aquifer properties, and the connectivity
of groundwater beyond the catchment boundary (Liu et al. 2020).
Additionally, observations of groundwater level may be influenced
by groundwater extraction, groundwater injection, and sewer
leakage. However, data regarding such direct anthropogenic im-
pacts are only available in some regions (Gleeson et al. 2021).

3.3.2 | Challenges in the Comparison of Simulated
and Observed Data

Whereas observations of the groundwater level are usually pro-
vided as hydraulic heads, many hydrological models that repre-
sent groundwater in a simplified way only generate time series
of groundwater storage (Gleeson et al. 2021). Thus, unless the
dynamics of groundwater heads are used directly, groundwater
level data need to be transformed into groundwater storage in-
formation or vice versa simulated storage into groundwater levels
(e.g., through linear regression, Seibert 2000). Moreover, ground-
water well observations are point-based and do not always repre-
sent the actual spatial heterogeneity or the average groundwater
level of the catchment, whereas model results are provided for
continuous space, that is, at the spatial model resolution (Table 3).

The degree of complexity for representing groundwater in hy-
drological models is generally lower compared to other hy-
drological components. Information on geological structures,
for instance from geophysical data or derived from geological
maps, are usually not directly included in hydrological models
due to the missing or only weak link between geological struc-
tures and the conceptual groundwater components (Staudinger
et al. 2019). Groundwater storage is often highly simplified
and simulated as one bucket or a series of buckets (McMillan
et al. 2023; Staudinger et al. 2019; Zipper et al. 2023) and optimal

TABLE 3 | Practical considerations for evaluating simulations with
observation-based groundwater data.

Data source Considerations

In situ « Spatial distribution of point
measurements varies and they might
not always represent the groundwater

heterogeneity of the system
« Coarse temporal resolution of the
observed data (e.g., monthly) is still useful,
due to small variations
« Model structure is crucial for the
comparison to in situ groundwater level
data, e.g., simplified bucket representation,
undefined or fixed depth of groundwater
component
« Groundwater head measurements at
groundwater wells need to be converted to
groundwater storage unless the dynamics
can be used directly.

groundwater model structures have been found to be aquifer-
specific (Stoelzle et al. 2015). However, some hydrological mod-
els represent groundwater with more complexity (e.g., SHE,
Abbott et al. 1986) by using a more detailed spatial discretiza-
tion. Many challenges are related to how groundwater is repre-
sented in hydrological models:

1. In catchment models with a conceptual groundwater stor-
age, the groundwater component is not assigned to an abso-
lute depth (distance to the surface) (Pfannerstill et al. 2014;
Wu et al. 2022). Therefore, groundwater dynamics are
often only considered in relative rather than absolute val-
ues (Kuczera and Mroczkowski 1998; Seibert 2000; Fenicia
et al. 2008). Groundwater level data cannot be directly in-
cluded in the model if the model only considers root zone
depth (Kreye et al. 2019). A further challenge is that the
boundary between a soil (or unsaturated) and a groundwa-
ter (or saturated) zone is dynamically changing, whereas,
in hydrological model structures, it is mostly fixed.

2. In addition, the interaction of groundwater and surface
water is not accounted for in most bucket-type hydrolog-
ical models (Staudinger et al. 2021). One exception is the
WALRUS model that includes groundwater-surface water
interactions (Brauer et al. 2014) and this concept has also
been adopted for the HBV model (Staudinger et al. 2021)
to allow for back-infiltration of water from the river to
the aquifer. In addition, coupled modeling approaches are
available for representing groundwater-surface water in-
teractions (SWAT-MODFLOW, Bailey et al. 2016; Tigabu
et al. 2020; SWAT+ gwflow, Bailey et al. 2020).

3. Most hydrological models assume that the spatial extent of
the catchment borders at the surface is identical to the aq-
uifer extent, which is rarely the case (Bouaziz et al. 2018;
Liu et al. 2020; Gleeson et al. 2021). Interbasin groundwa-
ter flow from and to adjacent catchments as well as leak-
age below the gauging station (Kdser and Hunkeler 2016)
are not covered in most hydrological models (Merz
et al. 2020). Le Moine et al. (2007) model interbasin
groundwater flow via subsurface catchment boundaries
that differ from the ones derived from surface topography.

There are also studies that take streamflow data as the alter-
native data to constrain models by using streamflow data to
constrain water table depth for wetlands in the Penn State
Integrated Hydrologic Model (PIHM; Yu et al. 2015), stream-
flow intermittency data to better estimate hydraulic conduc-
tivity and porosity (Abhervé et al. 2024), and baseflow indices
derived from streamflow observations to facilitate a more
prominent representation of groundwater in Earth system
models (Xie et al. 2024).

3.4 | Terrestrial Water Storage

3.4.1 | Observation Methods, Uncertainties
and Data Products

Terrestrial water storage (TWS) is the volume of water stored
within a catchment, and its distribution in ice, snow, lakes, res-
ervoirs, rivers, soil, and groundwater ultimately characterizes
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the state of the hydrological system (McNamara et al. 2011).
Unfortunately, TWS 1is inherently difficult to measure.
Moreover, different methods to determine the depth of stored
water through different interpretations of so-called active stor-
age (i.e., referring to zones that fill and release water on time
scales relevant to annual input and output fluxes) versus total
storage depth result partly in similar (Rodhe et al. 1996) and
sometimes in different (Soulsby et al. 2009) estimates of storage.
When using storage estimates for model evaluation, these defi-
nitions need to be considered.

Stable water isotopes are useful tracer data to constrain water
storage in landscapes, particularly when used in conjunction
with soil moisture and groundwater level data. The passage of
conservative environmental tracers (e.g., water isotopes, chlo-
ride) through the landscape can be monitored to quantify how
precipitation input signals are damped and lagged by internal
mixing processes and connections between different spatial
units, including deeper groundwater (Tetzlaff et al. 2014). Thus,
tracers provide measures of the internal storage in terms of the
water volume needed to dampen the tracer input signal (Soulsby
et al. 2011). However, tracer-aided hydrological models are re-
quired for model evaluation with tracer data (Tetzlaff et al. 2015,
2024). Stadnyk and Holmes (2023) provide a thorough review of
such models and their applications.

As another data source to estimate TWS, the gravity recov-
ery and climate experiment (GRACE) and GRACE-follow on
(GRACE-FO) twin satellites provide information on temporal
changes in the Earth's gravity field. The mass redistribution
in the Earth system can be attributed—besides other geophys-
ical processes like post-glacial land uplift in northern Europe,
air mass changes, tides, and sea level fluctuations (Giintner
etal. 2023)—to changesin the TWS on and in the Earth's crust.
Multiple reviews provide overviews of using GRACE data in
hydrology (Frappart and Ramillien 2018; Li et al. 2019a; Chen
et al. 2022) including background information, recommenda-
tions, pitfalls, and examples (Humphrey et al. 2023). GRACE
data are available from 2002 with a gap between July 2017
(when the first GRACE satellites were decommissioned) and
May 2018 (when the GRACE- FO satellites became opera-
tional). At best, GRACE-derived TWS changes have a resolu-
tion of 300km X 300km on a monthly time scale. According
to Giintner et al. (2023), the accuracy of GRACE data is in the
range of 10 to 20 mm water equivalents, but individual assess-
ments are required depending on the study characteristics.
Storage changes derived from GRACE may be compared with
simulated storage changes and data from groundwater wells
to assess uncertainties in GRACE storage changes, though
such a comparison to in situ data is challenging due to scale
differences and conceptual differences in the compared vari-
ables (Schumacher et al. 2018).

Two further approaches to evaluate TWS are geophysi-
cal methods such as seismic and resistivity measurements
(Wiederhold et al. 2021) and in situ gravimetry measurements
(Pool and Eychaner 1995). Since these methods are not fre-
quently applied and are only rarely used for model calibration
(Creutzfeldt et al. 2010), they are not further considered in this
review.

TABLE 4 | Practical considerations for evaluating simulated with
observation-based terrestrial water storage (TWS) data.

Data source Considerations

Satellite-derived « Compare sufficiently large
areas (ideally >200,000km?
approximating a circular or squared
area)

« GRACE data provide changes
in TWS to a baseline and the
hydrological model baseline should
match that baseline period or be
corrected accordingly.

« TWS includes storages from all
components and the hydrological
model must be capable of
simulating these components.

« Consider application of scaling
factors provided with Level 3
products for reducing the leakage
effect

Stable water isotopes « Requires tracer-aided
hydrological model
» Assessment based on one
output isotope variable is possible
(i.e., isotopes from streamwater,
groundwater, or soil water).

« Streamwater isotopes integrate
the different storages (i.e., isotopic
signals) in the landscape and
different temporal resolutions
(daily, weekly, monthly) can be
employed
 Isotope data in precipitation
and rivers are available from
international data archives

3.4.2 | Challenges in the Comparison of Simulated
and Observed Data

All components of TWS (e.g., deep groundwater) and processes
thatimpact water storages (such as deep groundwater extraction)
should be included in the hydrological model (Table 4) for com-
parison of storage dynamics and trends, particularly over longer
time periods (Stampoulis et al. 2019; Huang et al. 2019). To dis-
entangle the individual components of TWS, these can be com-
bined with other remote sensing-based data sets for snow, soil
moisture, and surface water storages (Werth and Giintner 2010).

Simulated tracer concentrations are compared to time series of
monitored tracer data of different landscape compartments. Only
one output isotope variable is required for model assessments, that
is, isotopes from streamwater, groundwater, or soil water. A major
challenge is whether the correct source water has been sampled
(Birkel and Soulsby 2015). To ensure this, knowledge about catch-
ment functioning, in terms of which and how spatially distributed
and temporally dynamic source waters mix and integrate, is crucial
to quantifying TWS. Due to technical and cost constraints, tracer
data at daily resolution for prolonged time periods are still limited
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to a few research sites (Tetzlaff et al. 2015). However, even weekly
or monthly isotope data are still extremely insightful and compa-
rably easy and cheap to sample and analyze. In addition, isotope
data in precipitation (Global Network of Isotopes in Precipitation,
GNIP) and rivers (Global Network of Isotopes in Rivers, GNIR) are
available from international data archives (Table A1).

Challenges using GRACE data are manifold (Chen et al. 2022;
Humphrey et al. 2023):

1. GRACE data are usually expressed as anomalies to the
long-term mean over a baseline period. This period must
agree with the baseline in the hydrological model for com-
paring time series of anomalies (Humphrey et al. 2023)
(Table 4).

2. Mass changes derived from GRACE are generally based
on two approaches, spherical harmonics and mass concen-
tration blocks (mascons), and are affected by a “leakage”
of the signal, causing the observed mass changes to be
blurred, scattered, and smeared over the true location due
to spatial smoothing that is required for noise reduction
(Tripathi et al. 2022). The leakage effect is particularly rel-
evant for TWS data derived with spherical harmonics solu-
tions. Therefore, the hydrological model domain should be
>200,000km? (ideally approximating a square or circle).
In contrast, results from the mascons processing are less
affected by leakage effects and, therefore, hydrological
model results can be more directly compared within the
3° native mascon resolution by aligning the hydrologi-
cal model domain and resolution (Humphrey et al. 2023)
(Table 4).

3. GRACE products are provided by several processing
centers (Table Al), resulting in differences in the products
with specific advantages and disadvantages that need to
be taken into account (Giintner et al. 2023; Humphrey
et al. 2023). Data from different GRACE processing
centers can be used to assess uncertainties (Werth and
Gilintner 2010; Schumacher et al. 2018).

4. GRACE data are provided at different processing levels (see
Behzadpour 2022). For modelers without specific expertise
in GRACE data processing, level 3 data, which only con-
tain TWS anomalies, are most suitable and may directly be
used for evaluating TWS variations in hydrological models.
Level 3 data can contain scaling factors that may reduce
leakage effects (Humphrey et al. 2023). Level 2 products
require considerably more processing, including correction
for signal losses (Bai et al. 2018), spatial smoothing with fil-
ters (Milzow et al. 2011; Schumacher et al. 2018; Werth and
Giintner 2010), error propagation, signal separation, and
applying scaling factors (Schumacher et al. 2018; Werth
and Glintner 2010). It is important to test different smooth-
ing filter techniques and parameterisations of those, such
as the radius that defines the spatial or temporal range over
which data is averaged or smoothed, since they can lead
to significantly different results (Lo et al. 2010; Giintner
et al. 2023).

5. The applicability of GRACE data in small areas and
for short time periods is limited due to its coarse spatial
and temporal resolution, with most studies located in

basins >100.000km? and only a few in smaller mesoscale
catchments (Nijzink et al. 2018; Bouaziz et al. 2021; Bai
et al. 2018). Most commonly, the average of the GRACE
grids is compared with the complete model domain fol-
lowing a lumped approach (e.g., Milzow et al. 2011; Lo
et al. 2010; Hulsman et al. 2021a; 2021b; Bouaziz et al. 2021;
Dembélé et al. 2020a, 2020b; Nijzink et al. 2018). However,
not only (spatially averaged) TWS data but also long-term
changes in TWS or other statistical properties (such as
minimum (dry) or maximum (wet) TWS) are evaluated.

3.5 | Evapotranspiration

3.5.1 | Observation Methods, Uncertainties,
and Data Products

Evapotranspiration (ET) is one of the most important water bal-
ance components. Compared with the other components, ET and
its components, interception, transpiration, and soil evaporation
are difficult to measure directly. Lysimeters can be used to indi-
rectly determine ET by measuring the other components of the
water balance equation. Sap flow measurements provide a mea-
sure of transpiration but need correct estimates of stand charac-
teristics. Moreover, micrometeorological measurement techniques
(Bowen ratio-energy balance, scintillometers, eddy covariance)
are used to measure ET. Due to their respective footprints, these
measurements are often land use and land cover specific. Further,
water stable isotopes sampled in open surfaces but also plant
xylem waters are useful to quantify evaporation and transpiration
processes—as only mixing and evaporative fractionation change
the isotopic signals of landscape compartments (Kleine et al. 2020;
Luo et al. 2024; Sprenger et al. 2022). In situ measurements of ET
are far more expensive than measurements of streamflow, and the
spatial density of these measurements is therefore rather sparse.

Measured ET fluxes from eddy covariance stations (Kunnath-
Poovakka et al. 2018; Lin et al. 2018; Stisen et al. 2018; Pan
et al. 2022; Széles et al. 2020) and transpiration of forests from
sap flow measurements (Kuppel et al. 2018; Smith et al. 2021)
have been employed to evaluate or calibrate (eco-)hydrolog-
ical models. Stable isotopes are used in tracer-aided (eco)-
hydrological models and allow temporal and spatial dynamics of
evaporation and transpiration fluxes to be quantified (e.g., Neill
et al. 2021; Yang et al. 2023). Kite and Droogers (2000) underline
that the choice of observational ET data depends on the study
purpose; for example, in situ measurements are more suitable
for small-scale studies and remote sensing-based ET for large-
scale studies.

Still, spatially distributed products derived from satellite data
are most commonly used. Several ET retrieval algorithms to
estimate ET based on remote sensing data like land surface
temperature and landscape characteristics have been devel-
oped (see Lettenmaier et al. (2015) for details). For example,
surface energy balance algorithms (SEBAL, SEBS) can be ap-
plied to satellite data in individual studies (e.g., Immerzeel and
Droogers 2008; Rientjes et al. 2013). Other retrieval methods
incorporate the Penman-Monteith (MOD16 ET, Mu et al. 2011)
and Priestley-Taylor (GLEAM, Miralles et al. 2011a) formulas
to estimate potential ET and use different approaches to derive

10 of 26

Wiley Interdisciplinary Reviews: Water, 2025

85U8017 SUOWWIOD BAII8.D 3(edl|dde ayy Aq peusenob ke sap e YO 8sn Jo Sa|ni Joj Akeid T 8UIIUO AB|IM UO (SUORIPUOD-PUR-SLLIBI WD A8 | 1M Afe.d 1 jBul[UO//SdNL) SUORIPUOD Pue SIS 1 8L 88S *[5202/70/0€] Uo Areiqiauliuo Aoim 1ea AiseAIN ea1uLoe L A 8TO0L ZIeM/Z00T 0T/I0p/L0D" A3 1M AeIq 1 pUI|UO'SS 1M/t LWO. pepeo|umod ‘2 ‘G202 ‘SreT6r0z



actual ET from multi-spectral (MODIS ET, Table A1) and micro-
wave (GLEAM, Table A1) remote sensing data. Particularly, the
processed, readily available products from MODIS (e.g., Gaur
et al. 2022; Jiang et al. 2020; Koch et al. 2022) and GLEAM (e.g.,
Bouaziz et al. 2021; Odusanya et al. 2019; Sirisena et al. 2020)
are most commonly used for hydrological model evaluation
against ET data.

Annual estimates of global terrestrial ET sum up to 62.8x 103
km? for MODIS ET (Mu et al. 2011) and to 67.9x10? km? for
GLEAM ET (Miralles et al. 2011a), slightly underestimating and
overestimating other reported estimates of 65.5x103km? (Oki
and Kanae 2006). When compared to eddy covariance measure-
ments, MOD16 ET shows a mean absolute error of 0.33 mm/day
for daily ET estimates (Mu et al. 2011) whereas performance
differs with regard to land cover (best performance for forest
for an evaluation over Asia, Kim et al. 2012). GLEAM ET has
an average correlation with eddy covariance measurements of
0.83 on a daily and 0.90 on a monthly basis (43 stations, 1year
of measurements, Miralles et al. 2011b). SEBS performs overall
well for different site conditions with lower performance over
tall and heterogeneous canopies (20 stations, 1.5-10years of
measurements, Ershadi et al. 2014). On average, remote sens-
ing estimates of daily ET differ from eddy covariance mea-
surements by 1.18mm/d (mean RMSE, review of 348 studies
by Tran et al. 2023). However, eddy covariance measurements
may also be greatly biased (Miralles et al. 2011b), for example,
due to footprint heterogeneity and non-closure of the energy bal-
ance (Klosterhalfen et al. 2023), which is, with up to 10%-20%,
a major source of uncertainty for these measurements (Stisen
et al. 2018). Some authors provide plausibility checks of the data
used, including a comparison of satellite-derived ET to in situ
pan-evaporation (Pan et al. 2022), to eddy covariance data
(Ruhoff et al. 2013), or in the absence of measured data to other
ET products (Odusanya et al. 2019; Nguyen et al. 2022) or to (re-
gional) evaluations of the product or algorithms in the literature
(Poméon et al. 2018; Rientjes et al. 2013).

Actual ET, that is, the combined evaporative fluxes from veg-
etation, soil, and water, is most commonly used for evaluation
and calibration of catchment models (e.g., Dembélé et al. 2020b;
Hulsman et al. 2021a; Jiang et al. 2020). Bouaziz et al. (2021) also
compare interception evaporation to GLEAM data. ET calcula-
tion in models is mostly based on one approach (often Penman-
Monteith, Monteith 1965). However, Odusanya et al. (2019)
have evaluated different methods to calculate potential ET
(Hargreaves, Priestley-Taylor, Penman-Monteith) with regard
to the best fit of simulated and observed actual ET.

3.5.2 | Challenges in the Comparison of Simulated
and Observed Data

Due to the representativeness of point measurements and their
comparatively sparse spatial coverage, evaluation of simulated
ET is either rather limited or further processing is required
(Table 5). For instance, eddy covariance measurements have
been further processed to allow for a better spatial representa-
tion through a combination with MODIS data (Pan et al. 2022)
or land use-specific adjustments (Széles et al. 2020).

TABLE 5 | Practical considerations for evaluating simulated with
observation-based evapotranspiration data.

Data source Considerations

Satellite-derived + Choice between readily available
products and application of an
algorithm
« Clouds restrict the availability of
products based on optical satellite data
« Be aware of seasonal (rainy or dry

season) and regional biases in the data

» More suitable for small catchments
or model units for which the
measurements are representative,
e.g., considering the footprint of eddy
covariance measurements

In situ

As with the retrieval of SC, cloud cover is a major challenge for
the ET retrieval from satellite data (Ruhoff et al. 2013, Table 5),
particularly for those approaches that are based on optical sat-
ellite imagery (e.g., MOD16 algorithm). In monsoon regions,
this may result in missing data for the entire rainy season
(Immerzeel and Droogers 2008). Sometimes, climate station
data and the Penman-Monteith equation are used to fill data
gaps due to cloud cover (Nesru et al. 2020; Rientjes et al. 2013).
Wang et al. (2023) point out that increased cloud coverage also
affects microwave-based products like GLEAM, resulting in an
overestimation of ET. More generally, Jiang et al. (2020) argue
that MODIS products have positive and negative biases in dif-
ferent locations. For the comparison of modeled and satellite-
derived ET, seasonal misfits are reported: for dry conditions
between the HBV model and SEBS (Rientjes et al. 2013), in
summer attributed to biases of MODIS for heterogeneous vege-
tation covers and in complex terrain (Ala-aho et al. 2017) and on
the contrary, in the wet season for MOD16 (Ruhoff et al. 2013).
Moreover, for a study in New South Wales, the errors in the ob-
served water balance derived from MODIS ET reach values of
up to 30% of total precipitation (Figure 5 in Vervoort et al. 2014),
preventing any meaningful calibration of a hydrological model.
A further challenge regarding the spatial information provided
by remotely sensed ET products is that ET in general follows a
climate gradient. Koch et al. (2022) show for the Senegal river
basin that normalizing the ET pattern to remove a precipitation-
induced trend in the data before using it for model calibration
improves model performance with respect to spatial patterns
of ET.

Regarding the choice of the ET product, the readily available ET
products from MODIS and GLEAM are more commonly used,
as the application of algorithms like SEBS (Nesru et al. 2020)
or SEBAL (Immerzeel and Droogers 2008) requires more
knowledge and effort. In addition, further processing is some-
times necessary, for example, Immerzeel and Droogers (2008)
adjust solar radiation inputs to make reference ET in SEBAL
and SWAT comparable. However, in a study by Odusanya
et al. (2019) GLEAM and MODIS ET differ significantly from
each other, underlining that the choice of the ET product af-
fects the results. Lettenmaier et al. (2015) highlight the need to
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reduce uncertainties in parameters like albedo, aerodynamic
temperatures, and surface emissivity to improve ET retrieval
from satellite data.

3.6 | Altimetric Water Level

3.6.1 | Observation Methods, Uncertainties
and Data Products

Satellite-borne radar altimeters provide estimates of surface
elevation. Wherever the track of a specific satellite passes over
an open water surface, the obtained surface elevation reflects
the water level at the time and location of the overpass, in lit-
erature referred to as “virtual station”. Despite various sources
of uncertainty arising from, among others, errors in radial
orbits, instrumental bias, or the choice of the tracker (e.g.,
Birkett 1998), many studies have demonstrated that altimeters
can estimate water levels of inland water bodies “within er-
rors of ~10-50cm” (e.g., Alsdorf et al. 2007; Seyler et al. 2013;
Schneider et al. 2018; Nielsen et al. 2022). With early altimeters,
this was possible only for water bodies “larger than ~1-2km in
width” (e.g., Birkett 1998), but retrievals from more recent satel-
lite missions have been routinely and successfully used to gen-
erate water level estimates for rivers and lakes with widths of
100-200m and in some cases even as small as 50m (Sulistioadi
et al. 2015). Depending on the satellite mission, the estimates are
available at temporal resolutions of 10-35days. A comprehen-
sive list of past and current satellite missions and their charac-
teristics is provided in Table A2. Several open access databases
(see Table Al; Abdalla et al. 2021; Birkett et al. 2009; Crétaux
et al. 2011; Schwatke et al. 2015) have facilitated the easy usabil-
ity of processed and ready-to-use altimetry data for applications
in terrestrial hydrology.

3.6.2 | Challenges in the Comparison of Simulated
and Observed Data

While altimetry water levels are routinely used for data assim-
ilation in hydrodynamic models (e.g., Andreadis et al. 2007;
Biancamaria et al. 2009; Tourian et al. 2017; Larnier et al. 2021),
they are used much less for hydrological model evaluation (e.g.,
Coe et al. 2002; Getirana 2010; Zhang et al. 2023). This seems
to be due to the fact that hydrological models typically only

produce estimates of streamflow rather than river water levels
as output. They therefore require the definition of stage—dis-
charge relationships for individual virtual stations to map mod-
eled streamflow onto altimetry water level estimates.

Challenges when using water surface elevation for hydrolog-
ical model evaluation can generally be related to the inherent
characteristics of altimetry estimates on the one hand and the
definition of stage-discharge relationships on the other hand.
With respect to the challenges associated with the characteris-
tics of altimetry estimates, high inter- and along-track distances
between individual signal retrievals lead to the situation that a
considerable fraction of surface waters, located between indi-
vidual satellite tracks, is missed by satellite overpasses (Alsdorf
et al. 2007). In addition, and as a major source of uncertainty,
the wide footprint of the radar beam on the earth's surface,
which may be several kilometers wide, may result in a “contam-
inated” signal over heterogeneous areas composed of water and
land surfaces (Calmant et al. 2008). The long repeat periods of
10-35days lead to rather low temporal resolutions at individual
virtual stations. Virtual stations from multiple missions can
be combined to increase the number of data points and ensure
robust model calibration (e.g., Getirana 2010; Sun et al. 2012;
Hulsman et al. 2020). However, uncertainties of combined series
should be accounted for carefully, since each mission is charac-
terized by different types of errors that need to be considered
before combining the products (Calmant et al. 2008).

Challenges associated with the definition of stage-discharge re-
lationships are mainly related to uncertainties in estimates of
channel roughness (i.e., Manning coefficient), geometry, and
slope. Different strategies have been outlined to relate altime-
try water levels to streamflow, as summarized in Table 6, based
on (i) coupling past in situ water level and streamflow observa-
tions with a functional relationship between in situ and altim-
etry water levels (e.g., Roux et al. 2008; Coe and Birkett 2004;
Tarpanelli et al. 2017), (ii) coupling altimetry water levels with
in situ streamflow estimates (Kouraev et al. 2004; Zakharova
et al. 2020; Tarpanelli et al. 2013; Tourian et al. 2017), or (iii)
merging altimetry water levels with information on cross-section
geometry, channel width, slope, and flow velocity (Bjerklie
et al. 2003; Birkinshaw et al. 2014; Zakharova et al. 2020). In
the frequent absence of local data, values for river depth, cross-
sectional area, and depth-averaged velocity have to be either
calibrated or inferred from other data sources, such as optical

TABLE 6 | Practical considerations for evaluating simulated hydrological variables with water levels derived from altimetry data.

Data source

Considerations

Satellite-derived

Strategies to relate altimetry water levels to available in situ

streamflow data through a stage-discharge relationship

« Coupling past in situ water level and streamflow observations with a functional relationship between
in situ and altimetry water levels
« Coupling altimetry water levels with in situ streamflow estimates
Strategies to simulate streamflow data through a stage-discharge

relationship when in situ observations are unavailable

+ Conversion of simulated streamflow into water levels by means of stage-discharge relationships based
on river cross section geometry, roughness, and slope.
« Additional remotely sensed data may be employed to obtain more reliable estimates of river cross

section geometry
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sensors for river width (e.g., Landsat) or terrain elevation data,
which, however, frequently do not offer the required spatial res-
olution and accuracy. Similarly, robust and reliable values for
channel roughness need to be estimated, which are typically
assumed constant in time and space in models, whereas they
can be highly variable in reality. Several studies highlight that
the main source of uncertainty when using altimetry data is due
to the simplified definition of the channel cross sections at the
virtual stations (Getirana et al. 2013). Indeed, the lower model
performances obtained from calibration to altimetry data arise
mostly from the uncertainty of the rating curve parameters in
addition to the low temporal resolution of the altimetry data
used (Sun et al. 2012).

Looking ahead, the surface water and ocean topography
(SWOT) mission, launched in December 2022, will provide
global water level observations for rivers wider than 50-100m
(Biancamaria et al. 2016). Instead of using the profiling tech-
nique of conventional altimeters, this mission makes use
of wide swath altimetry, which provides spatially distrib-
uted water surface levels, river widths, and slopes (Prigent
et al. 2016; Tarpanelli et al. 2021), addressing some of the
above challenges (Durand et al. 2016, 2023; Yoon et al. 2016;
Sikder et al. 2021) with the potential of establishing stream-
flow estimates from remotely sensed water levels and ge-
ometry complementary to river gauges (Fekete et al. 2012;
Gleason and Durand 2020). For more detailed information
on satellite altimetry water levels and their potential, we
refer the reader to synthesis and review papers by Alsdorf
et al. (2007), Gleason and Durand (2020), Abdalla et al. (2021)
and Tarpanelli et al. (2021).

4 | Benefits and Future Directions of Including
Hydrological Observations Beyond Streamflow for
Hydrological Model Evaluation and Calibration

4.1 | Benefits of Additional Hydrological Variables
in Model Calibration

One of the main motivations for including additional hydro-
logical variables besides streamflow in model calibration is to
enhance the representation of these variables and to improve
process realism (e.g., Hrachowitz et al. 2021; Kreye et al. 2019;
Werth et al. 2009; Schumacher et al. 2018). Including additional
hydrological variables can lead to more realistic parameter es-
timates (e.g., Széles et al. 2020) and reduced parameter uncer-
tainties of the related model components (Parajka et al. 2009;
Duethmann et al. 2014; Kelleher et al. 2017). Furthermore, using
additional data besides streamflow may result in better perfor-
mance of other hydrological variables, known as cross-benefit.
For example, authors report an improved simulation of ET after
calibrating the model with in situ root zone soil moisture (Rajib
et al. 2016), machine learning-based soil moisture data (Mei
et al. 2023), or TWS (Dembélé et al. 2020b; Pool et al. 2024) in
addition to streamflow.

Obviously, adding a further variable to model calibration in ad-
dition to streamflow is not likely to increase streamflow model
performance during calibration. While many studies show
only minor streamflow performance decreases (e.g., Nijzink

et al. 2018; Rajib et al. 2016; Bai et al. 2018; Milzow et al. 2011),
other studies reveal stronger trade-offs with a clear decrease
in streamflow performance (e.g., Lo et al. 2010; Dembélé
et al. 2020b). Such trade-offs can indicate data problems (e.g.,
Duethmann et al. 2014) or issues with the model structure
that can motivate model structural improvements (Hulsman
et al. 2021a; Meyer Oliveira et al. 2021). Improved process
consistency may, however, increase streamflow performance
during evaluation (e.g., Li et al. 2018; Gomis-Cebolla et al. 2022;
Parajka and Bloschl 2008b). Furthermore, the spatial informa-
tion introduced into the calibration process by satellite-derived
data can result in better streamflow simulation at gauges that
were not used during calibration, as Li et al. (2018) show for soil
moisture.

Recently, an increased number of studies include more than
one hydrological variable besides streamflow, for example, com-
bining streamflow, surface water level, TWS, and soil moisture
(Milzow et al. 2011), streamflow, TWS, soil moisture, and ET
(Dembélé et al. 2020b; Pool et al. 2024), or streamflow, ground-
water level, and ET (Ala-aho et al. 2017). Nijzink et al. (2018)
compare the value of various remote-sensing products for
constraining model parameters of lumped conceptual models
applied to catchments in Europe. Their results indicate that
AMSRE-E and ASCAT soil moisture, as well as GRACE storage
variations, are particularly useful, while LSAF and MODIS ET
products contribute relatively little. Széles et al. (2020) include
various in situ data to calibrate a model for a small catchment in
Austria and find that soil moisture and ET data had the largest
influence on runoff. Additional hydrological variables may also
be used for further evaluation, particularly with regard to spatial
patterns, as shown by Gaur et al. (2022), who calibrate a model
against streamflow and groundwater levels and evaluate its spa-
tial performance against ET and soil moisture patterns.

A big advantage of additional hydrological variables is that
they may serve for model calibration in catchments where
in situ streamflow measurements are scarce or absent. For
large rivers, altimetry data have often been applied for this
purpose, and the majority of the reviewed studies show that
streamflow is effectively estimated with very good to satis-
factory performance, even though with slightly lower per-
formance values compared to the classical calibration with
in situ streamflow data (Getirana 2010; Sun et al. 2012; Huang
etal.2020; Liu et al. 2015). ET data have also often been applied
in data-scarce regions (e.g., Odusanya et al. 2019). Immerzeel
and Droogers (2008) and Meyer Oliveira et al. (2021) showed
that calibration with ET improved streamflow model perfor-
mance when compared to an uncalibrated model, underlin-
ing the benefit of hydrological variables beyond streamflow
for predictions in ungauged basins. Calibration in data-scarce
regions can further benefit from including several hydrologi-
cal variables, for example, by combining altimetry water levels
with GRACE TWS (Hulsman et al. 2020).

4.2 | Recommendations and Future Directions
There has been a growing emphasis on advancing multi-

variable calibration approaches to improve the accuracy and
reliability of hydrological models. We see several key aspects
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to further advance multivariable calibration and evaluation of
hydrological models. Open data platforms, such as those for
various satellite-derived products, in situ data (Table Al), or
the CAMELS data sets (Newman et al. 2015) for catchment
streamflow and meteorological data, are extremely useful to
facilitate data access. However, there is much more data avail-
able that is not currently shared in large-scale databases, and
further data sharing would greatly improve data accessibility.
Furthermore, the provision of ready-to-use products, such as
those from MODIS for remote sensing data, reduces the need for
specific expertise in remote sensing technologies and has greatly
increased the use of satellite-derived data for hydrological model
calibration. Additionally, the development and sharing of pre-
processing tools and scripts can simplify processing workflows.

Systematically accounting for uncertainties represents a crucial
step in advancing multi-variable hydrological model calibration.
While it is now common practice to consider parameter uncer-
tainty in model calibration, uncertainties in the data used for
model calibration, particularly beyond streamflow, are often not
explicitly addressed. Examples of exceptions are the consideration
of uncertainties in the study by Jiang et al. (2020) or a discussion
of uncertainties, for example, by Ruhoff et al. (2013). However,
disregarding data uncertainties during model calibration can re-
sult in over-constraining the model, resulting in overconfidence
in the model and reduced process consistency. Moreover, under-
estimation of uncertainties in hydrological data may result in un-
justified model rejection when used for model evaluation.

Unfortunately, information on data uncertainties is not al-
ways reported with the data, although this would be desirable.
Since information on data uncertainties is often only vague,
for example when estimated based on expert opinion, informal
approaches may be the most appropriate to account for uncer-
tainties. For example, following the Limits of Acceptability ap-
proach, uncertainty estimates can be used to define the limits of
acceptability (Mackay et al. 2018). Alternatively, objective func-
tions may be expressed as fuzzy functions to reflect vague in-
formation on uncertainties (Duethmann et al. 2015). Moreover,
soft indicators may be generated based on satellite-derived data
of hydrological variables together with uncertainty estimates
and expert knowledge (Bouaziz et al. 2021). Accounting for un-
certainties will particularly prevent cases where integrating un-
certain data of an additional hydrological variable deteriorates
a model. It will enable adding data from different hydrological
variables with different levels of uncertainty, so that the model
can then serve to integrate the knowledge on the hydrology of
the system obtained from different data sources. The integra-
tion of various data sets in a model framework may also reveal
potential inconsistencies in specific data sets. Ways to convey
such information from data users to data providers should be
established and used.

5 | Conclusion

The reviewed studies use a variety of alternative hydrological
variables beyond streamflow observations for model evaluation
and calibration in catchment hydrology. Consistent findings
from these studies highlight that:

1. The use of multiple hydrological variables during model
calibration considerably improves process representation
in hydrological models. Mostly, additional variables are
tested in combination with streamflow, but the use of a sin-
gle variable itself (e.g., ET) has also proven useful, under-
lining the suitability for model applications in data-scarce
regions.

2. The inclusion of an additional variable in an otherwise
streamflow-based calibration often results in a slight de-
crease in performance with regard to streamflow. This
trade-off is generally accepted, given the gain in process
representation.

3. Comparability of observed and modeled data needs to
be accounted for to facilitate the use of additional data.
Differences may be due to a different variable definition in
the data product or the model (e.g., groundwater in con-
ceptual models) as well as differences in spatial scales and
biases in observed and modeled data. These differences
result in challenges and substantial pre-processing efforts
when comparing observed and modeled data.

4. Uncertainties are often not considered. However, inte-
grating biased or noisy data of an additional hydrological
variable may deteriorate model performance and decrease
process consistency, though such cases are hardly reported.
There is a need for better knowledge of uncertainties in
observational data sets, particularly in remote sensing-
derived data, as well as for multi-variable calibration
frameworks that enable the consideration of uncertainties.

5. Objective functions for multi-variable calibration often
include subjective weights. More transparent and well-
documented approaches for evaluating performance are
recommended to facilitate compatibility between different
studies.

As the reviewed studies show, the use of additional hydrologi-
cal variables has become state-of-the-art in model evaluation.
However, given the amount of hydrological data beyond stream-
flow observations, we conclude that these data treasures still
remain largely unexploited. This review should encourage the
use of additional hydrological variables in hydrological model
evaluation and ultimately contribute to improving process rep-
resentation in models. This is especially important given the
increased relevance of accurate process representation when
models are applied under changed conditions such as in climate
or land use change impact studies.
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https://nsidc.org/data/myd10a1/versions/6#anchor-1
https://nsidc.org/data/mod10a1/versions/6
https://www.usgs.gov/landsat-missions/landsat-fractional-snow-covered-area-science-products
https://www.usgs.gov/landsat-missions/landsat-fractional-snow-covered-area-science-products
https://www.globsnow.info/swe/archive_v3.0/
https://land.copernicus.eu/global/products/swe
https://smap.jpl.nasa.gov/data/
https://hsaf.meteoam.it/Products/ProductsList?type=soil_moisture
https://hsaf.meteoam.it/Products/ProductsList?type=soil_moisture
https://earth.esa.int/eogateway/catalog/ers-2-scatterometer-surface-soil-moisture-time-series-and-orbit-product-in-high-and-nominal-resolution-ssm-h-n-ts-ssm-h-n-
https://earth.esa.int/eogateway/catalog/ers-2-scatterometer-surface-soil-moisture-time-series-and-orbit-product-in-high-and-nominal-resolution-ssm-h-n-ts-ssm-h-n-
https://earth.esa.int/eogateway/catalog/ers-2-scatterometer-surface-soil-moisture-time-series-and-orbit-product-in-high-and-nominal-resolution-ssm-h-n-ts-ssm-h-n-
https://nsidc.org/data/ae_land3
http://nsidc.org/data/au_land
https://earth.esa.int/web/guest/-/
https://www.esa-soilmoisture-cci.org/node/145
https://land.copernicus.eu/global/products/swi
http://www.climatologylab.org/terraclimate.html
https://ismn.earth/
https://springernature.figshare.com/collections/Global_soil_moisture_from_in_situ_measurements_using_machine_learning_-_SoMo_ml/5142185
https://springernature.figshare.com/collections/Global_soil_moisture_from_in_situ_measurements_using_machine_learning_-_SoMo_ml/5142185
https://springernature.figshare.com/collections/Global_soil_moisture_from_in_situ_measurements_using_machine_learning_-_SoMo_ml/5142185
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https://doi.org/10.1126/science.1229881
https://isdc.gfz-potsdam.de/grace-isdc/
https://grace.jpl.nasa.gov/data/get-data/
https://grace.jpl.nasa.gov/data/get-data/
https://www2.csr.utexas.edu/grace/
https://www2.csr.utexas.edu/grace/
https://www.iaea.org/services/networks/gnip
https://www.iaea.org/services/networks/gnir
https://lpdaac.usgs.gov/products/mod16a2v006/
https://lpdaac.usgs.gov/products/mod16a2v061/
https://lpdaac.usgs.gov/products/mod16a3v006/
https://lpdaac.usgs.gov/products/mod16a3gfv061/
https://www.gleam.eu/
https://www.gleam.eu/
https://earlywarning.usgs.gov/ssebop/modis/daily
https://earlywarning.usgs.gov/fews
https://fluxnet.org/data/fluxnet2015-dataset/
https://fluxcom.org/
https://hydroweb.theia-land.fr/
https://ipad.fas.usda.gov/cropexplorer/global_reservoir/
https://dahiti.dgfi.tum.de/

TABLE A2 | Listof past and current satellite missions providing estimates of water surface elevation, including main features.

Inter-track

Along-track

Mission Space Agency Time period Repeat period (d) distance (km) distance (m)
Geosat US Navy 1985-1990 17 165
ERS-1 ESA 1991-2000 35 80
TOPEX/Poseidon NASA/CNES 1992-2005 10 315 620
ERS-2 ESA 1995-2011 35 80 374
Jason-1 CNES/NASA 2001-2013 10 315 294
Envisat ESA 2002-2012 35 80 374
Jason-2 CNES/NASA/ 2008-2019 10 315 294
EUMETSAT/NOAA
SARAL/AltiKa CNES 2013-present 35 80 173
Jason-3 CNES/NASA/ 2016-present 10 315
EUMETSAT/NOAA
Sentinel-3A/B ESA 2016-present 27 52
Jason-CS/Sentinel-6 EUMETSAT/NASA 2020-present 10 315
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