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SUMMARY

This dissertation addresses multiple challenges in hydrological modeling, focusing on
reproducibility, large-sample catchment diagnostics, and the role of observational un-
certainty in interpreting model performance. Through a series of applied studies, it pro-
poses practical tools and methods to improve the transparency, comparability, and in-
terpretability of hydrological models, without overstating what current data or models
can reliably deliver. Throughout, the thesis argues that apparent limitations in model
evaluation, including the persistence of equifinality, can be reduced by expanding the
observational basis against which models are tested, rather than accepting them as in-
herent properties of the system.

Central to this work are the development and application of the eWaterCycle plat-
form: a modular, community-driven system that promotes reproducible modeling
through standardized interfaces and containerized environments. By building on exist-
ing models through the Basic Model Interface (BMI) and deploying experiments at scale,
eWaterCycle enables model intercomparison and refinement with fewer technical bar-
riers. Although it does not eliminate all integration complexity, the platform provides
a practical foundation for reproducible, FAIR-compliant workflows and has already en-
abled new forms of collaborative experimentation.

Using this platform, the thesis evaluates the effects of spatial resolution on hydro-
logical model performance. Results from 454 CAMELS-US catchments show that a finer
spatial resolution (down to 200 m) does not universally improve streamflow predictions
at catchment outlets. Although resolution matters in some contexts, particularly where
topography or land cover is complex, the overall gains are limited and often fall within
uncertainty bounds. These findings suggest that investing in higher spatial resolution
without a corresponding investment in observational density is a questionable alloca-
tion of research effort. “Hyper-resolution” modeling, though technically feasible, must
be approached with clear use cases and a realistic assessment of whether the available
data can actually support it.

Expanding the scope of model diagnostics, the research applies machine learning
(specifically, a random forest) to link catchment attributes to model performance across
617 CAMELS-GB catchments. The analysis shows that model suitability often varies
with catchment scale and physical characteristics, with different models (wflow_sbm
and PCR-GLOBWB) excelling under different conditions. This underscores the “reality
of locality” in hydrology: every catchment presents a unique combination of dominant
processes, making the pursuit of a universal model impractical. Although the results ex-
pose structural model limitations, they also demonstrate the potential of machine learn-
ing as a diagnostic tool, an application that deserves greater emphasis alongside its more
common use in prediction.

A key contribution of the dissertation is the integration of uncertainty in discharge
observations into model evaluation. Using quantified uncertainty estimates from 299

ix



X SUMMARY

CAMELS-GB catchments, the analysis shows that a significant share of perceived per-
formance improvements, whether achieved through parameter tuning or arising from
structural differences, may fall within the uncertainty bounds of the observations. No-
tably, no clear relationship was found between model complexity and model perfor-
mance, challenging the assumption that more complex models are inherently more ca-
pable. Together, these findings call into question how model results are interpreted and
underline the need to report and account for uncertainty more systematically.

The concluding chapters synthesize these results, arguing for a more critical yet con-
structive modeling practice: one that embraces reproducibility and large-sample eval-
uation while recognizing the limits of model resolution, structural complexity, and ob-
servational quality. They make the case that advancing hydrology depends as much on
investing in new and better observations—from rehabilitating existing gauging networks
to deploying novel sensing technologies and satellite products—as it does on improving
models. By embedding uncertainty diagnostics into the evaluation process and facili-
tating open, repeatable workflows, this work contributes to a more robust and realistic
foundation for model improvement and application.

Looking ahead, the thesis outlines clear directions for future research: expanding
eWaterCycle to include more models and domains; exploiting underutilized satellite
missions and opportunistic data sources; and bridging the cultural divide between mod-
elers and field scientists so that data collection and model experimentation become two
sides of the same scientific process. Although challenges remain, particularly in the
community-wide adoption of reproducible practices, the tools and insights developed
here offer a tangible step forward.

In summary, this dissertation contributes to hydrological science by combining re-
producible modeling tools with diagnostic depth. It promotes a more transparent and
critical modeling practice, one that acknowledges uncertainty, challenges complacency
about data scarcity, and encourages the responsible use of models. Rather than seek-
ing breakthroughs, the work focuses on enabling more reproducible, interpretable, and
broadly applicable hydrological modeling, thereby helping build a stronger foundation
for both scientific progress and practical decision-making. The path forward is not to
accept the limitations we have inherited, but to systematically reduce them.



SAMENVATTING

Dit proefschrift behandelt meerdere uitdagingen in hydrologische modellering, met een
focus op reproduceerbaarheid, diagnostiek en de rol van observatieonzekerheid bij het
interpreteren van modelprestaties. Aan de hand van een reeks toegepaste studies wor-
den praktische instrumenten en methoden voorgesteld om de transparantie, vergelijk-
baarheid en interpreteerbaarheid van hydrologische modellen te verbeteren, zonder te
overschatten wat met de huidige data en modellen betrouwbaar kan worden bereikt.
Het proefschrift betoogt consequent dat ogenschijnlijke beperkingen in modelevalua-
tie, waaronder het blijven bestaan van equifinaliteit, kunnen worden verkleind door de
observationele basis waarop modellen worden getoetst te verbreden, in plaats van deze
beperkingen als inherente eigenschappen van het systeem te beschouwen.

De ontwikkeling en toepassing van het eWaterCycle-platform staan centraal in dit
werk. Het is een modulair, gemeenschapsgedreven systeem dat reproduceerbare mo-
dellering stimuleert via gestandaardiseerde interfaces en containergebaseerde omgevin-
gen. Door via de Basic Model Interface (BMI) voort te bouwen op bestaande model-
len en experimenten op schaal uit te voeren, maakt eWaterCycle modelvergelijking en
-verbetering mogelijk met minder technische drempels. Hoewel het platform niet alle
integratiecomplexiteit wegneemt, biedt het een praktische basis voor reproduceerbare,
FAIR-conforme workflows.

Met behulp van dit platform onderzoekt het proefschrift de effecten van ruimtelijke
resolutie op de prestaties van hydrologische modellen. Resultaten van 454 CAMELS-
US-stroomgebieden laten zien dat een fijnere ruimtelijke resolutie (tot 200 m) niet altijd
leidt tot betere afvoerschattingen bij de uitstroompunten van stroomgebieden. Hoe-
wel resolutie in bepaalde contexten belangrijk is, met name bij complexe topografie of
landbedekking, blijven de algehele prestatiewinsten beperkt en vallen ze vaak binnen de
onzekerheidsmarges. Deze bevindingen suggereren dat investeren in een hogere ruim-
telijke resolutie zonder een evenredige investering in observatiedichtheid een twijfel-
achtige besteding van onderzoeksmiddelen is. Hyperresolutiemodellering is weliswaar
technisch haalbaar, maar moet worden benaderd vanuit duidelijke toepassingsdoelen
en een realistische beoordeling van de mate waarin de beschikbare data deze kunnen
ondersteunen.

Het onderzoek verbreedt de reikwijdte van modeldiagnostiek door machinelearning
(specifiek een random forest) toe te passen om stroomgebiedseigenschappen te koppe-
len aan modelprestaties voor 617 CAMELS-GB-stroomgebieden. De analyse laat zien
dat de geschiktheid van modellen vaak varieert met de schaal en fysieke kenmerken van
een stroomgebied, waarbij verschillende modellen (wflow_sbm en PCR-GLOBWB) on-
der verschillende omstandigheden beter presteren. Dit benadrukt de “realiteit van lo-
kaliteit” in de hydrologie: elk stroomgebied kent een unieke combinatie van dominante
processen, waardoor het streven naar een universeel model onpraktisch is. Hoewel de
resultaten structurele modelbeperkingen blootleggen, tonen ze ook het potentieel van
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machinelearning als diagnostisch instrument, een toepassing die meer aandacht ver-
dient naast het gangbaardere gebruik ervan voor voorspellingen.

Een belangrijke bijdrage van dit proefschrift is de integratie van onzekerheid in af-
voerwaarnemingen in de modelevaluatie. Met behulp van gekwantificeerde onzeker-
heidsschattingen voor 299 CAMELS-GB-stroomgebieden wordt aangetoond dat een aan-
zienlijk deel van de ogenschijnlijke prestatieverbeteringen, hetzij door parameteropti-
malisatie, hetzij door structurele modelverschillen, binnen de onzekerheidsmarges van
de waarnemingen valt. Opvallend is dat er geen duidelijk verband werd gevonden tus-
sen modelcomplexiteit en modelprestaties, wat de aanname dat complexere modellen
inherent beter presteren ter discussie stelt. Deze bevindingen stellen ook de interpre-
tatie van modelresultaten ter discussie en onderstrepen de noodzaak om onzekerheid
systematischer te rapporteren en mee te nemen.

De afsluitende hoofdstukken vatten deze resultaten samen en pleiten voor een kriti-
schere, maar ook constructievere modelleerpraktijk: een praktijk die reproduceerbaar-
heid en grootschalige evaluatie omarmt en tegelijkertijd de grenzen van modelresolutie,
structurele complexiteit en waarnemingskwaliteit erkent. Deze hoofdstukken stellen dat
vooruitgang in de hydrologie evenzeer athangt van investeringen in nieuwe en betere
waarnemingen als van verbeteringen aan modellen. Die waarnemingen lopen uiteen
van het herstellen van bestaande meetnetwerken tot het inzetten van nieuwe meettech-
nieken en satellietproducten. Door onzekerheidsdiagnostiek te integreren in het evalu-
atieproces en open, herhaalbare workflows te faciliteren, levert dit werk een robuustere
en realistischere basis voor modelverbetering en toepassing.

Met het oog op de toekomst schetst het proefschrift duidelijke richtingen voor ver-
volgonderzoek: het uitbreiden van eWaterCycle met meer modellen en toepassingsdo-
meinen; het benutten van onderbenutte satellietmissies en opportunistische databron-
nen; en het overbruggen van de culturele kloof tussen modelleurs en veldwetenschap-
pers, zodat dataverzameling en modelexperimentatie twee zijden van hetzelfde weten-
schappelijke proces worden. Hoewel er uitdagingen blijven bestaan, met name bij de
brede adoptie van reproduceerbare werkwijzen, vormen de hier ontwikkelde instrumen-
ten en inzichten een concrete stap vooruit.

Samenvattend levert dit proefschrift een bijdrage aan de hydrologische wetenschap
door reproduceerbare modelleringsinstrumenten te combineren met diepgaande dia-
gnostiek. Het bevordert een transparantere en kritischere modelleerpraktijk die onze-
kerheid erkent, berusting in dataschaarste ter discussie stelt en verantwoord modelge-
bruik stimuleert. In plaats van doorbraken na te streven, richt dit werk zich op het mo-
gelijk maken van reproduceerbare, interpreteerbare en breed toepasbare hydrologische
modellering, waarmee een steviger fundament wordt gelegd voor zowel wetenschap-
pelijke vooruitgang als praktische besluitvorming. De weg vooruit bestaat niet uit het
accepteren van bestaande beperkingen, maar uit het systematisch verkleinen ervan.



INTRODUCTION

All models are wrong, but some are useful.

George E. P. Box

This thesis aims to improve the reproducibility and rigor of hydrological modeling by sys-
tematically comparing a range of hydrological model structures, from lumped conceptual
to hyper-resolution physically based approaches, across large-sample catchment datasets.
It builds on and contributes to the eWaterCycle framework, a community-driven platform
that facilitates open, transparent, and FAIR-compliant model experimentation by stan-
dardizing interactions across different hydrological models. By integrating multiple data
sources, including hydrometeorological measurements and derived products, this research
evaluates how models of varying complexity and resolution perform under diverse hydro-
climatic conditions. The findings demonstrate how scale, heterogeneity, and data limi-
tations influence streamflow and other hydrological outputs, offering guidance for more
robust and transferable hydrological modeling practices.



2 1. INTRODUCTION

1.1. FROM PLAINS TO PROOFS

In the 1930s, unsustainable agricultural practices and severe drought ravaged the Great
Plains of the United States, creating the infamous “Dust Bowl.” Severe dust storms dis-
rupted livelihoods and agricultural productivity, and 1934 proved especially devastating,
underscoring the need for sound agricultural and water management practices. In that
same year, British-Austrian philosopher Karl Popper formulated the modern scientific
method by introducing his theory of falsification in his seminal work Logik der Forschung
(later published in English as The Logic of Scientific Discovery). Popper argued that sci-
entific theories can never be definitively proven, but they can be corroborated through
attempts at falsification. The method of falsification became central to the scientific ap-
proach: a hypothesis should yield predictions that can be tested and potentially falsified.

Within the hydrological sciences, models serve as key tools for predicting and evalu-
ating how catchments function. A catchment is the topographic area within which any
raindrop ultimately flows into the same stream or river'. Understanding how a catch-
ment responds to precipitation, temperature, (reference) evapotranspiration, and other
inputs is central to water resource management. The process of building hydrological
models typically begins with perceptual models—mental or schematic representations
grounded in field observations and expert knowledge. These perceptual models capture
the primary pathways of water movement, from rainfall infiltration to runoff, as shaped
by each hydrologist’s unique training and experience (Beven, 2001a; Beven and Chap-
pell, 2021; Gupta et al., 2008, 2012; Seibert and McDonnell, 2002; Tetzlaff et al., 2008).

As understanding of the system grows, perceptual models evolve into conceptual
models, which employ mathematical constructs to represent interconnected reservoirs
(e.g., unsaturated and saturated soil zones) and fluxes (the water exchanges between
them) (Beven, 2001b; Wagener, 2004). In keeping with Popper’s principle of falsification,
each hydrological model can be treated as a hypothesis regarding catchment behavior
and can be refined or refuted by comparing its predictions with observed data (Clark,
Kavetski, and Fenicia, 2011).

In practice, however, applying falsification to hydrological models is far from straight-
forward. The inverse problem in hydrology is statistically ill-posed (Vrugt et al., 2002):
the available observations are insufficient to uniquely determine model parameters, so
multiple parameter sets or even structurally different models can reproduce the same
observed behavior. This situation has been formalized as the concept of equifinality
(Beven and Freer, 2001), which, while highlighting uncertainty, risks undermining the
very principle of falsification that should drive model improvement. If many models
are deemed equally acceptable, meaningful hypothesis rejection becomes difficult, im-
peding scientific progress. This is fundamentally at odds with the Popperian approach
to science outlined above. This thesis argues that this impasse can be broken not by ac-
cepting equifinality as an inherent property of the system, but by expanding the observa-
tional basis against which models are tested, thereby reducing the number of acceptable
model configurations, ideally to one.

1with the exception of groundwater seeping out of the catchment (Bouaziz, Weerts, et al., 2018).
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Figure 1.1: Illustration of a perceptual model.

1.2. HYDROLOGICAL MODELS

Early hydrological research laid the groundwork for our present understanding of catch-
ment processes, shaping today’s diverse range of hydrological models. During the 17th
and 18th centuries, pioneers such as Pierre Perrault, Edme Mariotte, and Bernard Palissy
systematically collected data and used analytical methods to advance scientific knowl-
edge of how water flows through landscapes (i.e., the hydrological cycle). In the 19th
century, the seminal work of Darcy, Buckingham, Navier, and Stokes established physical
principles that would become central to hydrology. By the 1930s, pivotal breakthroughs
concerning infiltration and overland flow (Horton, 1932) and the movement of water
in unsaturated soils (Richards, 1931) further refined the field’s theoretical foundation.
These insights allowed hydrologists to move from initial perceptual models (i.e., mental
sketches of catchment behavior) to more formal conceptual models of how water moves
from precipitation to runoff.



4 1. INTRODUCTION

Figure 1.2: Two “leaky bucket” models: a lumped conceptual representation on the left and a physically based
distributed representation on the right.

Conceptual hydrological models consist of relationships that describe, through math-
ematical equations, the connections between a hydrological system’s reservoirs (states)
and flows (fluxes). These relationships adhere to the principles of mass balance, conser-
vation of mass, and the energy balance (e.g., Clark, Kavetski, and Fenicia, 2008; Savenije,
2009). Together, they form the water balance, which in its simplest form” can be written
as:

P-Q-ET=AS,

where P is precipitation entering the system over time (input), Q is streamflow leav-
ing the system over time (output), ET is evapotranspiration, including both evaporation
from the surface and transpiration from plants over time (output), and AS is the change
in the system’s storage over time. The storage state, S, is often represented in hydrologi-
cal models as a “leaky bucket,” with the input and output fluxes P, Q, and ET filling and
emptying the “bucket” over time.

The apparent simplicity of the water balance equation conceals a complexity that
hydrologists have struggled with for decades (Grayson et al., 1997; Kirchner, 2006; Or,
2019; Peter-Lidard et al., 2017). The processes underlying the movement of water vary
significantly across landscapes, climate zones, and timescales and are also affected by
human influences (Beven et al., 1988; de Marsily et al., 2005; Gao et al., 2018; McDonnell
et al., 2007; Troch et al., 2009). This system heterogeneity is difficult to resolve math-
ematically and underscores the reality that no single model structure can adequately
represent all hydroclimatic conditions. This challenge is part of the broader “curse of lo-
cality” (Bierkens et al., 2015), which highlights the difficulty of generalizing hydrological
models across regions.

2Inter-catchment groundwater flow is not included in this formulation.
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Over time, a wide variety of hydrological models has emerged, each reflecting differ-
ent assumptions about how best to represent catchment-scale complexity (Abbott et al.,
1986; Bergstrom and Forsman, 1973; Burnash, 1973; Kollet and Maxwell, 2008; Perrin et
al., 2003; Refsgaard and Storm, 1995; van Beek and Bierkens, 2008).

Initially, models were often lumped conceptual, treating the catchment as a single
mathematical unit with aggregated parameters (Beven and Chappell, 2021). In hydrolog-
ical modeling, a parameter is a measurable or adjustable value that defines specific char-
acteristics or behaviors of the hydrological system and represents complex processes
that are too intricate to model explicitly. Later, increasing computational power led to
the development of spatially explicit, distributed (or “physically based”) models such
as the Stanford Hydrological Model (Crawford and Linsley, 1966), which can simulate
both surface and subsurface processes at finer resolutions. Freeze and Harlan (1969)
expanded on these ideas by outlining a systematic, physically based framework for sim-
ulating hydrological processes across a catchment.

For those unfamiliar with hydrological modeling, the diversity of approaches can be
perplexing given the maturity of the science. Much of this diversity stems from differing
views on the appropriate balance between empirical observation and physical represen-
tation, the treatment of spatial variability, and the desired complexity of model struc-
tures.

1.3. COMPETING MODELING PHILOSOPHIES

Building on the historical progression from lumped conceptual to distributed models,
hydrological modeling approaches can be broadly categorized into three main groups:
empirical, top-down, and bottom-up (Hrachowitz and Clark, 2017). Although each ap-
proach shares the fundamental goal of describing how water moves through a catch-
ment, they differ in the degree to which they rely on physical theory versus observed
data and in their treatment of spatial variability.

Empirical models emphasize data-driven relationships between inputs (e.g., precip-
itation) and outputs (e.g., streamflow) without necessarily representing the underlying
physical processes. Classic examples include the unit hydrograph (Sherman, 1932) and
the Budyko framework (e.g., Bouaziz, Duan, et al., 2018). The unit hydrograph represents
the runoff time series resulting from one unit of rainfall excess occurring uniformly over
a catchment for a specific duration. The Budyko framework describes how precipita-
tion is partitioned between evapotranspiration and runoff within a catchment. Mod-
ern applications of empirical models include machine-learning-based descriptions of
the rainfall-runoff relationship (e.g., Kratzert et al., 2018). These methods have yielded
promising results for streamflow prediction. Nevertheless, they are often criticized for
being merely descriptive and for offering limited insight into the underlying hydrolog-
ical processes. Moreover, their skill does not always extend to conditions outside the
range of the training data, underscoring the potential risk of misapplication in changing
or data-scarce environments.
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Top-down models offer a more process-based perspective and are specifically de-
veloped at the catchment or subcatchment scale. They typically model the domain as a
single unit (lumped models) that can be further discretized into subcatchments (semi-
distributed models) (e.g., Arnold et al., 1998; Fenicia et al., 2011; Gharari et al., 2014;
Lindstrém et al., 2010; Wagener et al., 2001).

By “zooming out,” this approach integrates small-scale heterogeneity at a larger scale
through flux parameterizations at the modeling scale (Figure 1.2). This results in a parsi-
monious representation of catchment heterogeneity, requiring fewer observations while
retaining key dynamics. Top-down models are refined by deductively testing alterna-
tive model structures as competing hypotheses (Clark, Kavetski, and Fenicia, 2011; Pop-
per, 1959). Top-down models are often referred to as “conceptual” models, although this
term is misleading because all models are conceptual to some degree, having progressed
from initial perceptual models.

Bottom-up models use the opposite approach by “zooming in” to capture small-
scale heterogeneity. These types of process-based models are developed at or near the
scale of observations and typically discretize the modeling domain into grid cells (e.g.,
Kollet and Maxwell, 2008; Refsgaard and Storm, 1996; Sutanudjaja et al., 2018; van Verse-
veld et al., 2022; Figure 1.2). By “zooming in,” this approach uses a “physically based” or
“continuum” description of small-scale surface and subsurface heterogeneity to repre-
sent the relationships between states and fluxes within the catchment (flux parameteri-
zation; Figure 1.2). This approach estimates larger-scale fluxes by aggregating the indi-
vidual small-scale process descriptions (Beven, 2006a). This is an inductive approach to
model refinement because it assumes that the individual parts provide insight into the
system as a whole (Clark et al., 2015). Despite the promise of high fidelity, bottom-up
models tend to be computationally demanding and highly sensitive to data quality. In
regions lacking detailed observations, it can be difficult to constrain the many parame-
ters that govern local-scale processes.

In practice, each of these philosophies has strengths and weaknesses, prompting on-
going debate over their relative merits (Clark et al., 2017). Empirical models excel at rapid
prediction when robust data exist; top-down models balance simplicity with physical re-
alism; and bottom-up models offer fine-grained insights but may impose high demands
on data and computing power. Consequently, model selection often depends on practi-
cal considerations such as data availability and the intended application, in addition to
philosophical preferences about the representation of hydrological systems. Therefore,
model users need to test competing hypotheses to select the model structure that best
aligns with their research question, data constraints, and intended use.

1.4. SCALING PROBLEMS IN HYDROLOGICAL MODELING

A key challenge in hydrology is determining how well the “average” parameterization
of small-scale processes represents large-scale catchment behavior. This mismatch, re-
ferred to as the “catchment-scale closure relationship” (Beven, 2006a), remains a major
theoretical hurdle. It reflects the inherent difficulty of upscaling fine-scale dynamics into
reliable large-scale predictions. This challenge is rooted in what Bierkens et al. (2015)
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termed the “curse oflocality.” In this thesis, however, we refer to it as the “reality of local-
ity” because the local character of hydrological processes is not merely an inconvenience
to be overcome but a fundamental and defining characteristic of the discipline.

This locality poses such a challenge for modeling because hydrological processes
are nonlinear. For example, when two nonlinear reservoirs—such as two grid cells with
threshold-driven runoff generation—are aggregated into a single unit, the effective pa-
rameter of the combined system is not simply a weighted average of the original param-
eter values. Because the underlying processes are nonlinear, the relative contribution of
each cell to the aggregated response depends on the antecedent conditions, such as how
close each cell is to its saturation threshold. As a result, the effective parameter varies
with the hydrological state, making it impossible to derive it solely from the original pa-
rameters. Higher-resolution models have the advantage of operating at scales closer to
those at which field observations are typically made, where parameters can, in princi-
ple, be directly measured or constrained. However, when processes are aggregated to
coarser scales, this connection to direct observation is lost. This has a practical conse-
quence: new observations are needed at the scale of the aggregated unit, and, ideally,
these observations should constrain a unique parameter set rather than admit multiple
solutions.

This challenge is amplified by the so-called “curse of locality,” whereby localized pro-
cesses do not scale linearly, resulting in inaccuracies when they are aggregated to the
catchment scale or vice versa (Bierkens, 2015a). By comparing multiple models, re-
searchers can explore whether large-scale patterns emerge naturally from fine-scale dis-
cretization or whether upscaling introduces biases (Clark et al., 2017).

Advances in computational power have driven the development of “hyper-resolution”
hydrological models, capable of grid resolutions finer than 1 km (Beven and Cloke, 2012;
Bierkens et al., 2015; Wood, Roundy, Troy, van Beek, Bierkens, Blyth, de Roo, etal., 2011).
Although these models promise to capture spatial heterogeneity in land cover, topogra-
phy, and hydrological processes in greater detail, they can also amplify uncertainties.
These uncertainties stem from data quality, parameterization, and scaling assumptions
(Bloschl and Sivapalan, 1995; Gupta et al., 1986). Higher-resolution models demand
detailed inputs and extensive computational resources, making their application im-
practical in many cases. For instance, a model grid resolution of 200 m requires much
greater computational capacity than a 3 km grid, which is 15 times coarser in each spa-
tial dimension, raising questions about the cost-effectiveness of such fine resolutions for
broader hydrological assessments.

Furthermore, as alluded to above, a critical issue arises from the mismatch between
the scales at which observations are made and simulations are conducted. This discrep-
ancy can lead to significant errors in model calibration and validation because models
may not accurately capture processes observed at different scales.
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Scaling challenges are particularly evident in the representation of
upstream-downstream interactions and temporal dynamics within catchments. Mis-
representations of localized processes, such as infiltration rates in headwaters, can prop-
agate errors downstream, resulting in inaccurate flood forecasts or water resource esti-
mates (Clark et al., 2015). Moreover, discrepancies between observed and modeled be-
haviors often arise from inconsistent or sparse datasets, which exacerbate overparame-
terization issues in high-resolution models (Beven, 2019). These challenges emphasize
the need for a careful balance between model complexity, data availability, and compu-
tational feasibility.

The contrast between empirical and physically based modeling frameworks adds
further complexity to scaling. Empirical models, while computationally efficient and
data-driven, often struggle to generalize beyond the conditions for which they were cal-
ibrated. In contrast, physically based models aim to represent fundamental hydrologi-
cal processes but require extensive datasets and careful calibration to ensure accuracy
across spatial scales (e.g., Wagener, 2004).

In Chapter 3, this thesis conducts a systematic evaluation of scaling issues by inves-
tigating the performance of the “wflow_sbm” model across varying spatial resolutions
using the CAMELS-US dataset. This analysis explores whether hyper-resolution mod-
els deliver meaningful improvements in streamflow prediction and identifies potential
biases introduced during the upscaling process.

1.5. LARGE-SAMPLE DATASETS AND MULTIFACETED
EVALUATION

To better evaluate hydrological models, the hydrological community has increasingly
turned to large-sample catchment datasets, such as MOPEX (Schaake et al., 1996),
CAMELS-US (Addoretal., 2017), CAMELS-GB (Coxon et al., 2020b), and CARAVAN (Kratzert
etal., 2022). These datasets compile standardized hydrometeorological time series, catch-
ment attributes (e.g., land cover, topography, and soils), and metadata for hundreds of
catchments within a consistent framework. By providing both forcing and evaluation
data across diverse hydroclimatic regions, large-sample datasets allow for the systematic
testing of hydrological models under a wide range of environmental conditions. This has
enabled comparative studies that assess model robustness, explore the transferability of
model parameters, and benchmark different model structures or calibration strategies
(Andréassian et al., 2006; Gupta et al., 2014). Their availability also facilitates open, re-
producible hydrological research.

Recent efforts in large-sample hydrology have expanded the scope of model evalu-
ation by integrating new data sources and diagnostic approaches to better understand
model behavior. Studies have used satellite-derived soil moisture to constrain model
simulations (Albergel et al., 2018; van Dijk et al., 2011), incorporated evapotranspira-
tion observations to assess model partitioning of water fluxes (Pan et al., 2020; Zhang et
al.,, 2019), and applied multi-objective calibration to balance trade-offs across different
hydrological variables (Vrugt and ter Braak, 2013; Vrugt et al., 2003). Others have in-
vestigated the propagation of input data uncertainties into model outputs (Bardossy et
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al., 2022; McMillan, Westerberg, and Trosset, 2010) or explored how discharge observa-
tion uncertainty affects model calibration and evaluation (Coxon et al., 2015; McMillan,
Westerberg, and Krueger, 2018; Westerberg et al., 2020). Together, these studies demon-
strate the potential of large-sample datasets not only for benchmarking but also for ad-
vancing diagnostic hydrology and uncertainty-aware model evaluation.

Despite their utility, large-sample datasets present unique challenges. Diagnosing
poor model performance in specific catchments often requires additional data sources
or novel diagnostic tools. This thesis adopts a multifaceted evaluation strategy that ex-
tends beyond traditional streamflow metrics. By incorporating satellite-based soil mois-
ture, evapotranspiration estimates, and event-based diagnostics, this approach provides
a comprehensive assessment of model reliability (Beven, 2023; Clark et al., 2005; Vrugt
and Sadegh, 2013). Moreover, machine learning techniques are employed to link catch-
ment attributes with model performance, revealing nonlinear interactions that inform
future model refinements.

Chapter 4 details this exploratory approach, showing how multifaceted evaluation
can generate testable hypotheses and improve understanding of model and catchment
behavior.

1.6. OBSERVATIONAL UNCERTAINTY AND STATISTICAL
SIGNIFICANCE

Hydrological model evaluation is constrained by observational uncertainties arising from
measurement errors, interpolation, and data processing (McMillan, Westerberg, and
Rahman, 2018). These uncertainties propagate through performance metrics, influenc-
ing model comparisons and the perceived adequacy of different approaches. Account-
ing for these uncertainties is critical for ensuring robust conclusions about model per-
formance.

This thesis introduces a novel methodology for quantifying and integrating observa-
tional uncertainties into performance evaluations. By explicitly addressing how these
uncertainties affect statistical significance, the proposed method ensures that model
comparisons are not only rigorous but also reproducible. Chapter 5 elaborates on this
approach, demonstrating its application in testing competing hydrological hypotheses.

1.7. EWATERCYCLE: CHALLENGES AND SOLUTIONS FOR
MODEL HYPOTHESIS TESTING

Despite the diversity of hydrological models described above, many are difficult to com-
pare directly because they have been developed in different programming languages
over long periods (Hut et al., 2017; Hutton, Piper, and Tucker, 2016). The resulting dis-
parity poses challenges for users comparing different models and competing hypotheses
(e.g., Addor et al., 2018; Cunderlik and Burn, 2013). The consequences are limited knowl-
edge exchange and suboptimal collaboration on model refinement and improvement.
This has often led to pragmatic model selection driven by accessibility and familiarity
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rather than suitability for the research question at hand (Addor and Melsen, 2019). Con-
sequently, this practice has considerably impeded progress in hydrological science (Hut,
Drost, Alidoost, et al., 2021).

Even more critically, practical challenges have contributed to a lack of reproducibil-
ity in modeling studies, undermining scientific confidence and transparency. Repro-
ducibility depends on the availability of data, source code, and documentation. All three
are dynamic and therefore require careful documentation and archiving at the time of
publication. For example, catchment heterogeneity often leads researchers to calibrate
(tune) models using local data for a specific region. If the calibration procedure is poorly
described, the software or documentation is incomplete, or the underlying data are not
fully available or archived, it becomes impossible to replicate the original study.

In recent years, Open Science and the FAIR (Findable, Accessible, Interoperable,
Reusable) principles have been embraced as guiding frameworks to address these chal-
lenges (Wilkinson et al., 2016). The Open Science initiative stipulates that researchers
should share the data and software associated with their publications. The FAIR princi-
ples state that data and software must be Findable, Accessible, Interoperable, and Reusable.

One approach involves creating integrated modeling environments, such as wflow
(Schellekens et al., 2020a), SUMMA (Clark et al., 2015), MARRMoT (Knoben, Freer, Fowler,
etal, 2019), and Raven (Craig and Horritt, 2020), that consolidate diverse conceptual or
physically based models within a single software suite. While these frameworks stream-
line the process of switching between model structures, they may require extensive mod-
ifications to align distinct models under a single “umbrella.”

An alternative approach, central to this thesis, is the eWaterCycle framework. The
contributions of this thesis include software development and the design of model ex-
periments (Hut et al., 2022; Wiersma et al., 2022; see also Chapter 2). The eWaterCycle
platform is community-driven and designed according to the principles of Open Sci-
ence and FAIR. Rather than merging different models into a monolithic codebase, eWa-
terCycle uses a Basic Model Interface (BMI) (Hutton, Piper, and Tucker, 2016; Hutton
et al., 2020) to standardize interactions with each model. This interface preserves the
models’ original code and structure, allowing researchers to manage version control and
data dependencies for each experiment while maintaining full reproducibility. In ad-
dition, eWaterCycle’s flexible architecture permits researchers to explore novel model
couplings, such as integrating a hydrological model with a glacier model (Wiersma et al.,
2022) or linking it to agricultural systems (Chevuru et al., 2024), thereby broadening the
platform’s scope and versatility.

A key advantage of eWaterCycle is its capacity to standardize model intercompari-
son experiments (e.g., Kauffeldt et al., 2016; Schellekens et al., 2017). Researchers can
rely on a common set of input—output protocols, calibration methods, and evaluation
metrics, thereby reducing inconsistencies that arise when tailoring each model configu-
ration separately. By simplifying these steps, eWaterCycle lowers barriers to comprehen-
sive hypothesis testing and model refinement. New users can experiment with multiple
models side by side, gaining insight into which model best suits their research objectives,
all within a common open-source environment that supports collaborative science.
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1.8. SCOPE OF THE THESIS

This thesis seeks to improve methodologies for hydrological model comparison and re-
finement, with a strong emphasis on reproducibility through the eWaterCycle frame-
work. Using large-sample catchment datasets, the thesis addresses several key research
topics:

* Chapter 2 introduces the core principles of eWaterCycle and demonstrates how
these principles foster robust, transparent model experimentation. It provides
multiple application examples that highlight the platform’s adaptability and show-
case the research opportunities it enables.

* Chapter 3 investigates the impact of increasing spatial resolution in physically
based distributed models within the “hyper-resolution” domain. The objective
is to determine whether higher-resolution simulations result in meaningful im-
provements in streamflow prediction accuracy.

* Chapter 4 demonstrates an exploratory approach to model comparison, incorpo-
rating diverse observational products and multiple competing models. Applying
machine learning uncovers nonlinear relationships between catchment attributes
and model performance, offering new insights into model and catchment behav-
ior.

* Chapter 5 introduces and tests a novel, straightforward method for estimating the
statistical significance of model performance differences in the context of obser-
vational uncertainty. This approach provides a more robust basis for evaluating
competing hypotheses and interpreting model results.

* Chapter 6 synthesizes the main findings, discussing how these advances contribute
to a better understanding of the interplay between small-scale processes and large-
scale patterns. Finally, the chapter outlines future research directions and poten-
tial next steps in hydrological modeling.






THE EWATERCYCLE PLATFORM FOR
OPEN AND FAIR HYDROLOGICAL
COLLABORATION

Big wheel keep on turnin.

Creedence Clearwater Revival, Proud Mary

eWaterCycle is a platform that separates the experiment done on the model from the model
code. In eWaterCycle, hydrological models are accessed through a common interface (BMI)
in Python and run inside of software containers. In this way, all models are accessed in a
similar manner facilitating easy switching between models, model comparison and model
coupling. Currently the following models and model suites are available through eWater-
Cycle: PCR-GLOBWB 2.0, wflow, HYPE, LISFLOOD, TopoFlex HBV, MARRMoT and WAL-
RUS. While these models are written in different programming languages, they can all
be run and interacted with from the Jupyter notebook environment within eWaterCycle.
Furthermore, the pre-processing of input data for these models has been streamlined by
making use of ESMValTool. Forcing for the models available in eWaterCycle from well-
known datasets such as ERA5 can be generated with a single line of code. To illustrate
the type of research that eWaterCycle facilitates, this manuscript includes five case studies:
from a simple 'Hello World’ where only a hydrograph is generated to a complex coupling
of models in different languages.

In this chapter, we describe the design choices made in building eWaterCycle and provide
all the technical details to understand and work with the platform. With the eWaterCy-
cle platform, we are providing the hydrological community with a platform on which to
conduct research that is fully compatible with the principles of Open Science and FAIR
science.

13
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2.1. INTRODUCTION

In hydrology, scientists try to better quantify the movement of water into, out of, and
through the land surface and rivers in order to better predict droughts, floods, navigation
hazards, and reservoir operations (Wood, Roundy, Troy, van Beek, Bierkens, Blyth, de
Roo, etal., 2011). In addition, a better understanding of hydrological processes will allow
determination of anthropogenic and climate change impacts on the hydrological cycle
(McMillan et al., 2020).

From a hydrological point of view, every field, every street, and every part of the world
is different. We may have adequate descriptions of how water moves through plants and
soils at small scales, but the medium is never the same from one spot to the next. This
is the curse of locality (Bierkens, 2015b). Nonlinear processes need to be integrated over
time and space in the presence of tremendous natural and manmade heterogeneity.

Traditionally, the hydrological community has dealt with this curse by building cus-
tom models for small natural watersheds (Beven, 2001a). Hydrologists often work with
effective parameters (Bardossy and Singh, 2008; Kirchner, 2006), parameters that cannot
be measured directly but describe aggregated movement of water through the environ-
ment. Typical models are partially based on first-principles physics (mass, momentum,
and energy balances), and partially on (statistical or heuristic) assumptions that simplify
the complex reality.

Local process knowledge is used to conceptualize many local models by hydrologists
from all over the world. This leads to a plethora of local models exhibiting great diversity
in the exact methodologies applied, competing hypotheses of hydrologic behavior, tech-
nology stacks, and programming languages used in these models (Hut et al., 2017; Hut-
ton, Wagener, et al., 2016). Although a wealth of knowledge is encoded in these models,
this knowledge is hardly shared due to the technical difficulties of working with models
created by other researchers. As a result, models are often chosen based on availability
and familiarity, rather than suitability for the research performed (Addor and Melsen,
2019), severely hindering scientific progress in the hydrological community.

Fortunately, the problem of limited sharing of scientific results has recently been
picked up as an important topic by the wider academic community. Open Science,
where data, publications, and software are shared publicly, is deemed more and more
important, both by researchers and funders (Hall et al., 2021). In addition, the FAIR
principles (Wilkinson et al., 2016) describe that all data resulting from research must be
made Findable, Accessible, Interoperable, and Reusable (FAIR). Recently, FAIR has also
been extended to software' and other academic output.

To enable significant progress in the sharing of hydrological knowledge, we introduce
the concept of FAIR Hydrological Models. FAIR Hydrological Models make it possible
for other researchers to use a model to generate novel scientific results without needing
extensive support from the original authors. Any preexisting hydrological model can

Parts of this chapter have been published verbatim in Hut, R., Drost, N., van de Giesen, N., van Werkhoven, B.,
Abdollahi, B., Aerts, J., Albers, T., Alidoost, E, Andela, B., Camphuijsen, J., Dzigan, Y., van Haren, R., Hutton,
E., Kalverla, P, van Meersbergen, M., van den Oord, G., Pelupessy, L., Smeets, S., Verhoeven, S., de Vos, M., &
Weel, B. (2022). The eWaterCycle platform for open and FAIR hydrological collaboration. Geoscientific Model
Development, 15(12), 5371-5390. https://doi.org/10.5194/gmd-15-5371-2022. Personal contributions have
been made to the conceptualization, software code, use cases, and text of this publication.
Uhttps://fair-software.eu/
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be made FAIR by adding open interfaces and documentation. With a model that has
been made FAIR, it is not only possible to re-create the experiments done by the authors
of that model, but also to perform novel research by applying the model to different
locations, settings, or input data. For a model to be FAIR, not only must the software
and required data be available, but the model must also be properly documented and
have well-defined interfaces. FAIR Hydrological models have a lower barrier to entry
and create scientific results that are as open and FAIR as possible, thereby truly enabling
researchers to build on each other’s results.

In this paper, we introduce the eWaterCycle Platform, a platform where hydrologists
can work with each other or add their own FAIR models. To the best of our knowledge
eWaterCycle is the first platform for hydrological modelling that focuses on providing
access to pre-existing models and data sources in a way in which the platform handles
the computer science and data science aspects to allow the hydrologists to focus on the
hydrology. The goal of the eWaterCycle Platform is to be a trailblazer for making hy-
drological modeling Open and FAIR. The eWaterCycle platform is designed to support
researchers including graduate students (MSc and PhD levels) to run hydrological exper-
iments with ease, focusing on the science rather than the technology. The platform is de-
signed to enable users to run a simple experiment, such as generating a hydrograph for
a certain catchment with a certain model, within minutes of getting started, while also
giving users the freedom to perform very advanced experiments, such as multi-model
coupling and intervening in model states during run-time. With this, we aim to reduce
the cycle time in going from idea to experiment, from months to days, and to support
fully reproducible experiments. We embrace what has been done already. Rather than
rewriting all models from scratch, we share, re-use, couple, and build on existing models.
The methods and technology developed within the eWaterCycle platform are re-usable,
both inside and outside of Hydrology.

To illustrate how to use the eWaterCycle platform as a hydrologist and demonstrate
the types of experiments one can conduct on the platform (coupling, calibrating, com-
paring scenarios, etc.), a series of Jupyter notebooks that showcase the platform is pro-
vided with this paper. For scientists who want to work with the platform as users, a
separate video in which a hands-on demonstration of the models is given is available
on YouTube at https://youtu.be/eE75dtIJ1lk and, for archiving purposes, also on Zen-
odo. The remainder of this paper covers the rationale and the technology behind the
platform.

In the eWaterCycle project, we strongly believe that the best approach for generat-
ing impact is to build on existing efforts as much as possible. We make use of container
technology (specifically Docker” and Singularity®) that allows capture and preservation
of software environments. Pre-processing of forcing data is done using the ESMValTool
(Righi et al., 2020), originally developed in the climate sciences. We use Jupyter’ as the
main user interface to our system. The Basic Model Interface (BMI, Hutton et al., 2020)

Zhttps:/ /www.docker.com
Shttps:// sylabs.io/singularity/
4https:/ /jupyter.org
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provides a stable, easy-to-implement interface to an existing model. For sharing soft-
ware, data and results in a FAIR manner we rely on GitHub®, HydroShare (Horsburgh
etal., 2015) and Zenodo®. Any software contributions that we create in the eWaterCycle
project are purposely small and independent, so there is a high chance our components
are, in turn, reusable by other projects.

The eWaterCycle platform can incorporate with ease any existing model, be it con-
ceptual, semi-distributed or distributed, in any commonly used programming language.
An alternative and often used approach to making hydrological models FAIR is to create
a single model framework that incorporates as many model concepts as possible. This
usually requires significant modifications to a model code, and sometimes even a com-
plete rewrite, to fit within the model framework. The result is a coherent set of models,
that can be interchanged relatively easily. Examples of such model frameworks include
wflow (Schellekens et al., 2020b), SUMMA (Clark et al., 2015), MARRMoT (Knoben, Freer,
Fowler, et al., 2019), and Raven (Craig et al., 2020). In a way, this approach can be seen
as orthogonal to the eWaterCycle platform, as both approaches can be combined. In
the eWaterCycle platform, we have incorporated the wflow and MARRMoT frameworks,
making it possible to use any of the models within these frameworks within eWaterCy-
cle. Incorporating the SUMMA framework is on the long-term list of objectives for the
eWaterCycle platform as well, but has not been finished at the time of writing.

There are several other platforms that support Open and FAIR hydrology that eWater-
Cycle connects to. HydroShare (Horsburgh et al., 2015) focuses on making hydrological
data FAIR. It offers a service to publish datasets, and access datasets, among others in
a Jupyter notebook environment. Unlike eWaterCycle, HydroShare offers no support in
using datasets for an experiment, and simply provides data as is. HydroShare can be
used to store data resulting from eWaterCycle experiments in a FAIR manner. A more
structured way of acquiring data for use in a Hydrological model is used in HydroDS
(Gichamo et al., 2020). HydroDS provides a web service where users can call upon the
service to download data in a format suitable for their model. HydroShare and HydroDS
can also be combined to generate and store data needed to run models (Gan et al., 2020).

The Community Surface Dynamics Modeling System (CSDMS) (Tucker et al., 2021)
community gathers a large number of hydrological models in a model repository. This
repository contains metadata on models, as well as the source code. In addition, model
developers are encouraged to add a BMI interface to a model to facilitate cooperation on
models. BMI simplifies the use of codes but often the installation and compilation of sci-
entific code are non-trivial and prove a practical bottleneck. The eWaterCycle platform
builds on the BMI interface using containerized models offering an easily reproducible
model software environment. This includes the support for generating forcing and other
needed input for each model, allowing scientists to build on all data and models eWater-
Cycle provides access to.

The example Jupyter notebooks provided with this paper demonstrate how hydrolo-
gists can, for example, couple two models written in different programming languages,
calibrate models, or run "what if?" scenarios, using existing models from research groups

Shttps://github.com
Shttps://zenodo.org
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all over the world, forced with datasets from different data providers, all without hav-
ing to install a single package on their own laptops. To make full use of the knowledge
created in hydrology, we do need to be able to stand on each other’s shoulders, which
eWaterCycle facilitates.

The rest of this paper is organized as follows. Section 2.2 introduces the eWaterCycle
platform and describes the different functionalities it provides. It explains how each part
of the platform contributes to Open and FAIR hydrological science. Section 2.3 presents
the technical design and implementation of the platform. Section 2.4 presents a number
of case studies that demonstrate the capabilities of the eWaterCycle platform and high-
lights the diverse set of supported use-cases. Section 2.5 concludes and discusses future
work.

2.1.1. GLOSSARY

In this paper, we use the following terminology. We acknowledge that different fields of
science and even different scientists within fields may use different definitions of these
terms (Venhuizen et al., 2019) and provide these definitions solely to clarify how we use
those terms in this paper and within the eWaterCycle platform.

* Hydrological model. A piece of software code that calculates stores and fluxes of
water in, through, and on the surface of the Earth. Most hydrological models need
forcing (input) such as precipitation and produce outputs such as river discharge.
Many hydrological models require parameters.

» Parameter. A constant input (in time, not necessarily in space) that a model needs
to calculate the outputs. Parameters can either be calibrated based on (often his-
torical) forcing and output data, or parameters can be derived from third-party
sources, including, but not limited to, digital elevation maps, soil maps, etc. A pa-
rameter does not change over the runtime of the experiment.

e Forcing. A time-varying input that a model needs to calculate the outputs. In hy-
drological models, the most common forcing is precipitation data.

e Input(s). Forcings and parameters.

e State. All variables calculated by the model that are needed to calculate the next
time step.

* QOutput(s). Any variable calculated by the model that is stored or shared with the
experimenter and can be used for analysis. Outputs can be either state variables
or variables derived from state variables (and inputs). For example, in the PCR-
GLOBWB model 'channel storage’ is a state variable that is updated every timestep;
river discharge’ is a value calculated using 'channel storage’. Both 'river discharge’
and 'channel storage’ are outputs of the PCR-GLOBWB model.

* Observations. Any data derived from observations, direct or indirect, of the Earth
system. Observations can be used as forcing, such as precipitation, as parameters,
for example soil maps, or as validation for a model output, such as the often used
river discharge.
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 FAIR hydrological model. A hydrological model that is Findable, Accessible, Inter-
operable, and Reusable. See Wilkinson et al. (2016). Note that ‘Accessible’ in this
context means that it must be clear to anyone how the model can be accessed and
not necessarily that it is openly available to anyone.

* Open Science. The principle of openly sharing all aspects of the scientific endeav-
our within ethical and legal limits. See Hall et al. (2021).

* Experiment. A set of hydrological model runs that use inputs and generate and
analyse outputs. An experiment can include actively intervening in the state of
the model during runtime. Within eWaterCycle, an experiment is described in a
Jupyter notebook. Experiments can be as simple as generating a single hydrograph
for a single catchment, or as complicated as coupling multiple global models and
forcing them with different datasets. See Section 2.4 for example experiments in
the eWaterCycle platform.

» eWaterCycle platform. The combination of the core eWaterCycle software, all mod-
els contributed to eWaterCycle, and all available input datasets. At the time of
writing, the platform is hosted on demonstration infrastructure provided by SURF
at lab.ewatercycle.org. The platform is designed to be deployed by system ad-
ministrators on any sufficiently high-performance infrastructure. Depending on
future funding streams, eWaterCycle will be made available on publicly accessible
infrastructure for the entire hydrological community.

2.2. THE EWATERCYCLE PLATFORM
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Figure 2.1: An overview of the components of the eWaterCycle platform. The design of the eWaterCycle plat-
form closely follows the typical workflow of running hydrological experiments.
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Figure 2.1 presents an overview of the eWaterCycle platform. The design of the eWa-
terCycle platform closely follows the typical workflow for running hydrological experi-
ments. A hydrological researcher (henceforth called the user) accesses the eWaterCycle
platform using only a web browser.

2.2.1. EXPLORER

The user starts at the data and model explorer, which shows a geographic map with data
sets and associated models that can be instantiated. Once a data set, model, parameter
set, and forcing have been selected, the notebook generator generates a Jupyter Note-
book containing a basic hydrological experiment for the chosen selection. Jupyter note-
books combine cells where Python code can be run and cells where text can be added
(in Markdown). This combination makes notebooks ideally suited to execute and com-
municate experiments. While the experiment code is written in Python, model code in
eWaterCycle can be written in most commonly used languages; see Section 2.3.5 below
for how this is achieved.

2.2.2. EXPERIMENT

Notebooks have the advantage of being easy to access and present the user with an in-
terface that is flexible enough to be adapted by the user to their specific experiment. The
user accesses the notebooks through a browser. The notebooks are hosted (executed)
on a designated server. The model can, but need not, be executed on the same system.
Since models are accessed from the notebook through remote procedure calls (see Sec-
tion 2.3.5), models can be launched remotely on, for example, a dedicated HPC system.
At the time of writing, the eWaterCycle platform is hosted on infrastructure from SURE
the infrastructure provider of the Dutch Academic Community (surf.nl). Anyone col-
laborating with a Dutch partner can access this infrastructure. This is demonstration
infrastructure intended to show the capabilities of the platform. Anyone with a budget
on the SURF Research Cloud can start up an instance of eWaterCycle there. Those with-
out access to this resource can install the software of the eWaterCycle platform on their
own infrastructure; see Verhoeven et al. (2021) for details. See section 2.5 for future plans
regarding making the platform more broadly accessible to the hydrological community.

2.2.3. ANALYZE

The code in the generated notebook, when run, results in a hydrograph for the cho-
sen combination of model, area and forcing dataset and includes discharge observation
data obtained through the Global Runoff Data Centre (GRDC)’. This notebook calculat-
ing a hydrograph is an excellent starting point for hydrologists to conduct their research
without having to set up the model, preprocessing, observation, and evaluation pipeline
all from scratch. In addition to the generated notebooks, a list of tutorial notebooks is
also available for different typical use-cases, including common calibration methods.
The Jupyter notebook environment provides an excellent platform for data analysis, and
there are many different libraries and tools available, including, for example, HydroStats
(Roberts et al., 2018).

“The Global Runoff Data Centre, 56068 Koblenz, Germany, https://www.bafg.de/ GRDC
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2.2.4. SHARE

Once a user is ready to share the results created within the platform, to be completely
FAIR and Open, the experiment, data, and results should be published in a data reposi-
tory such as Zenodo, HydroShare, Figshare and ESGE Currently, this is done by manually
uploading the notebook and outputs to those services. In a future version of eWaterCy-
cle, this process will be automated. Finally, to allow even greater re-use of models and
datasets within the eWaterCycle platform, after curation, models and data sets can be
added to the set of available items in the platform and the associated software package
by users making pull requests on the GitHub repository of the eWaterCycle platform.

2.2.5. PRE-PROCESSING

For pre-processing of forcing data, ESMValTool (Righi et al., 2020), a community diag-
nostic and performance metrics tool for evaluation of Earth system models, has been
adapted (see Section 2.3 below). Any dataset can be made available to the hydrolog-
ical community by making the dataset compatible with the CMOR format, a de facto
standard from the climate science community natively supported by ESMValTool (see
paragraph 4.2 of Righi et al. (2020)). Any dataset already made ready for ESMValTool
(CMORized’) can be added to eWaterCycle by having the eWaterCycle installation point
to the location of those data sources upon installation of the platform, as explained in
Verhoeven et al. (2021). Currently, both ERA-Interim (Dee et al., 2011) and ERA5 (Hers-
bach et al., 2020) are available as forcing datasets within eWaterCycle.

2.2.6. AVAILABLE MODELS

Any pre-existing hydrological model can be made more Interoperable (part of FAIR, Wilkin-
son et al., 2016) by adding the BMI interface as explained in Section 2.3.5. The following
hydrological models or model suites are currently integrated into, or being integrated
into, the online eWaterCycle platform for use by all hydrologists:

* PCR-GLOBWSB 2.0 (Sutanudjaja et al., 2017)
» wflow (Schellekens et al., 2020b)

¢ HYPE (Lindstrom et al., 2010)

LISFLOOD (Van Der Knijff et al., 2010)

* TopoFlex HBV (Gao et al., 2014)

* MARRMOoT (Knoben, Freer, Fowler, et al., 2019)
° WALRUS (Brauer et al., 2014).

Future models and frameworks that will be added by the eWaterCycle project team in-
clude GlobWat (Hoogeveen et al., 2015), SUMMA (Clark et al., 2015) and mHM (Samaniego
etal, 2021). The models already in eWaterCycle and those still to be added differ greatly
in their underlying hypotheses of hydrological processes and methodologies applied,
and they are implemented by different communities using different programming lan-
guages. The eWaterCycle platform removes technological barriers for these communi-
ties to work together more easily.
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2.3. TECHNICAL DESIGN OF THE EWATERCYCLE PLATFORM

The eWaterCycle platform uses the following design philosophy for building its software
stack. Our first choice is to build upon existing software. When we cannot re-use existing
software directly for our needs we try to contribute new features to existing projects, and
only as a last resort we develop new reusable standalone tools.
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Figure 2.2: The technological design of the eWaterCycle platform, including external services. This overview
shows the different components that are, on purpose, built as separate entities to facilitate re-use in other
projects. The different components of this technical overview are discussed in detail in the main text of this
publication.

Figure 2.2 shows the technical design of the eWaterCycle platform. The interface to
the system is through a web interface. As the user only needs a web browser to access
the eWaterCycle platform, there is no need to install any other software locally, which
ensures a low barrier to entry to the system.

The core of the eWaterCycle platform is a collection of services. These are generally
deployed on a dedicated server with ample storage for datasets required to run hydro-
logical models and output. A guide for system administrators on how to install the plat-
form is available in the documentation (Verhoeven et al., 2021). To ensure all data are
FAIR, all data in the eWaterCycle platform are downloaded from stable repositories such
as Zenodo (general datasets and parameters), the GRDC (runoff observations), ECMWF
(ERA5 and ERA-Interim forcing), and ESGF (Climate Model Data). In addition, required
(model) software is downloaded from external sources such as Docker Hub, GitHub and
Zenodo.

In turn, the results of experiments done on the eWaterCycle platform can be exported
to FAIR data repositories such as HydroShare and Zenodo. This, together with the FAIR
input data, ensures that results generated using the eWaterCycle platform do not depend
on the specific server to be sustained indefinitely.
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Figure 2.3: Screenshots of the Explorer, which allows users to explore and select models available based on
regions for which they are available (i.e., suitable forcing and parameter sets are available). Background map
screenshots ©Microsoft Bing Maps 2018, reprinted with permission from Microsoft Corporation.

The rest of this section discusses the individual components of the eWaterCycle plat-
form that required significant development effort from the eWaterCycle team. The core
of the software stack that runs the eWaterCycle platform has been released as a Python
package. Information on how to install this package and all dependencies is provided in
the documentation.

2.3.1. THE EXPLORER

The Explorer is a web-based geospatial data explorer for hydrological models and data
sets. Using this graphical user interface, users get an overview of the hydrological models
available for various regions or catchments and the available data sets at various reso-
lutions. The user can select a combination of models and datasets and configure the
experiment they want to set up through this interface.

2.3.2. THE NOTEBOOK GENERATOR

Notebook environments are increasingly popular. They are used to conduct research,
teach the next generation of hydrologists, analyze data, and provide advanced access to
large data sets and HPC resources. The notebook generator creates a notebook specifi-
cally for the settings chosen by the user, as shown in Figure 2.4. The notebook can sub-
sequently be run by the user to perform the requested computation or analysis. In the
default use-case, the notebook contains the code for running a hydrological model and
creating a first hydrograph. Because it is a notebook and not a ready-made user interface
with limited options, the user is free to modify the notebook. This method thus allows
novice users to get going quickly, while allowing advanced users all the freedom they re-
quire. The notebook also forms the perfect basis for a user to start tinkering with the
experiment.
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Figure 2.4: The Notebook Generator, which generates a notebook based on the experimental setup configured
in the Explorer. After selecting a model and clicking ’start experiment’, a Jupyter notebook is generated and
launched with all the code needed to generate a hydrograph for the selected model in the selected region. By
providing this working notebook, researchers have a good starting point from which to change the notebook
to answer their own research questions. Background map screenshots ©Microsoft Bing Maps 2018, reprinted
with permission from Microsoft Corporation.
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2.3.3. DOWNLOADING ERA5 WITH ERAS5CLI

With the release of the ERA5 dataset (Hersbach et al., 2020), worldwide high-resolution
reanalysis data became available with open access for public use. The Copernicus CDS
(Climate Data Store) offers two options for accessing the data: a web interface and a
Python API. Consequently, automated downloading of the data requires advanced knowl-
edge of Python. Following our design philosophy of building reusable standalone tools,
we have created era5cli to simplify the process of downloading ERA5 data (Haren et
al,, 2023). The command-line interface tool era5cli enables automated downloading
of ERA5 using a single command. All variables and options available in the CDS web
form are now available for download in an efficient way. Both monthly and hourly ERA5
datasets are supported. Besides automation, era5cli adds several useful functionali-
ties to the download pipeline, such as spreading a single download over multiple CDS
requests, and saving files in either GRIB or netCDE Within the eWaterCycle platform
era5cli is used by administrators to download relevant selections from ERA5. Users work-
ing in the notebook environment need not work with this command-line tool to be able
to use eWaterCycle for their research. Source code is available through Haren et al., 2023.

2.3.4. ESMVALTOOL-BASED MODEL INPUT PRE-PROCESSOR

A large barrier to using a new model or a new dataset for any hydrologist is preparing
model input data. In general, this is different for every model as, in general, data re-
quirements and data preparations differ for most models. The preparation steps are of-
ten performed by various sets of scripts that may or may not be included with the model
code, which hamper reproducible science. However, there generally is a lot of overlap
between the data preparation steps for different models, and as such it would be a valu-
able asset to the hydrological community if the pre-processing of the input data is done
in an open and FAIR manner.

To that end, we decided to extend ESMValTool (Righi et al., 2020), a community di-
agnostic and performance metrics tool for evaluation of Earth system models in CMIP
(eyring overview_2016), instead of writing model-specific preprocessing scripts. The
ESMValTool pre-processing functions cover a broad range of operations on data before
diagnostics or metrics are applied; for example, vertical interpolation, land-sea mask-
ing, re-gridding, multi-model statistics, temporal and spatial manipulations, variable
derivation, and unit conversion. The pre-processor performs these operations in a cen-
tralized, documented and efficient way. The current pre-processing pipeline of the eWa-
terCycle using ESMValTool consists of hydrological model-specific recipes and supports
ERA5 and ERA-Interim data provided by the ECMWF (European Centre for Medium-
Range Weather Forecasts) through the Climate Data Store (CDS). The pipeline starts
with the downloading and CMORization (Climate Model Output Rewriter) of input data.
CMORization standardizes the data to make sure that the data is CF-compliant data and
follows the CMOR tables. See the ESMValTool documentation for more information on
CMORization (https://docs.esmvaltool.org/en/latest/develop/dataset.html). Following
CMORization, a recipe is prepared to find the data and run the preprocessors. An ESM-
ValTool recipe contains model-specific code to derive forcing variables required by the
model and stores provenance information to ensure transparency and reproducibility.
CMORization is dataset-specific and recipes are model-specific. This means that after


https://docs.esmvaltool.org/en/latest/develop/dataset.html

2.3. TECHNICAL DESIGN OF THE EWATERCYCLE PLATFORM 25

CMORization a dataset is available for all models and a model-specific recipe does not
have to be adjusted for a different forcing dataset. Most recipes take a shapefile as input,
so, once created, the recipe can derive forcing data for any region where data is available
in the dataset.

ESMValTool can also be used to pre-process datasets other than ERA5 and ERA-
Interim. Examples include climate model results created as part of the Coupled Model
Intercomparison Project (CMIP; Eyring et al., 2020), distributed through the ESGF plat-
form. Our recipes and other additions to ESMValTool have been merged into the ES-
MValTool main version. This approach ensures that data preprocessing routines are
openly available, documented, and re-used.

If hydrologists want to work with their own data sources as forcing for their models
within the eWaterCycle platform, they can follow the steps in the ESMValTool documen-
tation (https://docs.esmvaltool.org/en/latest/input.html) to make their data available.
Making their data available for one model, given the way ESMValTool is set up, makes it
immediately available for other models as well.

2.3.5. INTERFACING MODELS THROUGH GRPC4BMI

Hydrological models are written in many different programming languages and often
require specific versions of supporting software packages to function as intended by the
original model developer. To give hydrologists access to these models without having to
learn different programming languages, a common interface to the models is needed.
We use the Basic Model Interface (BMI; Hutton et al., 2020) as our main API for models.
BMI exposes functions for controlling the model time stepping and retrieving and ma-
nipulating the model’s state at any given moment. BMI is designed specifically to make
it easy to implement the interface in any given model. BMI is very forgiving of model
structure and is defined for many languages; see https://csdms.colorado.edu/wiki/BMI
for more details. By using grpc4bmi, we can call any model that has implemented BMI
from the eWaterCycle platform. We are currently supporting C/C++, Fortran, Octave (an
open-source version of MATLAB) and R but can add support for any language that has a
gRPC library.

To make sure that models are always run using the correct additional libraries and
other dependencies, in eWaterCycle, models are run inside software containers. A soft-
ware container is a standard unit of software that packages up code and all its dependen-
cies so the application runs quickly and reliably on any compute environment. Where
model code might break down if a dependency it relies on is no longer supported, pack-
aging a model with its dependencies guarantees that the model can be run on any infras-
tructure that supports running of containers, thus prolonging the lifetime of the model’s
codebase. Communication with a container, for example to instruct a model to run for
one time step, happens through well-defined channels that can pass procedure calls.
The containers are openly available on Docker Hub or Zenodo, to promote re-use by oth-
ers. In eWaterCycle, models written in different programming languages can be added
to the platform inside a container, while the Jupyter notebook environment that runs
the experiments runs Python. There is, therefore, a need for a tool to translate BMI calls
from Python to other programming languages.
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To ‘translate’ between different BMI versions we have used Google’s protocol buffer
framework (gRPC) and developed grpc4bmi as a standalone software package that al-
lows us to interface with code written in any programming language from our Jupyter
Notebook environment. grpc4bmi wraps a BMI-enabled model into a server process,
possibly executed within a container and/or on a remote system, and transfers client-
side BMI calls to the running model instance. Using gRPC, grpc4bmi establishes the
communication between the Jupyter notebook and the hydrological model.

grpcdbmi allows the user to address a model via a standard Python BMI, irrespec-
tive of the model’s programming language and installation requirements, and allows the
coupling of models and the running of multiple instances of the same model. grpc4bmi
serves as a key component of the eWaterCycle platform and is a valuable tool for repro-
ducible analysis and online coupling of BMI-enabled models.

A complete overview of the interface built in eWaterCycle can be found in the docu-
mentation by Verhoeven et al. (2021).

2.4. USE-CASES (CASE STUDIES, APPLICATION EXAMPLES)

In this section, we present a number of case studies that illustrate the capabilities of
the eWaterCycle platform and the use-cases it supports. These illustrate the applica-
tion of the Explorer and Notebook Generator (Section 2.4.1), how grpc4bmi allows users
to switch between different models (Section 2.4.2), coupling models in different pro-
gramming languages (Section 2.4.3), performing experiments on a model’s internal state
while the model is running (Section 2.4.4), and calibrating a model using a remotely ex-
ecuted ensemble (Section 2.4.5).

The case studies presented here are chosen to demonstrate the features of the plat-
form in a clear way. They all feature only a single catchment. Current hydrological
modeling studies often include many catchments in their analysis. The platform fully
supports those more complex studies, as shown by Aerts et al. (2021), who studied the
impact of different spatial resolutions of the same model for 454 catchments from the
CAMELS dataset.

All figures presented with these use-cases are generated with the eWaterCycle plat-
form and have not been optimized for printing, to show what the output of experiments
done with eWaterCycle looks like. The Jupyter notebooks for these use-cases are pro-
vided in a separate GitHub repository, to facilitate adding additional notebooks at later
stages. For the exact notebooks used in this study, a release with associated DOI has
been made (Hut, Drost, van de Giesen, van Werkhoven, et al., 2021).

2.4.1. HELLO WORLD: ONE MODEL, ONE CATCHMENT, ONE FORCING

Our first application is the most basic notebook that is produced by the Notebook gen-
erator after the experiment has been configured in the Explorer. This notebook includes
all the code and configuration needed to download and pre-process model input data,
and forcing data from ERA5. After pre-processing is finished, the code to set up, initial-
ize, and run the model while capturing discharge estimates is given. And finally, there
is code to download observation data from GRDC for the corresponding GRDC station,
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Figure 2.5: A first hydrograph generated with eWaterCycle. This shows the output of the MARRMoT M01 model
(a single bucket representing the entire Merrimack basin) when ERAS5 is used as forcing data. While the over-
simplification of representing the entire basin with a single bucket is clear, the timing of high-flow periods
is still rather well represented. This figure is generated using the hydrograph() function, a standard method
within the eWaterCycle package. In addition to plotting a hydrograph of the provided time series, it calculates
often used metrics like the Nash—-Sutcliffe efficiency and the Kling-Gupta efficiency. This example is used as a
first ‘hello world‘ use case illustrating with a simple model how the eWaterCycle platform supports standard
workflows often used in computational hydrological research.

and plot a hydrograph of both the modeled and observed discharge over the simulated
period, as shown in Figure 2.5.

For this specific example, we have chosen to use the MARRMoT (Knoben, Freer,
Fowler, et al., 2019) model suite. MARRMOoT is a suite of conceptual catchment models
written in the MATLAB programming language in which the user can specify the model
structure through setting files. In eWaterCycle, these setting files are generated when the
model instance is created. Specific settings, such as the maximum soil moisture storage
in this case, can be set by the user in the notebook. Here we have chosen the most ba-
sic model available: a single bucket. Figure 2.6 shows the central part of the notebook
where the model is run. The Merrimack basin is chosen as the catchment and ERA5 is
used as forcing dataset. While the Merrimack is too large and complex a basin to be rep-
resented by such a simple model, this 'Hello World’ example shows that in eWaterCycle
any model, lumped or distributed, can be run using any available forcing dataset for any
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In [12]: simulated discharge = []
timestamps = []

while (model.time < model.end time):
model .update()
timestamps.append(model.time as datetime.date())
# Marrmot M0l is a lumped model, so only single value is returned
value_in mmday = model.get_value(discharge_variable)[0]
# Convert from mm/day to m3/s
value = value in mmday * merrimack area * conversion mmdayZm3s
simulated discharge.append(value)

Figure 2.6: Snippet from the code that generated the hydrograph in Figure 2.5. Each time model.update()
is called, the eWaterCycle platform instructs the hydrological model running in a container to run for one
timestep. After each update the user can interact with the state of the model, in this simple example to extract
the calculated discharge at every timestep.

region. To run this model for any other region, the only change a user needs to make is
to provide another shapefile and select another GRDC observation station.

This first use-case shows that a model written in a completely different programming
language can be run in eWaterCycle without having to understand, install, or even be
aware of the model code. In this example, the parameters for the single-bucket model in
MARRMOoT were chosen by the user. Normally, conceptual models, such as MARRMoT,
need to be calibrated; see Section 2.4.5 below for a use-case demonstrating how to cali-
brate a hydrological model within eWaterCycle.

2.4.2. MODEL COMPARISON: TWO MODELS, ONE CATCHMENT, ONE

FORCING
In hydrological modelling, an important decision is which model to use for answering
a specific research question®. To this end, hydrologists want to compare two or more
models, with identical forcing, to evaluate the differences in model behavior and perfor-
mance.

Figure 2.7 shows the result of such an experiment, where simulated discharge esti-
mates produced by wflow and LISFLOOD are evaluated against GRDC observations at
the Merrimack basin outlet. As Figure 2.8 shows, the code used in the notebook to run
the two models is nearly identical to that of the first use case from Section 2.4.1 thanks to
the uniform way in which models are interfaced within the eWaterCycle platform. This
significantly reduces the effort involved in comparing different models, and stimulates
objective model selection based on adequacy for answering a particular research ques-
tion.

The code in this notebook can be adapted to run a selection of available models by
changing which container is started, on any region supported by those models, using
any input forcing dataset available on the platform. Changing a forcing dataset is done
by passing another forcing object to the model upon creation of the model instance. In

8 An analysis of all the considerations that go into choosing the best available hydrological model for a given ex-
periment is beyond the scope of this paper. We recommend Addor and Melsen (2019) and references therein
as a starting point.
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Figure 2.7: Two hydrographs generated by the wflow and the LISFLOOD models compared to GRDC observa-
tions for the Merrimack basin. While the code used to run these two models, given in Figure 2.8, is similar to
that in the first use case, the models are far more complex and generate better predictions of streamflow.

In [11]:

discharge =
time range

[
=11

while model.time < model.end time:

model . u|

# Get Discharge at cne location

pdate ()

discharge at pixel = model.get value at coords('RiverRunoff', lon=station lon, lat=station lat)[0]
discharge.append(discharge at pixel)

time range.append(model.time_as datetime.date())

print(model.time as_isostr, end="\r")

Figure 2.8: Snippet from the code that generated the hydrographs in Figure 2.7 showing how much this looks
like the code of Figure 2.6 while the models involved are far more complex. This shows that the user of the

eWaterCycle platform can work with different, complex models from the same environment.
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practice this means as little as changing a string in the Jupyter notebook describing the
experiment from for example 'ERA-Interim’ to 'ERAS5’. Hydrologists use this to determine
which model to use to answer their research question. Consultants and policy makers
can use this to, for example, determine which model to use for future projections of the
impact of climate change on local hydrology. Operational water managers can use this
to determine which model to use in their operational forecasting systems.

2.4.3. MODEL COUPLING: ADD OUTPUT OF ONE MODEL AS INPUT FOR
DOWNSTREAM MODEL

As a consequence of the curse of locality, mentioned in the introduction, different re-
gions often have a different model that behaves best for a particular research goal. How-
ever, technological differences between the implementations of these models currently
prevent researchers from coupling different models for different regions into a larger
patchwork of multi-models. The eWaterCycle platform removes such technological bar-
riers and enables users to couple models written in entirely different programming lan-
guages.

As an example, we demonstrate how discharge calculated by the simplest one-bucket
model from the MARRMoT suite of models for the Moselle River (a tributary of the Rhine)
is inserted into the PCR-GLOBWB 2.0 model, which is simulating the rest of the Rhine
basin. Figure 2.9 shows a map of the calculated discharge in the Rhine basin with the
Moselle subcatchment on top of it. We have cut out the Moselle subcatchment from
the PCR-GLOBWB 2.0 model and, at every time step, the discharge calculated by MAR-
RMoT is added to the channel storage variable where the Moselle enters the Rhine. As
areference, we also run the PCR-GLOBWB 2.0 model for the whole Rhine basin without
coupling to MARRMoT.

Figure 2.10 shows the central loop of this coupling experiment. Within the loop,
three models are run: MARRMoT for the Moselle sub-basin and two instances of PCR-
GLOBWSB 2.0. The first, called 'reference’, runs the entire Rhine basin without alteration.
The second, called 'experiment’, runs the Rhine basin with the Moselle subcatchment
cut out (by altering the landmask file). At every time step, the discharge calculated by
MARRMOT for the Moselle is added to the 'channel storage’ variable of PCR-GLOBWB
2.0 at the mouth where the Moselle enters the Rhine (at Koblenz). This code snippet
shows how the eWaterCycle platform supports model coupling without having to mod-
ify the code of the models being coupled. While this example shows the coupling of two
hydrological models, the eWaterCycle platform facilitates the coupling of any models
that implement a Basic Model Interface (BMI), including those not describing hydrol-
ogy. Work where hydrological models are connected to, for example, models describ-
ing human behavior (Elshafei et al., 2015) or geomorphological processes (Hancock and
Willgoose, 2001) can be done using the eWaterCycle platform.

Figure 2.11 compares the coupled PCR-GLOBWB 2.0-MARRMoT experiment with
the uncoupled PCR-GLOBWB 2.0 reference run and GRDC observations. The effect of
using MARRMOoT for the Moselle subcatchment is visible in the differing simulated dis-
charge. Note that, in this example, the two models are written in different programming
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Figure 2.9: Calculated discharge in the Rhine basin at the end of the model run using the PCR-GLOBWB 2.0
model for the Rhine coupled with the simplest one-bucket model from the MARRMoT suite of models for
the Moselle subcatchment. The Moselle subcatchment has been cut out of the PCR-GLOBWB 2.0 model (by
altering its 'landmask’ setting). MARRMOoT calculates the discharge for the Moselle and, at each time step, this
is added to the 'channel storage’ variable of PCR-GLOBWB 2.0 at the location where the Moselle flows into the
Rhine (at Koblenz). The blue dot on the map indicates the location of the observation station at Lobith, which
is used for the hydrographs shown in Figure 2.11.

languages (MATLAB for MARRMoT and Python for PCR-GLOBWB 2.0). While the exper-
iment formulated in the Jupyter notebook is also written in Python, it does not interact
directly with the code of the models; all interaction happens through grpc4bmi.

2.4.4. MODEL INTERACTION: CHANGE STATE OF MODEL DURING
RUNTIME

Hydrological models are great tools for ‘what if’ type research questions such as “What is
the impact on river discharge downstream if the land use upstream is changed?”. These
types of research questions often require direct intervention in the state of the model”.
Previously, this meant having to adapt the model code to reflect the required research
question, leading to a new version of the model. Using the eWaterCycle platform, model
variables are exposed through BMI and can be queried or set without changing the model
source code itself. This separates the ‘experiment’ from the hydrological model used to
conduct the experiment with.

In this example use-case, we answer the research question: ‘What would happen
to the predicted discharge if we used observations of evaporation instead of calculat-
ing evaporation?. At every time step, the soil storage variables in the PCR-GLOBWB 2.0
model are changed based on FLUXNET (Pastorello et al., 2020) observations. Hydro-
logically relevant choices for this experiment, such as ‘what to do if the observations
indicate that more water has evaporated than is available in the soil storage?’ are now
implemented as part of the experiment, and not as changes to the model source code,
as shown in Figure 2.12. This increased transparency and separation of experiment and

Swith ‘state’ as defined in the glossary
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In [25]: print(f"Running experiment"”, flush=True)

# the experiment model is used as central 'time keeper'

while pcrglob exp model.time < pcrglob exp model.end time:
print{f"Current time: {pcrglob exp model.time as isostr}", end="\r")
time range.append(pcrglob exp model.time as datetime.date())

# run the reference model for one timestep, store the cutput at grdec station
perglob_ref model.update()
pcrglob ref discharge = perglob ref model.get value at coords(
"discharge", lat=[gridded grde_lat], lon=[gridded_grdec_lon]
]
pcrglob_ref output.append(pcrglob_ref discharge)

# run MARRMoT and store the output, note that MARRMoT output is in mm!
marrmot_model.update()
marrmot_output.append(marrmot_model.get value(marrmot_output_variable)[0])

# add the output of MARRMoT to PCRGlob Experiment model. Note that channel storage
# is in m3, while MARRMoT output is in mm, so we need to convert
water_to add_to pecrgleob = marrmot_output[-1] * moselle area / 1000
current value in pergleob = perglob exp model.get value at coords(

"channel storage", lat=[lat moselle mouth], lon=[lon moselle mouth]
)
value to_set_in_pcrglob = water to_add to pcrglob + current value_in_ pcrglob
pcrglob_exp_model.set_value_at_coords(

"channel storage",

lat=[lat_moselle mouth],

lon=[lon_moselle mouth],

values=value_to_set_in_pcrglob,

)

# Run the experiment PCRGlobWB model one timestep, store the output at grdc station
pcrglob_exp_model.update()
perglob exp discharge = perglob exp model.get value at coords(
"discharge", lat=[gridded grde_lat], lon=[gridded_grde_lon]
)[o]
pcrglob_exp_output.append(pcrglob_exp_discharge)

print("")

Running experiment
Current time: 2002-12-30T00:00:00Z

Figure 2.10: The central loop of the experiment presented in Section 2.4.3. Within the loop, three models are
run: MARRMoT for the Moselle sub-basin and two instances of PCR-GLOBWB 2.0. The first, called 'reference’,
runs the entire Rhine basin without alteration. The second, called 'experiment’, runs the Rhine basin with the
Moselle subcatchment cut out (by altering the landmask file). At every time step, the discharge calculated by
MARRMOoT for the Moselle is added to the channel storage’ variable of PCR-GLOBWB 2.0 at the mouth where
the Moselle enters the Rhine (at Koblenz). This code snippet shows how the eWaterCycle platform supports
model coupling without having to modify the code of the models being coupled.
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Figure 2.11: The calculated discharge for the Rhine basin from PCR-GLOBWB 2.0 when run normally (i.e.,
the reference) and when coupled with MARRMoT for the Moselle subcatchment. The calculated discharge is
compared to GRDC observations of discharge.

model make it easier to repeat the experiment with different models and to understand
and build upon each other’s work.

Figure 2.13 shows the calculated river discharge at the basin outlet for both the ref-
erence run, with no intervention in the model, as well as for the experiment run. The
impact is clearly visible; the discharge estimates of PCR-GLOBWB 2.0 become worse
when the model is constrained with observations of evaporation. This leads to a host
of follow-up questions: Is the evaporation measurement used representative of the (en-
tire) catchment? Does the calculated evaporation compensate for missing fluxes in other
parts of the model? Etcetera. Finally, this experiment is part of the thesis work of BSc stu-
dent Thomas Albers (Albers, 2020), illustrating that, by using the eWaterCycle platform,
students can focus on hydrologically interesting research questions without having to
invest a large amount of time to learn and modify a particular model’s source code.

2.4.5. CALIBRATE MODEL USING AN ENSEMBLE OF MODEL RUNS

Many hydrological models have parameters that need to be calibrated before a model
can be used. A whole subfield of hydrology has formed around the research question of
what the best, most efficient, or most robust way is to calibrate a model (Bardossy, 2007;
Bardossy and Singh, 2008). These calibration methods typically require an ensemble
of model runs as part of the optimization process. The eWaterCycle platform supports
transparent and efficient calibration of hydrological models through the separation of
model and experiment, as well as the ability to run models in containers on remote ma-
chines.

In this example, we calibrate the MARRMoT m14 model (an implementation of TOP-
MODEL), which has seven free parameters, for the Savannah basin. We used the Co-
variance Matrix Adaptation Evolution Strategy (CMA-ES) calibration scheme, which is
provided by the CMA-ES/pycma software package (Hansen et al., 2021). The model runs
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Figure 2.12: The code used to intervene in the state of PCR-GLOBWB 2.0 during runtime. At each time step, the
function apply_fluxnet_correction() is called. The right-hand side of this figure shows the code of that func-
tion. The model.get_value_as_xarray() calls at the start of the function extract information on the state from
the model. The model.set_value() calls at the end of the function update the state with the newly calculated
information. This example shows that numerical hydrologists can interact and experiment with the state of
a hydrological model without having to interact with the code of the model. In this way, a clear separation
between model and experiment is achieved.

were done on the Cartesius supercomputer. Figure 2.14 shows a snippet of the code that
shows the clear separation between model and calibration routine.

The results for this calibration experiment are shown in Figure 2.15. The increase in
the objective function shows the convergence of the algorithm. This use case shows that
separation of model and experiment makes calibration of hydrological models easier to
set up with eWaterCycle.

2.5. CONCLUSIONS

We have introduced the eWaterCycle platform for FAIR and Open hydrological model-
ing. Using eWaterCycle, hydrologists can easily build on each other’s work by using each
other’s models, data, and experiments in a manner that is ‘FAIR by design’. Using the
online eWaterCycle platform, hydrologists do not have to install or download software
or pre-process data before they can start computational hydrological experiments.

The eWaterCycle platform implements the ‘FAIR’ principles as follows:

* Findable: Through the Explorer all available models and datasets are exposed in
an easily findable manner. The documentation (Verhoeven et al., 2021) further
specifies all available models, datasets and their properties.

* Accessible: By making the entire software-stack of the eWaterCycle platform Open
Source and by including only models and datasets that are also openly available,
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Figure 2.13: This graph shows the effect of intervening in the state of the PCR-GLOBWB 2.0 model. The calcu-
lated discharge for the Merrimack basin from two model runs is shown: one reference run in which the model
is run without intervention and one experiment in which the model state is changed at every time step to in-
corporate evaporation observation data from FLUXNET (Pastorello et al., 2020). The calculated discharge for
both model runs is compared to GRDC observations of discharge.
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Figure 2.14: A snippet of the code used to run the calibration experiment described in Section 2.4.5. The en-
tire workflow of the first use case presented in Section 2.4.1 is wrapped in the function run_model() (left part
of the figure). This function runs the model for a given set of parameters. This function is called in objec-
tive_function(), which is passed as an argument to the calibration scheme of the CMA-ES/pycma package.
This package, based on settings provided, runs multiple instances of the objective_function() (and thus of the
hydrological model) in parallel to find the optimum set of parameters that optimizes the objective function.
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Model: MARRMoT m14, Catchment: Savannah

best NSE value: 0.50
ters: 1648.46, 0.05, 1.00, 57.29, 0.00, 2.91, 0.83

ers
1:1188.98, 0.29, 0.79, 87.55, 0.36, 5.40, 3.39
2:1761.35,0.25, 1.00, 103.21, 0.08, 6.03, 3.33
3:1968.00, 0.20, 1.00, 64.83, 0.22, 4.35, 0.65
4:1952.88, 0.06, 0.94, 71.68, 0.02, 3.13, 0.21
5:860.08, 0.23, 1.00, 104,93, 0,67, 2.52, 3.28

0 6 12 18 24 30 36 42 a8 9: 1648.46, 0.05, 1 3
Iteration 50: 1520.01, 0.07, 1.00, 45.53,

Figure 2.15: Output of the running the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) calibra-
tion scheme from the CMA-ES/pycma software package on the MARRMoT m14 model (an implementation of
TOPMODEL) for the Savannah basin.

the platform makes it possible for anyone with sufficient computational infras-
tructure to install and run an instance of the eWaterCycle platform. For those
without these resources, the eWaterCycle team (i.e., the authors of this paper) cur-
rently hosts an instance of the eWaterCycle platform on demonstration hardware
provided by SURE Access to this version can be obtained through contact with the
authors. In the near future, the eWaterCycle team is hoping to acquire funds to
more sustainably offer an instance of eWaterCycle to the entire hydrological com-
munity.

Interoperable: The eWaterCycle platform uses open interfaces between the differ-
ent parts of the platform; for example, grpc4bmi is used to communicate between
experiments in Jupyter notebooks and the hydrological models in containers. The
use of open interfaces and containers makes it easy to connect to a dataset or a
model and use it for a different study.

Reusable: The experiments in eWaterCycle, as contained in Jupyter notebooks, are
separate entities from the models and datasets. Because of this separation and the
open interfaces between components, re-use of data, models, or parts of experi-
ments is facilitated.

As laid out in the introduction, currently an ecosystem of services is emerging that
makes it easier for hydrologists to do computational research, with each service focus-
ing on different parts of the hydrological research cycle (Tarboton et al., 2014; Tucker et
al,, 2021). In this ecosystem, eWaterCycle is developed as a platform on which hydrolo-
gists can execute their computational hydrological experiments. In this paper, we have
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presented the core components of the eWaterCycle platform, the Explorer, the notebook
environment, and the underlying technology to deal with models and datasets in a FAIR
manner. The hydrological community can install the openly and freely available eWa-
terCycle platform on their own infrastructure. The eWaterCycle team (i.e., the authors
of this paper) is seeking sustainable funding to provide an online place where more re-
searchers will be able to execute their computational hydrological research and educa-
tion.

For future development, integration with other platforms that facilitate hydrological
research is foreseen, most notably coupling to models from CSDMS, sharing and retriev-
ing data from HydroShare, integrating higher-level interfaces to models, such as PyMT,
and giving access to libraries that facilitate additional types of research such as the data
assimilation software OpenDA.

The use-cases presented in this paper give an overview of the type of research that the
eWaterCycle platform can facilitate, from model selection to coupling, and calibration.
eWaterCycle is set up as a modular collection of services that together form a complete
platform. By making sure that the individual modules contain as few assumptions about
hydrology as possible (those are represented in the models and experiments) we are
facilitating that the technologies developed for the eWaterCycle platform are portable
to other domains of (geo)science where researchers work with each other’s models and
datasets.

Hutton, Wagener, et al. (2016) argued that computational hydrology can only be a
proper science if the hydrological community makes sure that hydrological model stud-
ies are executed and presented in a reproducible manner. We replied that, to improve
current practices, hydrologists using hydrological models in their work should not ‘re-
invent the water wheel’ but rather use existing technology from other fields, such as
containers and ESMValTool, and open interfaces, such as BMI, to do their computational
science (Hutetal., 2017). With this paper and the release of the eWaterCycle platform, we
are putting our money where our mouth is and providing the hydrological community
with a ‘FAIR by design’ platform to do science.






LARGE-SAMPLE ASSESSMENT OF VARYING SPATIAL
RESOLUTION ON THE STREAMFLOW ESTIMATES OF THE
WFLOW_SBM HYDROLOGICAL MODEL

These go to eleven.

Nigel Tufnel, This Is Spinal Tap

Distributed hydrological modelling is moving into the realm of hyper-resolution mod-
elling. This results in a plethora of scaling-related challenges that remain unsolved. In
light of model result interpretation, finer-resolution output might imply to the user an
increased understanding of the complex interplay of heterogeneity within the hydrologi-
cal system. Here, we investigate spatial scaling in the form of varying spatial resolution
by evaluating the streamflow estimates of the distributed wflow_sbm hydrological model
based on 454 basins from the large-sample CAMELS data set. Model instances are derived
at 3 spatial resolutions, namely 3 km, 1 km, and 200 m. The results show that a finer spa-
tial resolution does not necessarily lead to better streamflow estimates at the basin outlet.
Statistical testing of the objective function distributions (KGE scores) of the 3 model in-
stances identified a statistically significant difference only between the 3 km and 200 m
streamflow estimates. However, an assessment of sampling uncertainty shows high un-
certainty surrounding the KGE scores throughout the domain. This makes the conclusion
based on the statistical testing inconclusive. The results do indicate strong local variation
between model instances, with differences in KGE scores averaging 0.22 and values greater
than 0.5. The results of this study open up research paths for investigating the changes in
flux and state partitioning due to spatial scaling. This will help further our understanding
of the challenges that need to be resolved for hyper-resolution hydrological modelling.

Parts of this chapter have been published verbatim in Aerts, J. P M., Hut, R. W,, van de Giesen, N. C., Drost, N.,
van Verseveld, W. J., Weerts, A. H., and Hazenberg, P: Large-sample assessment of varying spatial resolution
on the streamflow estimates of the wflow_sbm hydrological model, Hydrol. Earth Syst. Sci., 26, 4407-4430,
https://doi.org/10.5194/hess-26-4407-2022, 2022.
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3.1. INTRODUCTION

Hydrological model development follows competing model philosophies (Hrachowitz
and Clark, 2017). These range from high-resolution, small-scale, process-resolving dis-
tributed models to spatially lumped conceptual models. All model structures developed
within the competing philosophies have their own limitations and advantages. All mod-
els face overlapping challenges, including parameter estimation and the representation
of spatial heterogeneity (Clark et al., 2017).

The parameter identifiability problem stems from the inability to obtain unique and
realistic parameters at the modelling scale due to structural model deficiencies and ap-
plied calibration techniques (Sorooshian and Gupta, 1983). Multiple studies have exten-
sively researched calibration techniques to overcome the parameter identifiability prob-
lem (e.g. Guse et al., 2020; Sorooshian and Gupta, 1983; Vrugt et al., 2002). The identi-
fiability problem is emphasized in distributed modelling, the focus of this study, by the
incompatibility of parameter measurements with the modelling scale (Grayson et al.,
1992). This results in the need for transferring parameters in space and time. Multiple
studies have looked into parameter transferability (e.g., Finnerty et al., 1997; Haddeland
et al., 2006; Wagener and Wheater, 2006), and Melsen et al. (2016) discussed how the
inadequacy of transferring parameters in space and time may indicate a lack of repre-
sentation of spatial heterogeneity and temporal variability in the models. Methods such
as the multi-scale parameter regionalization technique (MPR; Samaniego et al., 2010)
emerged to increase the transferability of parameters from the data resolution to the hy-
drological model resolution. Imhoff et al. (2020) used a different method that applied
pedotransfer functions to derive parameters at the finest available data resolution and
upscale them to the various spatial model resolutions of the wflow_sbm hydrological
model.

The effects of spatial heterogeneity have been studied at a catchment scale using the
representative elementary watershed (REW) theory developed by Reggiani and Schellekens
(2003), Reggiani et al. (1998, 1999), and Wood et al. (1988). In Wood et al. (1988), the basin
was divided into sub-basins and then aggregated to basin level to study scaling behav-
ior. This type of research is still very relevant as in recent years, the hydrologic modelling
community has surpassed the REW scale threshold of 1 km? with the move towards so-
called hyper-resolution modelling. The discussion following this move revealed that in
addition to the many benefits, e.g. applicability for stakeholders, there are multiple chal-
lenges to address (Beven and Cloke, 2012; Bierkens et al., 2015; Wood, Roundy, Troy,
van Beek, Bierkens, Blyth, de Roo, et al., 2011). These challenges include scaling issues
(Bloschl and Sivapalan, 1995; Gupta et al., 1986), such as (1) the need to explicitly model
processes that are parameterized at coarser resolutions; (2) lateral connections between
compartments of the hydrological system that are averaged out or ignored at coarser
resolutions; and (3) an increase in uncertainty due to insufficient process and parameter
knowledge resulting from insufficient data quality at finer resolutions (Bierkens et al.,
2015).

The scaling issues arise when the (often unconscious) assumption is made that a
hydrological model used at various spatial and temporal resolutions should estimate
similar states and fluxes independently of scale. A utopian model has scale-invariant
model parameterization and hydrological process descriptions. The development of
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scale-invariant hydrological models is, however, very challenging as most hydrological
processes do not scale in a linear manner (e.g. Bras, 2015; Rouholahnejad Freund et al.,
2020). Instead, processes at one length scale influence those at other scales (Horritt and
Bates, 2001).

Because of the complex nature of scaling issues and a shift in distributed modelling
towards hyper-resolution modelling, it is important to continuously assess the effects of
scaling. Without investigating what this move entails the hydrological modelling com-
munity risks communication problems with the users of model results. In the case of
spatial model resolution, the increase in level of detail in model output might imply to
the user an increased understanding of the complex interplay of heterogeneity within
the hydrological system. We can only determine whether this implication is warranted
by continuously assessing how models behave under various spatial (and temporal) res-
olutions.

Multiple studies have looked into spatial scaling effects by varying spatial model res-
olution. Booij (2005) found that increasing the spatial resolution of a semi-lumped HBV
hydrological model only marginally increased model performance based on streamflow
estimates. The coupled ParFlow-CLM model was evaluated with various grid cell sizes
by Shrestha et al. (2015) and they found, among other effects, that soil moisture esti-
mates were grid cell size dependent. Sutanudjaja et al. (2018) introduced the transition
from 30-arcminute to 5-arcminute grid-cell simulations of the distributed PCR-GLOBWB
model. Results showed a general increase in model performance compared to stream-
flow observations. However, regional scaling issues were present. In some of the basins
model performance was lower at a finer spatial model resolution. This study made it ap-
parent that a large sample of hydrologically diverse basins should be considered when
investigating the effects of varying spatial resolution. To our knowledge, no studies have
investigated varying spatial resolution within the hyper-resolution realm using a large
sample of basins. This will be the focus of this research.

The distributed conceptual wflow simple bucket model (wflow_sbm; Schellekens et
al., 2020b) utilizes high resolution datasets to derive model instances globally at varying
spatial resolutions. Parameter estimates are based on the work of Imhoff et al. (2020)
to ensure consistency across scale. Remotely sensed soil and land cover data sets are
sources for estimating parameters through pedotransfer functions (PTFs) (e.g. Braken-
siek et al., 1984; Cosby et al., 1984). PTFs are a collection of predictive functions, so-
called super-parameters (Tonkin and Doherty, 2005), derived at the point scale that es-
timate soil parameters where underlying data are scarce. For most wflow_sbm model
parameters, a priori estimates are available. This is not (yet) the case for the horizontal
conductivity fraction (KsatHorFrac) parameter, making it a logical parameter for calibra-
tion as it is also one of the more sensitive parameters in the model (Imhoff et al., 2020).
The flexible setup of wflow_sbm can be used to assess spatial scaling issues due to quasi-
scale-invariant parameters whilst maintaining similar hydrological process descriptions
across scales. This setup includes the recent improvements by Eilander et al. (2021), who
developed a scale-invariant method for upscaling river networks (one of the suggested
causes of the inconsistent streamflow estimates across scales as shown in Imhoff et al.
(2020)).
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In this study, we quantify the effects of varying spatial resolution on the wflow_sbm
streamflow estimates for a large sample of hydrologically diverse basins in the CAMELS
dataset (Addor et al., 2017; Newman et al., 2015). By conducting this research on a large
sample of basins, we can assess the results on consistency and locality. The assessment
is conducted by creating 3 model instances at varying spatial resolutions for each basin:
3 km, 1 km, and 200 m spatial grid resolutions. These instances cover a broad range
of large- and small-scale dynamics. For example, snow accumulation at the mountain
range (> 1 km) and the mountain ridge scale (< 1 km) (e.g. Houze Jr., 2012; Mott et al.,
2018; Vionnet et al., 2021), or closing in on the hillslope scale (< 100 m) (e.g. Fan et al.,
2019; Tromp-van Meerveld and McDonnell, 2006). The parameters for the wflow_sbm
model instances are estimated at the highest available data resolution and aggregated to
the modelling grid using the upscale rules as defined in Imhoff et al., 2020.

Our hypothesis is that the differences in streamflow estimates at various spatial reso-
lutions will be small due to the parameters being quasi-scale-invariant and hydrological
process descriptions in the model remaining the same across spatial scales. We will re-
ject this hypothesis when the results show significantly different streamflow estimates
across the studied resolutions. In addition, with this study, we showcase how the eWa-
terCycle platform (Hut, Drost, van de Giesen, van Werkhoven, et al., 2021) can be utilized
for computationally intensive large-sample modelling studies.

3.2. METHODOLOGY

3.2.1. INPUT DATA
THE CAMELS DATA SET

The CAMELS data set is a collection of hydrologically relevant data on 671 basins lo-
cated in the Contiguous United States (CONUS) (Newman et al., 2015). The basins were
selected based on a minimum amount of human influence on the hydrological system,
e.g. the absence of large reservoirs. The data set includes 20 years of continuous stream-
flow records from 1990 to 2009 from the United States Geological Survey (USGS). The
CAMELS data set covers a hydrologically and climatologically diverse selection of basins.
The sample size, hydrological diversity of the basins, and common use of this data set in
other hydrological modelling studies (e.g. Gauch et al., 2021; Knoben et al., 2020) are the
reasons for selecting this case study area.

Of the 671 basins, we successfully ran models for 567 basins at each of the 3 res-
olutions (i.e., 3 km, 1 km, and 200 m). Reasons for excluding basins from our analy-
ses were missing streamflow observations (7 basins) or errors during parameter estima-
tion (97 basins). Parameter estimation errors occurred mainly during drainage network
delineation, either when the basin outlet consisted of a single grid cell, resulting in a
model coding error or when inconsistencies occurred in the local drainage direction
layer. When one of the 3 model instances failed, the basin was excluded from further
analyses. Figure 3.1 shows the locations of the included and excluded basins as well as
the reason for exclusion.
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Figure 3.1: Basin locations of the CAMELS data set with the included basins shown in green, basins excluded
because of parameter-estimation errors in blue, and basins excluded because of missing streamflow observa-
tions in red. The basemap was made with Natural Earth.

STREAMFLOW OBSERVATIONS

The United States Geological Survey (USGS) streamflow observation records were down-
loaded to match our model simulation period from 1996 to 2016. The data were resam-
pled to daily values and the units were converted to m3s~'. We ensured consistency
in time zones between the observations and the model simulations by converting the
USGS streamflow timestamps to UTC. The tools used for downloading, resampling, unit
conversion, and shifting of time zones might be of interest to others in the hydrological
community and are available in the GitHub repository
(https://github.com/jeromaerts/eWaterCycle_example_notebooks).

METEOROLOGICAL INPUT AND PRE-PROCESSING
The meteorological input requirements of the wflow_sbm model are precipitation, tem-
perature, and potential evapotranspiration. Precipitation data were obtained from the
Multi-Source Weighted-Ensemble Precipitation Version 2.1 (MSWEP; Beck et al., 2019).
The data set was constructed using bias-corrected gauge, satellite, and reanalysis data.
The data are available at 0.1 degrees spatial (11 km) and 3-hourly temporal resolution
for the period from 1979 to 2017. The temperature variable was obtained from the ERA5
reanalysis data set (Hersbach et al., 2020). The data are available at 0.25 degrees (31 km)
spatial and a 1-hourly temporal resolution. In addition to temperature, we used ERA5
variables to calculate potential evapotranspiration using the De Bruin method (Bruin et
al.,, 2016).

We conducted a preliminary analysis for 6 basins in which we compared model sim-
ulations based on streamflow estimates that use ERA5 precipitation to those that use
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MSWEP precipitation. Results indicated that use of ERA5 precipitation did not pro-
duce desirable streamflow estimates compared to MSWEP precipitation. Switching to
the MSWEDP precipitation product improved streamflow estimates throughout the case
study area. Figure 3.12 in the supplementary analyses at the end of this chapter com-
pares the ERA5 and MSWEP forcing for these basins; the corresponding objective-function
results are available in the data repository. Notably, some of the basins are very sensitive
to changes due to different forcing data sets as shown by the streamflow-based objective
functions.

The meteorological inputs are pre-processed within the eWaterCycle platform using
the Earth System Model Evaluation Tool (ESMValTool) V2.0 (Righi et al., 2020; Weigel et
al,, 2021). Before further processing, the data are aggregated to daily values. The pre-
cipitation variable is disaggregated to the modelling grid using the second-order conser-
vative method to ensure consistency of the total volume of precipitation across spatial
scales. The temperature variable is disaggregated using the environmental lapse rate
and the Digital Elevation Model (DEM) used by the hydrological model. The variables
required by the De Bruin method (Bruin et al., 2016) are disaggregated using the bilin-
ear method and subsequently used to calculate potential evapotranspiration. The code
used for pre-processing is included in the Jupyter notebooks made available with this
manuscript (DOI:10.5281/zenodo.5724512).

PARAMETER ESTIMATION FROM EXTERNAL DATA SOURCES

The parameter sets used in this study were derived using the HydroMT software package
(Eilander and Boisgontier, 2021). The data sources for deriving parameter sets are open-
source global data sets. These include topography, surface water, land cover & land use,
soil, meteorological data, and river gauge data. The pedotransfer function to estimate
soil properties is based on Brakensiek et al., 1984. In 25 of the 567 basins, lakes and/or
reservoirs were included in the model parameters given a threshold area of 1 km? and 10
km?, respectively.

An overview of the data and references is provided in Table 3.1.

3.2.2. MODEL EXPERIMENT SETUP

THE WFLOW_SBM MODEL (v.2020.1.2)

The wflow_sbm model is available as part of the wflow open-source modeling frame-
work (Schellekens et al., 2020b), which is based on PCRaster (Karssenberg et al., 2010)
and Python. Figure 3.2 shows the different processes and fluxes that are part of the
wilow_sbm hydrological concept. The soil part of the wflow_sbm model is largely based
on the Topog SBM model (Vertessy and Elsenbeer, 1999), which considers the soil as a
"bucket" with saturated and unsaturated stores. This model was developed for simu-
lating small-scale hydrology. For channel, overland, and lateral subsurface flow a kine-
matic wave approach is used, similar to TOPKAPI (Benning, 1995; Ciarapica and Todini,
2002), G2G (Bell et al., 2007), 1K-DHM (Tanaka and Tachikawa, 2015), and Topog SBM
(Vertessy and Elsenbeer, 1999). Wflow_sbm has a simplified physical basis with param-
eters that represent physical characteristics, leading to (theoretically) an easy linkage of
the parameters to actual physical properties. Topog_SBM is mainly used to simulate fast
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Table 3.1: Overview of data sources for parameter estimation with categories, references, and version.

Data set Category Reference Version

MERIT Hydro Topography Yamazaki et al., 1.0
2019

GRAND (hydro_reservoirs) Surface water Lehner et al, 1.0
2011

HydroLAKES (hydro_lakes) Surface water Messager et al, 1.0
2016

Randolph Glacier Inventory  Surface water Pfeffer et al, 6.0
2014

CHELSA Meteorology Karger et al, 1.2
2017

Koppen-Geiger Meteorology Kotteketal., 2006 2017

VITO Land use & land cover =~ Buchhorn et al., v2.0.2
2020

MODIS LAI Land use & land cover Myneni et al, MCDI15A3H
2015 V006

SoilGrids Soil Hengletal, 2017 2017

runoff processes during discrete storm events in small basins (< 10 km?), while evapo-
transpiration losses are ignored. Since evapotranspiration losses and capillary rise were
added to wflow_sbm, the derived wflow_sbm approach can be applied to a wider variety
of basins. The main differences between wflow_sbm and Topog_SBM are:

* The addition of evapotranspiration and interception losses using the Gash model
(Gash, 1979) on daily time steps or a modified Rutter model on subdaily time steps

(Rutter et al., 1971, 1975).

e The addition of a root water uptake reduction function (Feddes et al., 1978).

* The addition of capillary rise.

e The addition of glacier and snow build-up and melting processes.

* Wflow_sbm routes water over an eight-direction (D8) network, instead of the ele-
ment network based on contour lines and trajectories used by Topog_SBM.

* The option to divide the soil column into any number of different layers.

e Vertical transfer of water is controlled by the saturated hydraulic conductivity at
the water table or bottom of a layer, the relative saturation of the layer, and a power
coefficient depending on the soil texture (Brooks and Corey, 1964).

MODEL RUNS & CALIBRATION

We derived 3 model instances at varying spatial resolutions covering 3 km, 1 km, and
200 m grids. While for most parameters of the wflow_sbm model a priori estimates can
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Figure 3.2: Overview of the different processes and fluxes in the wflow_sbm model (Schellekens et al., 2020Db).

be derived from external sources, a single nondistributed parameter needs to be cali-
brated for each basin: the saturated horizontal conductivity often expressed as a fraction
(KsatHorFrac) of the vertical conductivity. This parameter cannot be derived from exter-
nal data sources because it compensates for anisotropy, unrepresentative point mea-
surements of the saturated vertical conductivity, and model resolution (Schellekens et
al., 2020b). A sensitivity analysis conducted by the model developers concluded that
the KsatHorFrac is the most effective parameter when it comes to calibration based on
streamflow estimates, as also briefly discussed by Imhoff et al. (2020). Increasing the
value of this parameter leads to an increased base flow component and reduced peak
flow and flashiness.

We calibrated the models to match typical model setups used by users of the hy-
drological model. The model instances are calibrated using the modified Kling-Gupta
efficiency score (KGE) (Gupta et al., 2009; Kling et al., 2012) by comparing the simulated
streamflow estimates with the streamflow observations at the basin outlet. 21 runs are
evaluated based on an interval of KsatHorFrac values ranging between 1 and 1000. The
best-performing model run and its corresponding KsatHorFrac parameter are selected
for further analysis during the evaluation period. The model calibration is conducted
from 1997 to 2005 and the model evaluation from 2007 to 2016. The years 1996 and 2006
are regarded as spin-up years and are not included in the analyses.

3.2.3. BENCHMARK SELECTION

To select basins with model performance considered at least reasonable, we applied a
statistical benchmark to beat. The use of a benchmark allows for better interpretation of
objective-function-based results (Garrick et al., 1978; Knoben et al., 2020; Pappenberger
et al., 2015; Schaefli and Gupta, 2007; Seibert, 2001; Seibert et al., 2018). We adopt, in
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part, the same methodology for statistical benchmark creation as Knoben et al. (2020).
The benchmark is created by calculating the mean and median of streamflow observa-
tions per calendar day of the 10-year evaluation period and the results are compared to
streamflow predictions from the model. KGEs are calculated for the observed streamflow
versus these mean and median values. The mean is expected to better represent larger
basins with more stable flow regimes whilst the median better covers the flashiness of
smaller headwater basins. This benchmark serves as a lower boundary for the model
predictions: if the model at any of the 3 resolutions has a lower KGE than either the me-
dian or mean flow benchmark, it is considered unsuitable for this study and removed
from further analyses.

3.2.4. ANALYSIS OF RESULTS

OBJECTIVE FUNCTION AND SAMPLING UNCERTAINTY

We use the modified Kling-Gupta efficiency metric for the analyses of results. Ideal
model performance has a KGE score of 1 and a KGE score of -0.41 is equal to taking the
mean flow as a benchmark (Knoben, Freer, and Woods, 2019). The KGE score is defined
by its 3 components: the Pearson correlation, the mean bias, and the variability bias. The
3 components collectively determine the KGE score. The KGE score and its components
are defined as follows:

KGE'=1-\/(r— 12+ (B~ 1% +(y ~ 1)? 3.
Hs
== (3.2)
p (,uo)
Us/lis)
= (3.3)
¥ (Uo/ﬂo

where r is the Pearson correlation, § is the mean bias, and v is the variability bias. p
and o are the mean and standard deviation of the simulations. i, and o, are the mean
and standard deviation of the observations.

We quantify the sampling uncertainty of the KGE score for the selected basins based
on the statistical benchmark, following the methodology of Clark et al. (2021). This ap-
plies the non-overlapping bootstrap method (Efron and Tibshirani, 1986) to calculate
tolerance intervals and the jackknife-after-bootstrap method (Efron, 1992) for the stan-
dard error calculation of those tolerance intervals. This method applies bootstrap and
Jackknife methods to estimate the standard errors and tolerance interval of KGE uncer-
tainty. The tolerance interval is defined as the difference between the 5th and 95th per-
centiles. We ran the gumboot analyses package (Clark et al., 2021) with a sample size of
500 during the evaluation period to calculate the results.

COMPARISON OF STREAMFLOW ESTIMATES

To provide more context for the results in terms of general model performance, we com-
pared the streamflow estimates from wflow_sbm to those of the study by Knoben et al.
(2020). The study by Knoben et al. (2020) ran 36 conceptual models using the Modular
Assessment of Rainfall-Runoff Models Toolbox V1.0 (MARRMoT) (Knoben, Freer, Fowler,
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etal., 2019) on the CAMELS data set. First, we calculated the mean of the 36 models for
each basin. Next, we matched the basins investigated in both studies. Due to differences
in time periods, forcing, and numerical solvers, the results cannot be directly compared
to those of this study. They do, however, provide context for the results.

The inter-model (instance) comparison of the streamflow estimates in this study is
assessed using cumulative distribution functions (CDFs). We applied the Kolmogorov-
Smirnov test (Kolmogorov, 1933; Smirnov, 1933) to test whether the differences between
the KGE score distributions of the model instances are statistically significant. This al-
lows the acceptance or rejection of the hypothesis stating that the differences in stream-
flow estimates at various spatial resolutions will be small.

3.2.5. EWATERCYCLE PLATFORM

This research was conducted within the eWaterCycle platform (Hut, Drost, van de Giesen,
van Werkhoven, et al., 2021). eWaterCycle follows by design the FAIR principles of data
science (Wilkinson et al., 2018) and allows high-level communication with models re-
gardless of programming language through the Basic Model Interface (Hutton et al.,
2020). This study showcases how eWaterCycle handles the setup of extensive modelling
studies. A Jupyter notebook with the model experiments of this study is provided in
the GitHub repository. As notebooks are not ideal for long-running experiments on
high-performance computing (HPC) machines, we exported the notebooks to regular
Python code which we ran directly on an HPC system. The calibration and evaluation
procedures totalled 41,025 model runs on the Dutch national supercomputer Cartesius,
hosted by SURE

3.3. RESULTS

The results in this section are based on the modified KGE 2012 objective function ap-
plied to the streamflow estimates at the basin outlet. The Nash-Sutcliffe Efficiency (NSE)
(Nash and Sutcliffe, 1970) results are available in the repository (DOI:10.5281/zenodo0.5724576).

3.3.1. CALIBRATION PERIOD RESULTS

THE EFFECT OF CALIBRATION ON STREAMFLOW ESTIMATES

To illustrate how model calibration affects the streamflow estimates of each model in-
stance, we first show the calibration curves of a single basin (ID:14301000). To avoid pre-
sentation bias we selected a basin with moderate performance and only show the last
year of calibration. Figures 3.3a—c show the calibration curves (yellow to red) for each of
the instances that were generated by tuning the horizontal conductivity (i.e., KsatHor-
Frac) parameter. The parameter ranges from 1 to 1000 and has a single value for each
basin. Not all calibration interval values are shown in the figure for visualization pur-
poses. The results depict the effect that increasing the KsatHorFrac value has on the
hydrograph: base flow increases whilst peak flow reduces. In addition, large KsatHor-
Frac values reduce the flashiness of the streamflow estimates as is visible in Figures 3.3b
and 3.3c during the second week of November 2005. Of note is that the selection of best
calibration parameter values is strongly dependent on the chosen objective function as
for example the NSE score would be more favourable towards flashiness and less towards



3.3. RESULTS 49

base flow. As shown in Figure 3.3d the streamflow estimates of the model instance are
similar (KGE scores of 0.58-0.66) while the parameter values deviate (KsatHorFrac val-
ues of 125-1000). No strong apparent trends for KsatHorFrac values in relation to model
resolution or geographic location were found after calibration.
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Figure 3.3: Calibration-period results. The calibration interval of the KsatHorFrac parameter (KHF) for the
3 model instances at the basin outlet (ID:14301000) of the final calibration period year. (a) 3 km model in-
stance. (b) 1 km model instance. (c) 200 m model instance. Values range from 1 to 1000 (yellow to red); only a
sub-selection is shown. Best-performing calibration values are indicated by a dotted red line and streamflow
observations in blue. (d) Best streamflow estimates of the 3 km (orange), 1 km (green), and 200 m (red) model
instances.

Figure 3.4 shows the CDFs of the KGE-score distributions based on the best-performing
calibration model run of the 3 model instances. Starting with the modified KGE score
distributions in Figure 3.4a, we find that the model instance distributions are very sim-
ilar for the whole domain, especially the 1 km and 200 m instances. The 3 km instance
has lower scores for approximately 60 % of the distribution between 0.2 and 0.8 CDE Ap-
proximately 18 % of each distribution is below a KGE score of -0.41 which corresponds
to taking the mean flow. All three model instances show a similar Pearson r correlation
CDF (Figure 3.4b) and gamma variability ratio (Figure 3.4c). The largest differences are
visible in the beta bias component (Figure 3.4d), which shows similar biases for the 1
km and 200 m instances, with approximately 60 % of each distribution below 1 and 40 %
above that value. Agreement is highest in the lower and upper 5 % of the distributions.
The 3 km instance agrees with the 1 km and 200 m instances only in the upper 10 % of
the distribution, with 70 % of the 3 km distribution below 1 and 30 % above that value.
The bias term of the KGE score has the largest weight in determining the shape of the
KGE score CDF as is shown by the 20 % of each distribution with bias values larger than
2.0.
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Figure 3.4: Calibration-period results. CDFs of the modified KGE scores and their individual components for
the best-performing model runs of the 3 model instances during the calibration period. The 3 km model in-
stance is shown in orange, the 1 km instance in red, and the 200 m instance in green. (a) The CDF of the
modified KGE score. (b) The CDF of the Pearson r correlation component. (c) The CDF of the gamma (vari-
ability ratio) component. (d) The CDF of the beta (bias ratio) component.
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3.3.2. EVALUATION PERIOD RESULTS

BENCHMARK SELECTION

The statistical benchmark is applied to determine which basins contain the streamflow
estimates of the model instances that are deemed adequate for further analyses. The
statistical benchmark is based on the best-performing type of calendar-day climatology,
either mean or median, during the model evaluation period. Figure 3.5a shows spatially
which type of calendar day benchmark is best performing per basin. Of the 567 simu-
lated basins, the results for 454 basins exceed the benchmark for each model instance.
This is the case for all basins in the Midwest of the United States. Poor performance in
comparison to the benchmark is mainly present in the Southwest. Based on the KGE
scores, 83 % of the benchmarks favour the climatological mean and 27 % favour the me-
dian. An overview is provided in Figure 3.5¢c, and the distribution of the benchmark KGE
scores is shown in Figure 3.5d. The distribution ranges from -0.62 to 0.71 KGE score and
is skewed towards values lower than 0.0 with a mean of 0.02 and a median of -0.02.
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Figure 3.5: Evaluation-period results. (a) The best-performing type of 10-year calendar-day climatology, either
mean (purple) or median (yellow). (b) The spatial distribution of accepted (green) and rejected (red) basins
based on the benchmark. (c) Overview of the number of basins that are accepted or rejected and the best-
performing benchmark type. (d) The KGE 2012 score distribution of the best-performing benchmark type.
Basemaps are made with Natural Earth.

The statistical benchmarks (mean and median during the evaluation period) are plot-
ted as CDFs based on the KGE score and its 3 individual components in Figure 3.6. For
most of the KGE distributions in Figure 3.6a, the mean benchmark outperforms the me-
dian with the upper 10 % being the exception. The Pearson correlation coefficient (Fig-
ure 3.6b) is slightly higher for the median at 70 % of the distribution. In the case of the
gamma variability ratio (Figure 3.6¢) the bottom 38 % is lower for the median than the
mean and the upper 55 % slightly higher for the median than the mean. The determining
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component of the KGE score is the beta component shown in Figure 3.6d. As expected,
the mean benchmark is for the most part close to a value of 1, meaning that it is close
to the mean of the observations. Of interest are the points of the median that are not
close to 1, the lower 10 % and the upper 1 % of the distribution. These basins have flow
regimes that greatly differ per year compared to the climatology. Considering basins for
which the mean statistical benchmark has a beta bias score below 0.75 or above 1.75, we
find that the model instances outperform the statistical benchmark in 35 out of the 44
basins.
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Figure 3.6: Evaluation-period results. The CDFs of the modified KGE score and its 3 individual components for
the statistical benchmarks during the evaluation period. The mean statistical benchmark is shown in purple
and the median benchmark in blue. (a) The CDF of the modified KGE score. (b) The CDF of the Pearson r
correlation KGE component. (c) The CDF of the Gamma (variability ratio) KGE component. (d) The CDF of the
Beta (bias ratio) KGE component.
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THE EFFECT OF SPATIAL RESOLUTION ON STREAMFLOW ESTIMATES
The same 3 example basins used for the calibration period are used to illustrate the dif-
ferences in streamflow estimates between model instances for the evaluation period.
Only the last year of the evaluation period is shown in Figure 3.7.
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Figure 3.7: Evaluation-period results. 3 example hydrographs showing the last year of the evaluation period.
The 3 km (orange), 1 km (red), and 200 m (green) model-instance streamflow estimates at the basin outlet are
shown. The streamflow observations are shown in blue and the 10-year calendar-day climatology as a dotted
cyan line of the statistical benchmark. (a) Basin ID: 06878000. (b) Basin ID: 02231342. (c) Basin ID: 06043500.

In cases of poor performance, such as that shown in Figure 3.7a, the model instances
are overestimating streamflow during peak flow. The best-performing model instance
has the smallest peak-flow estimates, which in many cases is the coarsest spatial reso-
lution instance (3 km). Of the 454 basins, the 3 km instance has the lowest peak-flow
estimates in 279 cases and is the best-performing instance in 148 of those cases. The
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example in Figure 3.7b shows that when the 1 km model instance performs best, the 200
m model instance often performs similarly. In 78.7 % of the cases in which the 1 km in-
stance performs best, its KGE score differs from that of the 200 m instance by less than
0.1. The final example in Figure 3.7c illustrates a case in which the finest spatial model
resolution (200 m) performs best and the coarsest (3 km) performs worst. The 200 m
model instance best captures peak flow and the receding limbs of the hydrograph.

STREAMFLOW ESTIMATES OF MODEL INSTANCES

The KGE score results for the evaluation period are shown in Figure 3.8a. The KGE score
distribution of the mean of 36 hydrological models from Knoben et al. (2020) is included
and is referred to as "MARRMoT mean results.". Of note is that comparison between
studies is not one-on-one due to differences in model run periods, forcing, and numer-
ical solvers. We can, however, obtain information about general model performance
across the two studies.

The mean KGE score distribution of the MARRMoT models (Figure 3.8, blue) of Knoben
etal. (2020) is close to the mean of the distributions of the 3 model instances. Differences
between study results are mainly present in the tails of the distributions. Below a CDF
value of 0.17 (worst 17 % of the results) the MARRMoT mean results KGE score distribu-
tion is higher than the 1 km model instance. The MARRMoT mean results for the lower
5 % of the CDF perform better than the 3 model-instance distributions. Here, the range
of KGE scores is smaller for the MARRMoT mean (-1.55 to 0.09) than for the 3 model in-
stances (-13.56 to 0.00). Above a CDF value of 0.17 (83 % of the results) the distributions
of the 3 model instances are higher in KGE scores than those of the MARRMoT mean.

When we consider only the wflow_sbm instances, approximately 64 % of the model-
instance results have KGE scores above 0.50, and 18 % have scores above 0.75. The dis-
tributions cross at multiple points, for example at the bottom 10 % of the distribution
the 3 km instance has the highest and the 1 km instance the lowest KGE score. At 40 %
of the distribution and lower the 200 m instance has the highest KGE scores, followed by
the 1 km and 3 km instances. The Pearson r component of the KGE score CDF in Figure
3.8b and the gamma variability ratio component in Figure 3.8c show small differences
between model instances. The beta bias component in Figure 3.8d shows the largest dif-
ferences between model instances, especially between the 3 km instance and the 1 km
and 200 m model instances. The bias component is the main factor for the differences
in the overall KGE score.

Next, we apply the Kolmogorov-Smirnov (KS) statistic to test whether the CDFs of
the model instances differ significantly from each other at a p-value threshold of 0.05.
The KS test results in Table 3.2 show that the difference between the 3 km and 200 m
model instances is statistically significant at a p-value of 0.02. Across the large sample,
this means that increasing the spatial model resolution from 3 km to 1 km or from 1
km to 200 m does not lead to significant differences in streamflow performance. When
changing resolution from 3 km to 200 m, the distribution of KGE scores is significantly
different (p < 0.05) according to the KS test.
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Figure 3.8: Evaluation-period results. The CDFs are based on the modified KGE scores and their 3 individual
components for the 454 selected basins. (a) The modified KGE score with the MARRMoT 36-model mean
results shown in blue, the 3 km instance in yellow, the 1 km instance in red, and the 200 m instance in green.
(b) The Pearson r correlation component. (c) The gamma variability component. (d) The beta bias component.

Table 3.2: Kolmogorov-Smirnov statistics and the corresponding p-values. The results are based on differences
between the KGE distributions of the 3 model instances: 3 km, 1 km, and 200 m.

CDFs \ Kolmogorov-Smirnov Statistic p-value
3km-1km 0.08 0.14
1km - 200 m 0.05 0.82

3km-200m 0.11 0.02
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OBJECTIVE FUNCTION UNCERTAINTY

In addition to the streamflow evaluation, we conducted a sampling uncertainty assess-
ment of the KGE objective function using bootstrap and jackknife-after-bootstrap meth-
ods. The results of this assessment for each of the model instances are shown in Figure
3.9. The results for the 3 model instances are very similar. The tolerance interval results
denoted with the black lines show that approximately 100 basins have a KGE sampling
uncertainty of 0.1 or lower and approximately half of the basins have an uncertainty of
0.2 or lower. Half of the basins show KGE uncertainties greater than 0.2 with approxi-
mately 80 basins exceeding 0.5 for all model instances.
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Figure 3.9: Evaluation-period results. The bootstrap and jackknife-after-bootstrap results of the sampling un-
certainty of the KGE score. The 2x standard error of the jackknife method is shown in orange, the 2x standard
error of the bootstrap method in red, and the tolerance interval obtained by subtracting the 5th percentile from
the 95th percentile is shown in black. The horizontal axis shows the basin index ranked by the jackknife stan-
dard error and the vertical axis shows the modified KGE score sampling uncertainty. (a) 3 km model instance.
(b) 1 km model instance. (c) 200 m model instance.

We project the sampling-uncertainty results onto the evaluation-period CDF in Fig-
ure 3.8 by calculating the mean of the tolerance interval, jackknife standard error, and
bootstrap standard error for each of the 3 model instances per quarter of the total CDE
The results in Table 3.3 show slightly higher results for quarters of the CDF for the tol-
erance interval relative to the jackknife and bootstrap standard errors. The lower tail of
the CDF contains the highest average values for the three sampling-uncertainty statis-
tics and the upper tail the lowest average values, indicating that sampling uncertainty is
high at low KGE values and vice versa.

SPATIAL DISTRIBUTION OF EVALUATION PERIOD RESULTS

The CDF does not provide information at the basin level. To gain insight into the spa-
tial distribution of the KGE scores of the model instances, Figure 3.10 shows the KGEs
of the streamflow estimates plotted on a map of the CONUS domain. The minimum
KGE scores of 0.50 to 0.89, shown in Figure 3.10a, are found in the Pacific Northwest,
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Table 3.3: Sample uncertainty analysis results per quarter of the KGE cumulative distribution function (CDF)
during the evaluation period. The mean across the three model instances is shown for each method.

CDFRange Mean Tolerance (p95 - Mean 2x Std. Err. Mean 2x Std. Err.
po05) (Jackknife) (Bootstrap)

0.00-0.25 6.35 5.11 4.00

0.26 -0.50 0.29 0.18 0.21

0.51-0.75 0.19 0.12 0.13

0.76 -1.00 0.14 0.09 0.10

Atlantic South, Appalachia, and Northeast of the CONUS. KGE scores lower than -0.41
are found throughout the CONUS. The highest KGE scores in Figure 3.10b are located
in the Northwest, Rocky Mountains, and Appalachia. These regions are characterised as
steep sloping headwater basins. Figure 3.10c shows that there are large local streamflow
discrepancies of more than 1.00 KGE score. These are mainly found in the Pacific South-
west, the South, and the Midwest. These regions span a wide range of hydroclimatically
diverse basins. The average KGE score difference is 0.22. Figure 3.10d shows the best-
performing model instance for each of the 454 selected basins. Although regions show
clusters of best-performing model instances, there is no overall geographical trend in
the results. Basins in which the 1 km model instance performs best are generally close
to basins in which the 200 m model instance performs best. The 3 km model instance
shows some clusters in the South and Pacific Northwest. The Rocky Mountains contain
the best-performing 200 m model instances, and the Appalachia contain a mixture of 1
km and 200 m model instances.

3.3.3. THE EFFECT OF SPATIAL SCALE ON TERRAIN CHARACTERISTICS

We illustrate the effect of spatial scaling on the parameter sets of the 3 model instances by
showing differences in topography and drainage density for 3 basins. To avoid presenta-
tion bias, the basins were sampled based on poor streamflow performance (ID:06878000),
moderate performance (ID:02231342), and good performance (ID:06043500). Figure 3.11a
shows the probability density functions (PDFs) of the height distributions of the model
instances for each of the 3 basins, Figure 3.11b shows the slope distributions, and Figure
3.11c shows the profile-curvature distributions.

The height distribution of the DEM in Figure 3.11a shows, most clearly for basin ID
02231342, how the representation of the highest altitudes is underestimated by the 3 km
model instance (orange) compared to the 200 m instance (green) and to a lesser extent
the 1 km instance (red). Essentially, at coarser spatial resolutions, the terrain is flattened
at high altitudes. An opposite effect is shown in this basin for the lower altitudes, where
the finer resolution instances better capture gentle slopes that are flattened at coarse res-
olution. This effect is also detectable in the slope and profile curvature PDFs shown in
Figures 3.11b and 3.11c. As can be expected from the height distributions, the 200 m in-
stance has gentler and steeper slopes than the 1 km and 3 km instances. This is shown by
the narrower slope distribution for the coarse spatial resolution that broadens with finer
resolution. The differences in the mean slope of the basins between model instances
are marginal, e.g., 0.00019 mm™! for basin ID 02231342. The profile curvature in Figure
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Figure 3.10: Evaluation-period results. (a) Minimum KGE score of the model instances. (b) Maximum KGE
score of the model instances. (c) The difference between the minimum and maximum KGE scores. (d) Best-
performing model instance based on KGE score for the evaluation period with 3 km in orange, 1 km in red, and
200 m in green.
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Table 3.4: Drainage density defined as stream length divided by basin area for the three example basins.

Basin ID 3 km Drainage Density 1 km Drainage Density 200 m Drainage Density

[m-m'z] [m-m'z] [m-m'Z]
06878000 0.0133 0.0141 0.0143
02231342 0.0056 0.0059 0.0063
06043500 0.0112 0.0123 0.0126

3.11cindicates whether a slope is linear (values close to 0), concave (values smaller than
0), or convex (values larger than 0). The 3 km and 1 km instances show similar slope
geometries, with the 3 km instance having slightly more linear slopes. At the finest reso-
lution (200 m), the slope geometry shifts from linear slopes to either convex or concave
curvature profiles.

In addition to topography, we calculated the drainage density for each model in-
stance, defined as total river length divided by basin area. The results in Table 3.4 show
small differences between the model instances for each of the 3 basins.

3.4. DISCUSSION

3.4.1. BENCHMARKS

We applied an initial statistical benchmark based on streamflow observations for basin
selection to identify basins whose streamflow estimates are deemed adequate for fur-
ther analyses. This does not imply that excluded basins are less relevant. Instead, it
implies that an in-depth model assessment is required to understand why the model is
not able to simulate adequate streamflow estimates in these basins. The CDFs of the KGE
score and its components based on the statistical benchmarks in Figure 3.6 show that the
benchmark is relatively easy to beat given the KGE score distributions. We find, as one
might expect, that the beta bias component has values close to 1 for the mean bench-
mark while this is not the case for the median benchmark. Bias values not close to 1 for
the mean benchmark indicate that the flow regime changes from year to year. The hy-
drological model simulations were in most cases able to capture this change better than
the benchmark. This shows that the model is able to capture yearly variability and is not
overfitting due to extensive calibration. In addition to the benchmark, we added a layer
of context by including results from the study by Knoben et al. (2020). This is an imper-
fect comparison due to differences in model inputs, numerical solvers, and simulation
periods. However, the results do provide information on general model performance.
The results show that the wflow_sbm streamflow estimates are in line with estimates of
the mean of the 36 MARRMoT models. The spread of results is smaller for the 36 MAR-
RMoT models which is due to averaging and likely the more extensive calibration routine
of the conceptual models. It also implies that when only streamflow at the basin outlet
is under consideration, users should carefully consider various model structures before
model selection due to the small differences in results at the system-scale.

Other studies have conducted large-domain modelling efforts with the CONUS as
a case study area (e.g. Mizukami et al., 2017; Rakovec et al., 2019). However, these are
hard to compare with the results from this study as they did not use the same basins. To
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Figure 3.11: 3 example basins representing poor streamflow performance (ID:06878000), moderate perfor-
mance (ID:02231342), and good performance (ID:06043500). (a) PDFs of height distributions for the 3 km
(orange), 1 km (red), and 200 m (green) model instances. (b) PDFs of the slope distributions of the model in-
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to 0 indicate linear slope geometry, values smaller than 0 indicate concave slope geometry, and values larger
than 0 indicate convex slope geometry.
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improve future comparative work, we advocate for the creation of model output storage
guidelines that use the CAMELS data set as case study area. These guidelines should
encompass the differences between hydrological models, such as distributed and non-
distributed modelling grids. A first step is the inclusion of distributed data sources in the
CAMELS data set, e.g. meteorological data. This can be extended by including model
evaluation products such as snow cover and soil moisture for further benchmarking.
We further propose the use of a model experiment environment, such as eWaterCy-
cle (Hut, Drost, van de Giesen, van Werkhoven, et al., 2021), to generate model results.
This allows for similar pre-processing of inputs, standardization of outputs, and repro-
ducible modelling studies. An example of how to apply these steps using the eWater-
Cycle platform is provided in the Jupyter Notebooks that supplement this publication
(DOI:10.5281/zenodo0.5724512). The ease of setting up a model experiment and stor-
ing its output is an incentive for users to store model results while conducting extensive
modelling studies even when those results are deemed unsuitable for publication but
might still benefit the community.

3.4.2. STREAMFLOW ESTIMATES AND UNCERTAINTY

At the start of the study, we hypothesized that differences between model instances
would be small due to quasi-scale-invariant parameter sets and constant hydrological
process descriptions within the model. The results of the calibration period in Figure 3.4
and the evaluation period in Figure 3.8 show that this is the case for the KGE score distri-
butions based on streamflow estimates at the basin outlet. Although the differences are
small, the crossing of the distribution lines is a strong indication that there is disagree-
ment on KGE scores between model instances and that there is no single instance out-
performing the rest consistently. The largest difference among the distributions for both
periods is found in the beta bias component of the KGE score. The benchmark selec-
tion mainly excluded the basins that contained large bias values during the calibration
period. For the bias component, the 3 km instance deviates from the 1 km and 200 m in-
stances. This shows that the total volume of streamflow does differ for the 3 km instance.
This difference was confirmed by testing the statistical significance of the differences be-
tween distributions of the model instances by applying the KS-statistic on the evaluation
period results. Here, a statistically significant difference between distributions is found
only for the 3 km and 200 m model-instance combination (Table 3.2).

This study applies a single objective function, the modified KGE (Kling et al., 2012),
to determine simulated streamflow adequacy for the model calibration and evaluation
time periods. To provide the reader with more context, we have included the KGE 2009
(Gupta et al., 2009), modified KGE, KGE non-parametric (Pool et al., 2018), and NSE ob-
jective function results in the data repository and in Figure 3.13 in the supplementary
analyses at the end of this chapter. The conclusions based on hypothesis testing were
not affected by the type of KGE objective function. We selected the modified KGE objec-
tive function as it is less influenced by extreme combinations of simulated and observed
streamflow and less influenced by structural error in the meteorological input. The sin-
gle objective function for a whole period approach is limited and can be improved by
first determining the objective function for individual years and then averaging for the



62 3. LARGE-SAMPLE SPATIAL-RESOLUTION ASSESSMENT

whole period (Fowler et al., 2018). In addition, as stated by Clark et al. (2021), it is im-
portant to determine the sampling uncertainty of objective functions to avoid wrong
conclusions at the system scale. Following their methodology, we investigated the sam-
pling uncertainty by applying bootstrap and jackknife-after-bootstrap methods (Figure
3.9). Approximately half of the basins have a KGE uncertainty of 0.2 or lower based on
the tolerance interval and half have an uncertainty higher than 0.2 with values surpass-
ing 0.5 KGE uncertainty. The lower 25 % of the cumulative distribution function (Figure
3.8) contains the highest sample uncertainty and the upper 25 % the lowest (Table 3.3).
Given these results, we argue that the differences found using the KS-statistic are easily
within the sampling uncertainty margins and therefore not a valid basis for conclusions,
especially when model and observational uncertainty are also taken into account. This
demonstrates the drawbacks of conducting large-sample assessments and the sensitiv-
ity to sampling uncertainty of the results.

3.4.3. RELATIVE MODEL INSTANCE DIFFERENCES

We recognize that large-sample assessments obscure variations in simulations between
instances due to the sample size. At the basin level, we find that local variations due to
spatial resolution are in effect throughout the domain. This is depicted by the differences
between the KGE scores of the model instances (Figure 3.10c). On average, there is a 0.22
KGE score difference with extremes of more than 0.5 KGE score difference at multiple
basins. In this case we are interested in the relative differences between the instances
to understand the effect of varying spatial resolution. According to Oreskes et al. (1994),
this relative comparison is the only form of validation that is actually possible. There-
fore, we argue that the differences are large locally even though they might be within the
sampling uncertainty range.

We find that the 1 km instance performs best in basins where the difference between
the minimum and maximum KGE scores of the 3 instances is small (Figure 3.10c). We
attribute this partly to the calibration routine finding a better parameter value (KsatHor-
Frac) as its results are often close to those of the 200 m instance. For the best-performing
3 km or 200 m model instances (Figure 3.10d) there are only small geographical trends of
best model performance in the South and Appalachia. This information is valuable for
future research that does a more in-depth assessment of the internal states and fluxes
as we now know where the effects of varying grid-cell size are small or large and which
model is best performing.

We conducted a terrain analysis (Figure 3.11) to identify changes in terrain char-
acteristics due to spatial resolution that might explain the differences between model-
instance streamflow estimates. Minor effects are depicted by the profile curvatures present
at 200 m resolution. Slopes are less linear at fine resolution than at coarse resolution. The
effect on the hydrological response is, however, expected to be small as stated by Bo-
gaart and Troch (2006). Similarly small changes are found for the differences in drainage
density between model instances (Table 3.4). This confirms that the drainage network
up-scaling method of Eilander et al. (2021) is (almost) consistent across spatial scales.

Larger differences between model instances are found for the height distribution of
the DEM, which is flattened at coarse resolution compared to finer resolution. At high
altitudes, this introduces changes in snow dynamics due to the use of the temperature
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degree-day method by the hydrological model. The resulting effect on streamflow esti-
mates depends on the relative contribution of snow melt. Although marginal at a basin
level, the difference in slope between instances is expected to affect the partitioning of
the lateral fluxes of the wflow_sbm model as the lateral connectivity between grid cells
is slope-driven. An increase in slope would lead to larger lateral fluxes and vice versa.
Increasing spatial resolution, and thus reducing DEM aggregation, results in a broader
distribution of slopes that affects the volume and timing of streamflow estimates. The ef-
fect of terrain smoothing has been reported by Shrestha et al. (2015) and they found this
to increase the lateral overland-flow flux. An in-depth assessment of the internal states
and fluxes of the model instances is required to determine whether these components
are the main causes of the differences in streamflow estimates.

We applied the same meteorological forcing products and pre-processing routine to
each model instance. This ensured that the total volume of precipitation remained con-
sistent across scales. A coarse grid cell contains a volume of precipitation that is equally
redistributed over the equivalent number of finer grid cells. In reality, this redistribution
of water might not be equal across the finer grid cells and therefore scaling behaviour
is introduced due to the locality of precipitation. This has an effect on the streamflow
estimates as the locality of precipitation directly influences hydrological processes that
are dominant at different locations (e.g., hillslopes). In addition, due to the large differ-
ence between the native data resolution and the model-instance resolutions, it is likely
that the effects of disaggregation of precipitation and temperature lapse-rate correction
are main drivers of differences in streamflow estimates between model instances. How-
ever, Shuai et al. (2022) found by comparing the same forcing product with native im-
plementations at various spatial resolutions that the effect on streamflow estimates was
relatively small. This was not the case for distributed variables in the basin (e.g., snow
water equivalent). It is of interest to investigate this effect on streamflow estimates and
to determine the role of the native spatial resolution of the meteorological forcing.

COMPUTATIONAL COST

When we consider the increase in streamflow-based model performance as opposed to
computational cost, we find that this does not scale linearly with the number of grid cells
in the basin due to lateral connections in the hydrological model. The average nonpar-
allel runtime of the 3 km instance is 157 seconds and that of the 200 m instance 12120
seconds with an average number of grid cell difference of 28872 cells. These results point
toward the importance of conducting an initial spatial model resolution assessment at
the start of a large sample assessment, as this can help avoid subpar or computation-
ally expensive model runs. Note that this kind of information can stimulate scientific
and/or computational developments, e.g. in the meantime the wflow code was rewritten
in Julia (van Verseveld et al., 2021) roughly increasing performance by a factor of 3 while
other improvements (threading, MPI) are being implemented. There are alternative ap-
proaches to the spatial discretization of basins that are computationally very efficient
such as the vector-based configurations that have the added benefit of better capturing
topographic details and are less influenced by native forcing resolution (Gharari et al.,
2020).
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3.4.4. OUTLOOK

The results from this study help model developers with model refinement by providing
them with insight into where and under what circumstances differences due to spatial
scaling occur. Based on the aggregated domain and basin-level results, we can con-
clude that increasing spatial resolution does not necessarily lead to better streamflow
estimates at the basin outlet. The implications of the results for the user are that cau-
tion is advised when interpreting high-resolution model output as this does not directly
translate into better model performance. Moreover, the computational cost of increas-
ing model resolution is not always warranted compared to gains in streamflow-estimate-
based model performance.

We conducted this study as an initial assessment to be followed by studies of scaling
effects in distributed hydrological models. As the sampling-uncertainty results showed,
itis very hard to draw conclusions from a large sample, and future research should there-
fore consider a smaller subset of basins to explore scaling effects in more detail. In this
study, we did not investigate individual basins to avoid biased selection of case study
areas. We suggest that future work should include basins that show large or small differ-
ences in model performance and lateral fluxes, as well as the effects of terrain aggrega-
tion. In addition, the evaluation should go beyond streamflow by using multiple eval-
uation data products (e.g., soil moisture, evaporation, and gravity anomalies); see Guse
et al. (2021) for a recent overview. Conclusions might then be drawn about whether in-
creasing spatial resolution leads to increased model fidelity or not. This should be tested
using multiple forcing data sets to test the robustness of the conclusions. Including mul-
tiple timescales, as discussed in Melsen et al. (2016), could provide more information
about the linearity of hydrological process descriptions in the model.

3.4.5. CONCLUSIONS

The aim of this study was to analyse the effects of varying spatial resolution on the
streamflow estimates of the distributed wflow_sbm hydrological model. Distributions
of model-instance KGE-score results were tested for significant differences, and their
sampling uncertainty was quantified. A spatial distribution assessment was conducted
to derive spatial trends from the results. The main findings of the study are the following:

 The distributions of streamflow estimates from the wflow_sbm model instances
derived at multiple spatial grid resolutions (3 km, 1 km, and 200 m) differ signif-
icantly only between the 3 km and 200 m instances (p < 0.05). This confirms at
an aggregated level the hypothesis that differences between model instances are
small due to quasi-scale-invariant parameter sets and process descriptions that
remain constant across scales in the hydrological model. However, the sampling
uncertainty of the KGE score proved to be large throughout the domain. Therefore,
we conclude that the minute differences found between model instances are too
small to base conclusions on.

 Results show large differences in maximum and minimum KGE scores with an av-
erage difference of 0.22 between model instances throughout the CONUS. These
results provide valuable information for follow-up research based on the locality
of relative model scaling effects.
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* There is no single best-performing model resolution across the domain. Finer spa-
tial resolution does not always lead to better streamflow estimates at the outlet.

* Changes in terrain characteristics due to varying spatial resolution influence lateral-
flux partitioning of the wflow_sbm model and might be an important cause of dif-
ferences in streamflow estimates between model instances.

This study identified where results vary strongly because of changes in spatial res-
olution. Future research should conduct an in-depth assessment of basins in which
streamflow estimates and lateral fluxes differ substantially among spatial scales. This
will improve understanding of why spatial-scaling-related issues occur locally and the
conditions under which they arise.
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SUPPLEMENTARY ANALYSES
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Figure 3.12: ERA5 and MSWEP forcing comparison for six basins in the CAMELS data set. Monthly precipita-
tion values for the evaluation period are shown for ERA5 in blue and MSWEP in orange.
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Figure 3.13: Evaluation-period cumulative distribution functions of multiple objective functions for the three
model instances, with KGE 2009 in orange, KGE 2012 in red, non-parametric KGE in green, and NSE in blue.



ADVANCING HYDROLOGICAL MODEL DIAGNOSTICS:
AN EXPLORATORY APPROACH USING RANDOM FOREST
MODELS AND A LARGE-SAMPLE CATCHMENT DATA SET

Real stupidity beats artificial intelligence every time.

Terry Pratchett, Hogfather

This study introduces a diagnostic approach for understanding hydrological model per-
formance by using random forest models (RFMs) to relate model outcomes to catchment
attributes. Using the CAMELS-GB data set, we analyzed 93 catchment attributes from 617
catchments against performance metrics from the wflow_sbm and PCR-GLOBWB hydro-
logical models. Our results reveal that the predictive skill of RFMs varies among hydrolog-
ical targets, such as streamflow, actual evaporation, and soil moisture. Catchment area
emerged as a primary predictor, challenging traditionally reported relationships with me-
teorological inputs and aridity. The key findings identify soil parameterization, process
representation, and land-cover parameterization as promising areas for refining the hy-
drological models considered. This research emphasizes the value of data-driven methods
for supporting hydrological model refinement. It offers a generalizable approach to ex-
ploratory model diagnostics and comparison, providing an avenue for actionable refine-
ment across hydrological models and contexts.

Parts of this chapter are included verbatim in the manuscript Advancing Hydrological Model Diagnostics: An
Exploratory Approach Using Random Forest Models and a Large-Sample Catchment Data Set, currently under
review, by Aerts, J. P. M., Hut, R. W,, van de Giesen, N. C., van der Heijden, T. J. T., Hoch, J. M., Weerts, A. H., and
Sutanudjaja, E.
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4.1. INTRODUCTION

As the hydrological cycle is expected to intensify, the frequency and intensity of droughts
and extreme wet events are also expected to increase (Griindemann et al., 2022; Ingram,
2016; Lehner et al., 2006; Tabari, 2020). These shifts require hydrological models to ac-
curately simulate the resulting impacts in support of water-resources assessments (e.g.,
Samaniego et al., 2018). This need emphasizes the importance of continuously refining
the hydrological models at the core of such studies based on new insights. Model refine-
ment typically occurs iteratively (e.g., Fenicia et al., 2008; Jakeman et al., 2006; Peters-
Lidard et al., 2017) as new qualitative and quantitative data sources become available
(e.g., Silberstein, 2006).

The iterative process of model refinement creates challenges when modifications to
model processes and parameterizations must be verified and validated. This challenge
is referred to as the equifinality problem (e.g., Beven, 2006b; Beven and Freer, 2001;
Hornberger and Spear, 1981; Khatami et al., 2019; Kirchner, 2006) or, similarly, the af-
firmation fallacy (Oreskes et al., 1994). Models cannot be fully verified; instead, only
certain properties can be partially confirmed. This limitation underscores the impor-
tance of model-comparison studies, which support the evaluation of model refinements
by identifying and explaining discrepancies. In many cases, however, these studies lack
actionable conclusions for model refinement (e.g., Aerts et al., 2022).

To address this limitation, model evaluations can incorporate approaches such as
event modeling and multiple reference data sets. This extends the evaluation beyond
considering a model’s multidimensional state space based on a single flux, often stream-
flow. These methods enable a more comprehensive assessment of model fidelity (Beven,
2023; Clark et al., 2015; de Boer-Euser et al., 2017; Gupta et al., 2008; Vrugt and Sadegh,
2013). Such an assessment can provide valuable insights into how well the model rep-
resents underlying hydrological processes and can subsequently support the formula-
tion and testing of hypotheses about alternative process and parameter representations
(Clark, Kavetski, and Fenicia, 2011).

To test these hypotheses and evaluate the robustness of a model’s process represen-
tation, researchers should consider a sufficiently large sample of catchments covering a
wide range of hydroclimatic conditions and dominant hydrological processes (Andréas-
sian et al., 2006; Gupta et al., 2014). Incorporating these considerations can help model-
comparison studies produce more meaningful and reliable results for model refinement.

Researchers have begun to collect and use large-sample catchment data sets, such as
CAMELS-US (Addor et al., 2017), that contain catchment boundaries, hydrometeorolog-
ical time series, and catchment attributes, including topographic indices, land use, and
soil properties. Studies use these data sets to investigate relationships among climatic at-
tributes, catchment attributes, and hydrological model performance. For instance, Don-
nelly et al. (2016) assessed the suitability of the E-HYPE hydrological model in ungauged
basins by examining relationships between catchment attributes and flow signatures.
They found that flow signatures representing discharge regimes (low flow, long-term
mean flow, and high flow) exhibited significant correlations (>50 %) with catchment at-
tributes, including upstream area, percentage of agricultural land, elevation, mean pre-
cipitation, and mean temperature. By relating their findings to catchment attributes,
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Massmann (2020) sought to determine the minimum required complexity of hydrologi-
cal models. Aridity and baseflow emerged as the strongest negative predictors of model
performance. The results indicated that arid regions require more complex modeling, in
agreement with earlier research by Gudmundsson et al. (2012), Parajka et al. (2013), and
van Esse et al. (2013).

More recently, McMillan et al. (2022) studied relationships between hydrological pro-
cesses and signatures using multiple large-sample catchment data sets. They recom-
mended signatures that they considered reliable for identifying hydrological processes.
These findings complement the existing catchment attributes in large-sample data sets
because they link to hydrological processes and, indirectly, to a model’s ability to capture
these processes.

This information is particularly valuable for distributed hydrological models because
of their intricate spatiotemporal interactions and processes. This complexity makes it
difficult to identify the causes of favorable or unfavorable model performance. For ex-
ample, previous studies have noted that catchment responses and hydrological model
performance cannot be attributed solely to a single catchment feature (Addor et al.,
2018; Beck et al., 2016). Addressing this challenge therefore requires an exploratory
approach that considers relationships extending beyond our current understanding of
model behavior and beyond the assumptions underlying hydrological process descrip-
tions (Gupta et al., 2008).

Understanding which catchment characteristics determine favorable or unfavorable
model performance could help exploit differences among hydrological model structures
and parameterizations to formulate new model-refinement hypotheses. However, lim-
ited research has explored such hypotheses based on how catchment characteristics in-
fluence hydrological model performance. In particular, few studies have comprehen-
sively evaluated multiple states and fluxes to identify the key factors determining model
fidelity.

In this chapter, we demonstrate how such a study can be conducted using data-
driven techniques. These techniques can reveal nonlinear relationships between catch-
ment attributes and hydrological model performance, providing insights that traditional
evaluation approaches might not capture.

Random forest models (RFMs), a data-driven machine-learning technique introduced
by Breiman (2001), have been applied in multiple studies combining large-sample catch-
ment attributes with predictive modeling. For instance, Addor et al. (2018) combined
catchment attributes and RFMs to examine the spatial predictability of hydrological sig-
natures. Although this approach was promising, it produced results similar to those
obtained through spatial autocorrelation. RFMs have also been successfully applied in
other domains, such as predicting soil characteristics (Chaney et al., 2016; Hengl et al.,
2017; Ramcharan et al., 2018) and evaluating model performance (Konapala et al., 2020).
These studies highlight the potential value of RFMs as exploratory tools.
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Using RFMs, we aim to answer several research questions focused on identifying po-
tential avenues for model refinement through a novel model-comparison approach:

* How effective are RFMs in predicting hydrological model performance based on
catchment attributes from a large-sample catchment data set?

* How does the resulting catchment attribute importance for prediction depend on
the evaluated fluxes or states, and can this importance be linked to dominant hy-
drological processes?

* Can we leverage the importance of catchment attributes to identify avenues for
model refinement?

To that end, we combine catchment attributes from the CAMELS-GB large-sample
data set (Coxon et al., 2020b) and hydrological signatures from McMillan et al. (2022)
with RFMs as an exploratory tool to identify model-refinement pathways through model
comparison. We selected two hydrological models based on their opposing refinement
strategies in relation to spatial scale. These models now meet on a 1 km x 1 km grid
within the “hyper-resolution” domain (e.g., Beven and Cloke, 2012; Bierkens et al., 2015;
Hoch et al., 2023; Wood, Roundy, Troy, van Beek, Bierkens, Blyth, Lettenmaier, et al.,
2011).

4.2, METHODS AND DATA

The methodology builds on the hydrological models, model configurations, and model
inputs previously used in Aerts et al. (2023). We broadened the scope of the investigation
following the recommendation by Jain et al. (2022) to maximize the utility of existing
model runs and increase the time available for novel research. In this study, we expanded
the sample from 396 to all 617 catchments in the CAMELS-GB data set (Coxon et al.,
2020b). We further extended the research by integrating actual evaporation flux and soil
moisture state into the model-performance evaluation.

4.2.1. HYDROLOGICAL MODELS

DESCRIPTION OF CONCEPTUAL DIFFERENCES

Here, we focus on the main conceptual differences between the two physically based
distributed hydrological models used in this study: wflow_sbm (van Verseveld et al.,
2022) and PCR-GLOBWB (Hoch et al., 2023; Sutanudjaja et al., 2017). The wflow_sbm
model concept was originally developed for shallow soils and steep headwater catch-
ments based on the Topog SBM model (Vertessy and Elsenbeer, 1999). PCR-GLOBWB
was originally developed for large- to global-scale water-balance assessments and is now
used at finer spatiotemporal scales. Both models can now be applied on a 1 km x 1 km
grid at a daily temporal resolution.

The hydrological models were selected based on their complexity, conceptual sim-
ilarities, and competing refinement strategies. Wflow_sbm is implemented at coarser
resolutions than those for which it was originally developed, whereas PCR-GLOBWB is
implemented at finer resolutions. The models differ in several respects, including their
representations of groundwater, soil dynamics, lateral connectivity, and river routing:
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* The PCR-GLOBWB model includes a separate groundwater store and assumes a
linear relationship between storage and outflow (alinear reservoir). The wflow_sbm
model contains unsaturated and saturated stores with a water-table approxima-
tion and accounts for exchange between the stores based on conductivity at the
water table.

* The soil conceptualizations differ: PCR-GLOBWB uses two soil layers to simu-
late water storage, whereas wflow_sbm has three unsaturated soil layers. PCR-
GLOBWB assumes no lateral connectivity within the groundwater or unsaturated
zones, whereas wflow_sbm includes subsurface lateral connectivity through topographic-
gradient-driven flow.

* The model setup uses the accumulated-travel-time method for river routing in
PCR-GLOBWRB and the kinematic-wave approximation in wflow_sbm. The kinematic-
wave feature of PCR-GLOBWRB is optimized to reduce runtimes on a 1 km x 1 km
grid (Verkaik et al., 2022) but was not yet available at the start of this study.

Although the model-comparison approach should be compatible with any hydrolog-
ical model, using models with similar properties facilitates more robust conclusions.

MODEL PARAMETERIZATION
Both hydrological models are used as intended by their developers. As model users, we
retain the readily available parameters and conduct additional calibration only where
prescribed by the model developers. PCR-GLOBWB therefore does not require addi-
tional calibration using streamflow observations, even though such calibration could
improve model performance. Instead, best practice requires an extensive spin-up pe-
riod before the model run. Wflow_sbm requires additional calibration of a single effec-
tive parameter (the horizontal conductivity fraction) based on streamflow observations.
For more information and a demonstration of the effects of this calibration on stream-
flow simulations, see Aerts et al. (2022).

The parameterization of PCR-GLOBWB follows the method presented in Appendix
A of Hoch et al. (2023). The wflow_sbm parameters are upscaled from the finest avail-
able data resolution to the hydrological model resolution. The flow-direction parameter
is upscaled using the method presented by Eilander et al. (2021). Other parameters are
upscaled based on the work of Imhoff et al. (2020), who used pedotransfer functions to
derive parameters at the point scale before upscaling. An overview of the main parame-
ter data sources is provided in Table 4.1.

4.2.2. HYDROLOGICAL MODEL RUNS

METEOROLOGICAL INPUT DATA

The meteorological data used to force the hydrological models are the same as those
used to derive the catchment attributes in the CAMELS-GB data set (Coxon et al., 2020b).
Consequently, differences in model results can be attributed to model processes and pa-
rameterization. The meteorological data sets have a daily temporal resolution and a spa-
tial resolution of 1 km; they include temperature (CHESS-met; Robinson et al., 2020a),
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Table 4.1: Overview of the main data sources used to derive the hydrological model parameter sets. Note the
similarities between the two models in the topography, surface-water, and subsurface categories.

Model Category Datasets References
wflow_sbm Topography MERIT Hydro DEM Yamazaki et al. (2019)
Surface water ~ GRaND, HydroLAKES Lehner et al. (2011) and Messager
etal. (2016)
Meteorology CHELSA, Képpen-Geiger Karger et al. (2017) and Kottek et
al. (2006)
Land surface VITO, MODIS LAI Buchhorn et al. (2020) and My-
neni et al. (2015)
Subsurface SoilGrids250m Hengl et al. (2017)
PCR-GLOBWB  Topography MERIT Hydro DEM Yamazaki et al. (2019)

Surface water

Groundwater
Land surface

GRaND, Global Lakes and Wet-
lands Database

Global Hydrogeology MaPS
Global Land Cover Character-
istics v2.0, Global Food Secu-
rity Support Analysis Data v.1.0,

Lehner et al. (2011) and Messager
etal. (2016)

Gleeson et al. (2014)

Portmann et al. (2010), Siebert &
Dol (2008), and Thenkabail et al.
(2021)

MIRCA2000, Global CropWater
Model
SoilGrids250m

Subsurface Hengl et al. (2017)

precipitation (CEH-GEAR; Keller et al., 2015; Tanguy et al., 2022), and reference evapo-
ration (CHESS-PE; Robinson et al., 2020b). Before use, these data sets are reprojected to
align with the hydrological model grids using the ESMValTool climate-data postproces-
sor (Eyring et al., 2020).

MODEL RUNS

Aswith model parameterization, we conducted the model runs as intended by the model
developers. PCR-GLOBWB was spun up through 30 consecutive repetitions of an average
daily water year derived from the period from 1 October 2001 to 30 September 2007. The
year 2008 was discarded before model performance was evaluated from 2009 to 2017.
Wiflow_sbm was calibrated from 2001 to 2007. The year 2008 was discarded, and the
model was subsequently evaluated from 2009 to 2017. The model runs were conducted
using the community-driven eWaterCycle platform for hydrological model experimen-
tation (Hut et al., 2023).

4.2.3. HYDROLOGICAL MODEL PERFORMANCE

Evaluating hydrological model performance requires reference data. Here, we evaluate
three output variables: discharge, actual evaporation, and soil moisture. We evaluate
simulated discharge using the UK National River Flow Archive, which is included in the
CAMELS-GB data set. The data set provides daily time series of streamflow measure-
ments at the catchment outlet, expressed in cubic meters per second (m3s~!).

For actual evaporation, we used the FLUXCOM data set (Jung et al., 2019), which
provides 8-day average values at a spatial resolution of 0.0833 degrees. Before use, the
latent heat flux values were divided by the latent heat of vaporization to derive actual
evaporation in millimeters per day (mmd™!) (Allan et al., 1998).
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As a soil-moisture reference, we selected the merged data set developed by Peng et
al. (2021). They combined the ASCAT (H SAF 2020; Wagner et al., 2013) and SMAP (En-
tekhabi et al., 2010) remote-sensing products with output from the JULES-CHESS land-
surface model (Best et al., 2011; Clark, Mercado, et al., 2011) using a triple-collocation
merging technique (Stoffelen, 1998). The resulting weighted data set provides daily grid-
ded estimates of volumetric water content at a spatial resolution of 1 km, expressed in
cubic meters per cubic meter (m®m™). This data set enables direct evaluation of the
simulated soil-moisture states of the hydrological models.

OBJECTIVE FUNCTIONS

Model performance is assessed using objective functions that quantify the quality of the
simulations over the evaluation period. Streamflow-based model performance is de-
termined using the nonparametric Kling-Gupta efficiency (KGE-NP; Pool et al., 2018),
which ranges from minus infinity to a perfect score of 1. Model performance for ac-
tual evaporation and soil moisture is measured using the relative root mean square error
(RRMSE), calculated by averaging each time step across each catchment. Unlike con-
ventional RMSE, this RRMSE variant is normalized by the standard deviation of the ob-
servations, ensuring comparability among catchments. A score of 0 denotes a perfect
match between observations and model simulations (e.g., Hoch et al., 2023).

The evaluation periods for states and fluxes vary according to data availability. Stream-
flow is assessed using daily averages for the water years 2009-2015, while actual evapo-
ration is averaged over 8-day periods for the same years and soil moisture is evaluated
daily from 2015 to 2017. The objective functions are first determined for each water year
and then averaged over the entire evaluation period.

4.2.4. RANDOM FOREST MODELS

Random forest models (RFMs; Breiman, 2001) are used as the primary method for evalu-
ating relationships between catchment attributes and hydrological model performance.
We use RFMs to estimate the importance of catchment attributes as features for predict-
ing model performance. An RFM is an ensemble regression or classification approach
that uses regression trees fitted to random subsets of features. Its output is the un-
weighted average of the individual tree outputs:

_ 1 K
h(x)=—=)_ h(x,0k),
Ko

where 7 is the average output of the regression trees h with input features x, feature set
6, and feature subset 6 c 6.

Unlike more parsimonious methods, such as (multiple) linear regression, principal
component analysis (e.g., Jolliffe and Cadima, 2016), and LASSO models (e.g., Ranstam
and Cook, 2018), RFMs are less affected by strong collinearity among catchment at-
tributes. An overview of the RFM setup is provided in Figure 4.1.

CATCHMENT ATTRIBUTES
The CAMELS-GB data set contains catchment and climate attributes represented by a
single average value per catchment. These attributes cover meteorology, topography,
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Figure 4.1: Flowchart of the random-forest-model (RFM)-based feature-importance method. (1) A set of
model-performance results is selected as the RFM target. (2) Catchment attributes from the CAMELS-GB data
set and McMillan et al. (2022) are extracted. (3) The catchment attributes are prepared as RFM features, and the
model-performance results as RFM targets. (4) The features and targets for 617 catchments are divided into 10
folds. (5) The RFM is trained using 9 of the 10 folds (approximately 90 % of the catchments) and tested on the
remaining fold (approximately 10 %). (6) The benchmark score is calculated using all RFM features. (7) One
feature is removed from the complete feature set (93 features), and a new test score is calculated. (8) Dropout
feature importance is calculated as the difference between the benchmark score and the new test score. (9)
The removed feature is returned to the complete feature set and another feature is removed; this process is
repeated until each feature has been removed once. (10) The feature-importance analysis is repeated for all 10
train-test fold combinations before the mean feature importance of each catchment attribute is calculated.
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land cover, soil, hydrogeology, hydrometry, human influence, and hydrological signa-
tures. We recreated the hydrological signatures for the study period (2008-2015) using
the TOSSH toolbox (Gnann et al., 2021) and extended the feature set with the signatures
recommended by McMillan et al. (2022). Together, the catchment characteristics and
hydrological signatures are referred to as catchment attributes. Supplementary Table
4.5 provides an overview of the 93 selected attributes.

FEATURE AND TARGET PREPARATION

As with most statistical inference methods, an RFM optimizes its internal parameters to
predict the target (dependent variable) from the features (independent variables). The
RFMs used here are regressors and can therefore use continuous rather than categor-
ical targets. In this study, the targets are the hydrological model-performance results
calculated with the objective functions, and the features are the catchment attributes.
To further investigate the relationship between catchment attributes and model perfor-
mance, we also use the performance difference between the two hydrological models
as an RFM target. This allows us to identify the catchment attributes that best explain
discrepancies, or the lack thereof, between the model results. In total, this setup yields
nine RFMs: one for each combination of target variable (streamflow, actual evaporation,
or soil moisture) and model-performance result (wflow_sbm, PCR-GLOBWB, or the dif-
ference between the two models).

Features with more than 5 % missing data across all catchments are excluded. Miss-
ing data must be removed because RFMs might otherwise base feature importance on
the presence or absence of data. In addition, the KGE-NP-based streamflow-performance
target is balanced by setting extremely low values to -0.42. This value approximately cor-
responds to using the mean of the streamflow observations as a benchmark (Knoben,
Freer, and Woods, 2019). The RRMSE results for actual evaporation- and soil-moisture-
based model performance remain unchanged.

STRATIFIED 10-FOLD SAMPLING

Feature importance is evaluated using stratified 10-fold sampling of the features and
target (e.g., Addor et al., 2018). Stratification aims to maintain the target-variable dis-
tribution when samples are randomly assigned to each fold. The RFM predictions are
then evaluated through stratified 10-fold cross-validation, using 90 % of the catchments
for training and 10 % for testing. This procedure is repeated for all 10 folds to cover the
complete data set (Figure 4.2). It avoids dependence on a single division of the data set
into training and test sets.

TRAINING AND TESTING

Like hydrological models, RFMs require extensive parameter calibration, referred to as a
“hyperparameter search.” This search optimizes several parameters, including the num-
ber of estimators (trees in the forest) and maximum tree depth. We conducted the search
using the tree-structured Parzen estimator (TPE) method (Bergstra et al., 2011, 2013).
This Bayesian optimization approach uses previous training results to construct a prob-
abilistic model of the hyperparameters and estimate the probability associated with the
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Figure 4.2: Schematic overview of the 10-fold cross-validation method. The test-set fraction (10 %) is shown
in green and the training-set fraction (90 %) in blue. The process is repeated 10 times by iteratively selecting a
new combination of training and test catchments.

loss function. RFM calibration was completed by selecting the parameter set that min-
imized the representative loss function—in this study, the mean absolute error—across
all 10-fold combinations.

An important part of configuring RFMs is addressing overfitting by “pruning the trees,”
meaning reducing the width and depth of the decision trees. An overfit model performs
well on the training data (the 90 % mentioned above) but generalizes poorly to indepen-
dent test data (the remaining 10 %). When the hyperparameter search identifies multiple
near-optimal solutions, we select the parameters that minimize tree width and depth,
thereby reducing the risk of overfitting. Supplementary Table 4.6 presents the RFM tar-
get variables, benchmark scores, and standard deviations resulting from stratified 10-
fold training and testing. The aim of this study is to determine feature importance rather
than develop the best-predicting REM. Benchmark scores can therefore be low because
we use all catchment attributes as features, including those that reduce prediction accu-
racy.

DROPOUT FEATURE IMPORTANCE

Dropout feature importance—here, catchment-attribute importance—describes the con-
tribution of each feature to predicting variation in the target (the hydrological model-
performance results). First, the benchmark score is calculated using all features and the
test data (10 % of the catchments). Second, one feature is removed from the complete
feature set. Third, a new score is calculated using the reduced feature set. The difference
between the benchmark and new scores is the dropout feature importance (e.g., Kona-
palaetal., 2020). The removed feature is then returned, another feature is removed, and
a new dropout score is calculated. This process continues until every feature has been
removed once. Finally, the procedure is repeated for all 10 train-test fold combinations,
after which the mean dropout feature importance is calculated.
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We aggregated the dropout feature-importance results into the distinct classes used
in the CAMELS-GB data set: meteorology, land surface, subsurface, and hydrology. Catch-
ment attributes with negative feature importance were excluded, and the results were ex-
pressed as the fraction of positive feature importance. Supplementary Table 4.5 presents
the catchment attributes and their respective classes.

4.3. RESULTS

This section presents our findings for three variables: streamflow, actual evaporation,
and soil moisture. First, we present the hydrological model-performance results, fol-
lowed by the positive fractions of dropout feature importance. Finally, we highlight the
three highest-ranking catchment attributes based on their feature importance and relate
them to model performance. Supplementary Figures 4.9-4.11 provide correlation plots
of catchment attributes and model performance for these attributes.

4.3.1. STREAMFLOW

STREAMFLOW-BASED HYDROLOGICAL MODEL PERFORMANCE

Figure 4.3 shows the streamflow-based hydrological model-performance values. These
results serve as the target variables for the subsequent RFM analysis.

Figure 4.3a shows a median KGE-NP value of 0.73 for wflow_sbm. Model perfor-
mance is higher in the north and west and lower in the southeast. The PCR-GLOBWB
results in Figure 4.3b have a median KGE-NP value of 0.42 and similarly show lower per-
formance in the southeast. PCR-GLOBWB generally has slightly higher KGE-NP values
than wflow_sbm in this region, as shown in Figure 4.3c. Based on the difference in KGE-
NP between the models, wflow_sbm performs better than PCR-GLOBWB in 74 % of the
catchments. This performance difference occurs mainly in the western and northern re-
gions and is partly attributable to the additional streamflow-based calibration and the
kinematic-wave approximation used for river routing at a daily time step in wflow_sbm
(Section 2.2.1).

Both models show a distinct band of poor performance in the south, although the
pattern is more pronounced for wflow_sbm. The karst geology of the southern region
could contribute to this poor performance because it presents modeling challenges. This
effect is particularly apparent when these results are compared with the better perfor-
mance in catchments farther north that are dominated by Jurassic limestone.

FEATURE IMPORTANCE FOR PREDICTING STREAMFLOW-BASED MODEL PERFORMANCE
Next, we consider the RFM-based feature-importance results. These results are aggre-
gated into feature classes and expressed as positive feature-importance fractions in Fig-
ure 4.4.

The results in Figure 4.4 show that the meteorology class has low overall feature im-
portance and therefore plays a negligible role in predicting streamflow-based model per-
formance for all three targets. The narrow boxplots show minimal variance, demonstrat-
ing that this finding is spatially consistent throughout the case-study area. The remain-
ing hydrology, land-surface, and subsurface feature classes for wflow_sbm are well bal-
anced, with similar mean feature-importance values of approximately 0.36.
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Figure 4.3: Comparison of streamflow-based model performance using the daily KGE-NP metric at the catch-
ment outlet. The top panels show the cumulative distribution functions and distribution quantiles (Q1-Q4),
and the bottom panels show the spatial distributions of model performance. (a) Wflow_sbm performance, with
low KGE-NP values in red and high values in blue. (b) PCR-GLOBWB performance. (c) Performance difference
between the two models, A(W-P), with better PCR-GLOBWB performance in purple and better wflow_sbm
performance in green.
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Figure 4.4: Boxplots of the positive feature-importance fraction for each feature class, using catchment at-
tributes as RFM features and streamflow-based model-performance results as RFM targets. The targets are
wflow_sbm (W), PCR-GLOBWB (P), and the difference between the two models, A(W-P). Results are grouped
into four attribute classes: meteorology (blue), hydrology (orange), land surface (green), and subsurface (red).
Each point in a boxplot represents one test fold (Figure 4.2); the variance indicates the degree of spatial varia-
tion in the results.
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As in the wflow_sbm results, the remaining classes are balanced for PCR-GLOBWB.
However, these classes have greater variance, indicating more spatial variation in the
results. The land-surface class also has a relatively low mean feature-importance frac-
tion of 0.25. For the model-performance difference target, A(W-P), the subsurface class
has the highest positive feature-importance fraction. The magnitude of the discrepancy
in streamflow-based model performance is therefore best predicted by subsurface at-
tributes, making these attributes relevant candidates for further investigation and model
refinement.

The feature importance of individual catchment attributes is shown in Table 4.2. The
lower (Q1) and upper (Q4) quantiles of the model-performance distributions distinguish
poor from good performance for the individual models (Figure 4.3). For the A(W-P) tar-
get, the lower quantile indicates better PCR-GLOBWB performance (purple), whereas
the upper quantile indicates better wflow_sbm performance (green).

The RFM with the wflow_sbm target yields a benchmark score of 0.81 R?. This score
is considered high because the model includes catchment attributes with negative fea-
ture importance that reduce its predictive skill. Catchment area is the highest-ranking
individual attribute; excluding it decreases the score by 0.13 R?>. The mean area of all
617 catchments is 417 km?. The lower performance quantile for wflow_sbm has a mean
area of 968 km?, whereas the upper quantile has a mean of 278 km?. Thus, wflow_sbm
performs better, on average, in smaller catchments than in larger ones. The two lower-
ranking catchment attributes each have a feature importance of 0.02 R2. The REM pre-
dicts better wflow_sbm performance in catchments with a relatively high runoff ratio
and lower-than-average aridity.

The PCR-GLOBWB results show a more modest benchmark score of 0.46 R2. Again,
catchment area is the highest-ranking attribute. In contrast to the wflow_sbm findings,
PCR-GLOBWB is predicted to perform better in larger catchments (904 km?) than in
smaller ones (179 km?). The second-ranking attribute, the baseflow recession coefficient
K, shows only minor deviations from the overall mean across the quantiles. Notably,
catchments with shallower average root-zone depths, as indicated by lower total avail-
able water content, tend to show better PCR-GLOBWB streamflow-based performance.

For the model-performance difference target, A(W-P), the benchmark score is close
to that of PCR-GLOBWB. Catchment area remains the highest-ranking attribute and con-
firms the previous finding of better wflow_sbm performance in smaller catchments (40
km?) and better PCR-GLOBWB performance in larger catchments (1,292 km?). Poros-
ity is the only subsurface attribute among the three highest-ranking attributes. Thus,
although the subsurface class is the best predictor (Figure 4.4), its individual attributes
have positive but modest feature importance.

4.3.2. ACTUAL EVAPORATION

ACTUAL EVAPORATION-BASED HYDROLOGICAL MODEL PERFORMANCE

Hydrological model performance in simulating actual evaporation is assessed using the
8-day-average relative root mean square error (RRMSE) shown in Figure 4.5. The CDF
of the wflow_sbm results in Figure 4.5a reveals two distinct performance clusters: most
catchment simulations (80 %) represent actual evaporation well, with RRMSE values be-
low 1 (Q1-Q3), whereas the remaining 20 % represent it poorly, with RRMSE values above
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a Actual Evaporation: b Actual Evaporation: c Actual Evaporation:
wflow_sbm (W) PCR-GLOBWB (P) A(W-P)
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Figure 4.5: Comparison of catchment-averaged, actual evaporation-based model performance using the 8-
day-average RRMSE metric. The top panels show the cumulative distribution functions and distribution quan-
tiles (Q1-Q4), and the bottom panels show the spatial distributions of model performance. (a) Wflow_sbm
performance, with low RRMSE values in white and high values in red. (b) PCR-GLOBWB performance. (c)
Performance difference between the two models, A(W-P), with better wflow_sbm performance in purple and
better PCR-GLOBWB performance in green. Note that this color order is the reverse of that in Figure 4.3.
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1.5 (Q4). The PCR-GLOBWB results in Figure 4.5b are more consistent and show bet-
ter overall performance, with only a small proportion of catchments having an RRMSE
above 1. The A(W-P) results in Figure 4.5c emphasize this difference, with better PCR-
GLOBWB performance shown in green. Notably, the poorer representation of actual
evaporation by wflow_sbm does not necessarily coincide with poor streamflow-based
performance (Figure 4.3a).

FEATURE IMPORTANCE FOR PREDICTING ACTUAL EVAPORATION-BASED MODEL
PERFORMANCE

10 RFM - Actual Evaporation
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Figure 4.6: Boxplots of the positive feature-importance fraction for each feature class, using catchment at-
tributes as RFM features and actual evaporation-based model-performance results as RFM targets. The tar-
gets are wflow_sbm (W), PCR-GLOBWB (P), and the performance difference, A(W-P). Results are grouped into
four classes: meteorology (blue), hydrology (orange), land surface (green), and subsurface (red). Each point
in a boxplot represents one test fold (Figure 4.2); the variance indicates the degree of spatial variation in the
results.

The RFM results aggregated by attribute class are presented in Figure 4.6. The land-
surface class consistently has the highest fraction of feature importance across all RFMs,
particularly REM-wflow_sbm. The high feature importance of land-surface attributes is
consistent with their expected role in evaporation, especially for features associated with
land cover. Meteorological features related to the timing and volume of precipitation,
the magnitude of potential evapotranspiration, and indices such as aridity might also
be expected to be important. However, their limited feature importance may suggest
that both hydrological models are similarly proficient in simulating actual evaporation
across diverse meteorological conditions.

As in the streamflow-based results, catchment area has the highest feature impor-
tance for RFM-wflow_sbm, with a score of 0.31 R? relative to a benchmark of 0.57 R2. For
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Table 4.3: Overview of the actual evaporation-based model-performance RFM targets. The RFM benchmark score (using all features) and the three highest-ranking
catchment attributes are shown with their feature-importance scores and mean values. For wflow_sbm and PCR-GLOBWB, Q1 represents the 25 % of catchment
simulations with the highest performance, and Q4 represents the 25 % with the lowest performance (Figure 4.5). For A(W-P), Q1 represents the 25 % of simulations
with better wflow_sbm performance, and Q4 represents the 25 % with better PCR-GLOBWB performance. Note that the quantile order is the reverse of that in Table 4.2.

RFM Target RFM Score R? Rank Feature RZ Catchment Attribute Unit Mean Std. Dev. Q1 Mean Q4 Mean
wflow_sbm 0.57 1 0.31 Catchment area km? 417 967 230 987
2 0.01 Mean PET mmd~! 1.34 0.11 1.22 1.38
3 0.01 Shrubs Area % 12 19 26 5
PCR-GLOBWB 0.52 1 0.11 Urban area % 7.63 12.93 3.10 17.21
2 0.01 Mean PET mmd! 1.34 0.11 1.33 1.35
3 0.01 Organic Content % 4 5 5 3
AW-P) 0.58 1 0.33 Catchment area km? 417 967 214 1006
2 0.02 Bare soil area % 0.6 2.0 0.9 0.4
3 0.02 Frequency of high precipitation dyr! 15.6 2.84 13.51 16.56
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the RRMSE metric, the best-performing catchments belong to the lower quantile (Q1)
and are characterized by smaller areas. Other identified attributes, such as mean po-
tential evapotranspiration (PET) and the percentage of shrub cover, have relatively low
feature importance. The results indicate that the best-performing catchments tend to
have above-average shrub cover and lower mean PET.

In contrast to the streamflow-based results, catchment area is not among the three
highest-ranking features for PCR-GLOBWB. Instead, the percentage of urban area is the
highest-ranking feature, with a score of 0.11 R? relative to a benchmark of 0.52 R%. Catch-
ments with less urban area tend to outperform those with more extensive urban devel-
opment.

The A(W-P) results show that catchment area remains the most important attribute
for predicting discrepancies in actual evaporation-based performance between the mod-
els. The lower quantile (Q1) indicates better wflow_sbm performance in smaller catch-
ments, whereas PCR-GLOBWB performs better in larger ones. Notably, catchment area
consistently has the greatest explanatory importance in both the streamflow and actual
evaporation evaluations.

4.3.3. SOIL MOISTURE

SOIL MOISTURE-BASED HYDROLOGICAL MODEL PERFORMANCE

In Figure 4.7, the soil moisture-based performance of wflow_sbm is similar to that of
PCR-GLOBWSB, with median RRMSE values 0f2.76 and 2.92, respectively. The wflow_sbm
(Figure 4.7a) and PCR-GLOBWB (Figure 4.7b) results show similar spatial patterns. These
patterns distinguish areas of satisfactory and deficient soil-moisture representation rel-
ative to the reference product: performance is good in the southeast and poorer in the
west and north of the case-study area. The spatial comparison in Figure 4.7c shows that
the largest differences between the models occur in regions with generally poor model
performance.

FEATURE IMPORTANCE FOR PREDICTING SOIL MOISTURE-BASED MODEL PERFORMANCE
The soil moisture-based RFM results in Figure 4.8 show that the subsurface class has the
highest feature importance for REM-wflow_sbm, followed by hydrology and land sur-
face. The PCR-GLOBWB results do not show this hierarchy: median values are more sim-
ilar among classes, but their large variance indicates spatial variation. For A(W-P), only
the meteorology class has a lower median value (0.11), compared with positive feature-
importance fractions of approximately 0.28 for the other classes.

The results in Table 4.4 show good benchmark scores for both REM-wflow_sbm (0.68
R2) and RFM-PCR-GLOBWB (0.75 R?). Compared with the streamflow and actual evap-
oration findings, the highest-ranking feature-importance scores are modest to low, indi-
cating a more even distribution of feature importance. For wflow_sbm, urban area is the
most important catchment attribute, with a score of 0.02 R?; the quantile means are close
to the mean across all catchments. The PCR-GLOBWB results indicate greater sensitiv-
ity to climatic indices: the model tends to perform better in catchments characterized
by extended periods of limited precipitation (frequency of dry days, Q4). The saturation-
excess-effect attribute reinforces this observation, indicating that catchments with higher
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Figure 4.7: Comparison of catchment-averaged, soil moisture-based model performance using the daily-
average RRMSE metric. The top panels show the cumulative distribution functions and distribution quan-
tiles (Q1-Q4), and the bottom panels show the spatial distributions of model performance. (a) Wflow_sbm
performance, with low RRMSE values in white and high values in red. (b) PCR-GLOBWB performance. (c)
Performance difference between the two models, A(W-P), with better wflow_sbm performance in purple and
better PCR-GLOBWB performance in green. Note that this color order is the reverse of that in Figure 4.3.
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Figure 4.8: Boxplots of the positive feature-importance fraction for each feature class, using catchment at-
tributes as RFM features and soil moisture-based model-performance results as RFM targets. The targets are
wflow_sbm (W), PCR-GLOBWB (P), and the performance difference, A(W-P). Results are grouped into four
classes: meteorology (blue), hydrology (orange), land surface (green), and subsurface (red). Each point in a
boxplot represents one test fold (Figure 4.2); the variance indicates the degree of spatial variation in the re-
sults.
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Table 4.4: Overview of the soil moisture-based model-performance RFM targets. The RFM benchmark score (using all features) and the three highest-ranking catch-
ment attributes are shown with their feature-importance scores and mean values. For wflow_sbm and PCR-GLOBWB, Q1 represents the 25 % of catchment simulations
with the highest performance, and Q4 represents the 25 % with the lowest performance (Figure 4.7). For A(W-P), Q1 represents the 25 % of simulations with better
wiflow_sbm performance, and Q4 represents the 25 % with better PCR-GLOBWB performance. Note that the quantile order is the reverse of that in Table 4.2.

RFM Target RFM Score RZ Rank Feature R® Catchment Attribute Unit Mean Std. Dev. Q1 Mean Q4 Mean
wflow_sbm 0.68 1 0.02 Urban area % 8 13 6 5
2 0.01 Recession parameters - 0.23 0.62 0.14 0.24
3 0.01 Porosity - 48.0 6.2 45.6 53.3
PCR-GLOBWB 0.75 1 0.01 Frequency of dry days dyr! 211 31 229 179
2 0.008 Crop area % 23 25 36 2
3 0.003 Saturation excess effect - 0.71 0.18 0.8 0.6
AW-P) 0.35 1 0.06 Catchment area km? 417 968 908 243
2 0.04 Mean drainage path slope mkm~1 95 65 107 141
3 0.03 Mean elevation m.a.s.l. 200 126 228 296
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saturation-excess thresholds generally perform better (Q1). In the A(W-P) analysis, catch-
ment area is again the best predictor of the performance difference, with a value of 0.06
R2 relative to a low benchmark of 0.35 RZ. In contrast to the previous findings, however,
wflow_sbm performs better in larger catchments (Q1), whereas PCR-GLOBWB performs
better in smaller catchments (Q4). Topographic indices are the leading predictors of the
performance difference between the two models.

4.4, DISCUSSION

The objective of this study was to determine the effectiveness of random forest mod-
els (RFMs) in predicting hydrological model performance from catchment attributes,
examine how attribute importance varies among model fluxes and states, and identify
potential avenues for model refinement.

4.4.1. THE EFFECTIVENESS OF RANDOM FOREST MODELS

We first consider the effectiveness of RFMs in predicting model-performance targets
from the attributes in a large-sample catchment data set. The RFM benchmark scores
reveal substantial variation in predictive skill among model-performance targets (Tables
4.2,4.3,and 4.4). Benchmark scores range from 0.57 to 0.81 R? for the wflow_sbm targets,
from 0.46 to 0.75 R? for the PCR-GLOBWB targets, and from 0.35 to 0.58 R? for A(W-P).
Supplementary Table 4.6 presents the variance resulting from the selection of train-test
fold combinations. This variance indicates sensitivity to fold selection (subsamples) and
spatial variation in RFM predictive skill. Given these nuances, we emphasize the value
of using the complete data set across the training and testing folds.

To assess whether the individual folds differed significantly from the complete sam-
ple, we used the Kolmogorov-Smirnov test (Kolmogorov, 1933; Massey, 1951; Smirnov,
1933). The test found no significant differences between any fold and the complete sam-
ple at a significance level of 0.10. This result suggests that the sample size is sufficient
for stratified 10-fold sampling, although a larger sample would allow assessment at a
stricter significance level of 0.05. The large variance in RFM benchmark scores among
folds provides another indication that the sample size is limited.

This study focuses on determining the importance of catchment attributes for pre-
dicting model performance rather than developing the best possible predictive model.
The RFMs used here are effective for this purpose. If the goal were to obtain an RFM with
the highest possible predictive capacity—a difficult task (Ley et al., 2015; Massmann,
2020; van Esse et al., 2013)—we would recommend applying a feature-selection method
beforehand (e.g., Velthoen et al., 2022). Such a method would reduce the feature set to
catchment attributes with a strong net positive effect on RFM predictive skill, thereby
substantially improving predictive performance.

4.4.2. THE ADDED VALUE OF EXPLORATORY DIAGNOSTICS

Model performance is typically quantified using measures such as those shown in Fig-
ures 4.3, 4.5, and 4.7, but identifying the underlying causes of performance remains
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challenging. RFMs are useful for this purpose compared with, for example, the corre-
lation plots of catchment attributes and model-performance values provided in Supple-
mentary Figures 4.9-4.11. These plots show the nonlinear distributions of catchment-
attribute values across the catchments. RFMs add value by sorting these values through
decision trees, enabling the evaluation of nonlinear relationships between catchment
attributes and model performance.

Introducing an abstraction level through catchment-attribute classes helps evaluate
how RFMs relate hydrological processes to the fluxes and states simulated by hydro-
logical models. Figures 4.4 and 4.6 show that the meteorology class has a low feature-
importance fraction for streamflow and actual evaporation. The wflow_sbm results in
Figure 4.8 show a similar pattern for soil moisture. These findings contrast with previous
research demonstrating the sensitivity of hydrological models to meteorological inputs
(e.g., Gebrechorkos et al., 2023; Poncelet et al., 2017; Raimonet et al., 2017; Tarek et al.,
2020). Our findings indicate that the two models have comparable proficiency in simu-
lating streamflow and actual evaporation under varying meteorological conditions.

The streamflow-based results in Figure 4.4 show that the difference in model per-
formance is best explained by the subsurface attribute class. Because both models use
the SoilGrids data set for soil parameterization, an in-depth analysis of their subsurface
structures and parameterizations might provide important insights for model refine-
ment. Similar conclusions can be drawn from the influence of the land-surface class
on actual evaporation performance (Figure 4.6) and the role of the subsurface class in
the wflow_sbm soil-moisture results (Figure 4.8). Together, these findings highlight the
nuanced interplay of specific catchment attributes in determining hydrological model
results for a given flux or state.

THE INTERPLAY BETWEEN CATCHMENT ATTRIBUTES AND MODEL PERFORMANCE

In this study, we introduce a method for identifying conditions under which catchment-
attribute values are associated with either good or poor model performance. We ex-
amine the individual catchment attributes in greater detail and relate our findings to
previously established relationships between catchment attributes and model perfor-
mance. One recognized relationship is the negative correlation between aridity and
streamflow-based model performance documented in several studies (e.g., Gudmunds-
son et al., 2012; Massmann, 2020; Poncelet et al., 2017). Our results in Table 4.2 do not
show this negative correlation across all hydrological model targets. A pattern of better
performance in catchments with below-average aridity emerged only for the wflow_sbm
target. Runoff ratio and small catchment area are more important RFM predictors of
wilow_sbm performance.

Catchment area is particularly important for predicting all three variables (Tables
4.2,4.3,and 4.4). These findings differ from previous studies: some found no discernible
relationship between catchment area and model performance (Castellarin et al., 2013),
whereas others observed better performance in larger catchments (Poncelet et al., 2017;
van Esse et al., 2013). Massmann (2020) observed both positive and negative correla-
tions and attributed this variation to aridity, which often coincided with larger catch-
ments. In contrast, our data indicate better wflow_sbm performance in smaller catch-
ments and better PCR-GLOBWB performance in larger catchments for both streamflow
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and actual evaporation. The opposite relationship occurs for soil moisture: wflow_sbm
performs better in larger catchments and PCR-GLOBWB in smaller catchments. These
findings underscore that the relationship between model performance and catchment
area is model-specific and depends on the predicted target.

The dependence of model performance on catchment area indicates that model-
development history and refinement might play arole. Specifically, the originally coarser-
scale PCR-GLOBWB model performs better in larger catchments, whereas the originally
finer-scale wflow_sbm model performs better in smaller catchments. Reviewers of Aerts
et al. (2022) hypothesized that a daily time step is too coarse for accurate simulations in
small catchments. The wflow_sbm results provide no clear evidence for this hypothesis
when the kinematic-wave approximation is used for river routing with subdaily calcula-
tions. PCR-GLOBWB does perform poorly in smaller catchments, which might be caused
by its accumulated-travel-time routing approximation. This hypothesis could be tested
by applying a setup similar to that of Cortés-Salazar et al. (2023) to PCR-GLOBWB and
evaluating different routing schemes in relation to catchment area.

Alternatively, both models could be evaluated at multiple spatiotemporal resolutions
to determine the effect of scale on model performance (e.g., Aerts et al., 2022; Melsen et
al,, 2016). RFMs using catchment attributes calculated at multiple spatial model scales
could support this effort by identifying whether feature importance remains consistent
across scales.

LIMITATIONS AND FUTURE RESEARCH
Despite the precautions taken in this study, the sample is limited in terms of both catch-
ments and catchment attributes, as demonstrated by its sensitivity to fold selection.
Small sample sizes can adversely affect random-forest prediction performance, although
the required sample size depends on the characteristics of the data and prediction prob-
lem (Han et al.,, 2021; Luan et al., 2020). Our recommendation follows the well-known
premise in data-driven research that “more high-quality data are better.” For future re-
search, we therefore advocate using the Caravan data set (Kratzert et al., 2022), which
combines the available large-sample CAMELS data sets, to increase the sample size.
Further recommendations include expanding the data-set sample size to support
more robust conclusions and exploring the potential of RFMs as model-selection tools.
Such tools could use globally available catchment attributes to facilitate the creation of
model ensembles that capitalize on the strengths of individual models.

4.5, CONCLUSION

At the outset of this study, we aimed to assess the effectiveness of random forest mod-
els (RFMs) in predicting hydrological model-performance targets using catchment at-
tributes from a large-sample data set. We extended this investigation by evaluating how
catchment-attribute feature importance depends on the targeted fluxes and states. We
also aimed to use the importance of catchment attributes to identify potential pathways
for model refinement and improvement. Based on our findings, we draw the following
conclusions.

Our results indicate that RFM predictive skill and the importance of individual catch-
ment attributes vary substantially among the selected hydrological targets (streamflow,
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actual evaporation, and soil moisture). In addition, the RFM results varied considerably
among the selected test subsamples (folds) of the 617 catchments, indicating strong spa-
tial variation.

Our findings differ from relationships previously established in other studies. In par-
ticular, the recognized correlations among meteorological inputs, aridity, and stream-
flow performance were not consistently observed. Instead, catchment area emerged as
a primary predictor, suggesting possible adverse scaling effects and model-development
artifacts affecting performance.

This study identified several avenues for refining the selected hydrological models.
Soil parameterization and process representation are key areas for further scrutiny and
refinement to improve streamflow simulations with both wflow_sbm and PCR-GLOBWB.
Improvements to PCR-GLOBWB land-cover parameterization, particularly the represen-
tation of urban areas, are expected to improve simulations of actual evaporation. In ad-
dition, a more advanced river-routing method might improve performance in smaller
catchments.

The insights from this study underscore the potential of data-driven methods and
comparative model analyses to refine hydrological models and deepen our understand-
ing of hydrological processes. Because the presented approach is model-agnostic, it can
also be applied to other hydrological models. This versatility improves our ability to
identify how and why specific underlying processes produce different results among lo-
cations.
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SUPPLEMENTARY ANALYSES
A.1 CATCHMENT ATTRIBUTE CLASSES

Table 4.5: Overview of the 93 catchment attributes used as random forest model features, with their respective
attribute classes and data sources.

Catchment Attribute Class Source
AverageStorage hydrology TOSSH toolbox
BFI hydrology TOSSH toolbox
BaseflowRecessionK hydrology TOSSH toolbox
EventRR hydrology TOSSH toolbox
FDC_slope hydrology TOSSH toolbox
First_Recession_Slope hydrology TOSSH toolbox
HFD_mean hydrology TOSSH toolbox
IE_thresh hydrology TOSSH toolbox
Mid_Recession_Slope hydrology TOSSH toolbox
Q5 hydrology TOSSH toolbox
Q95 hydrology TOSSH toolbox
QP_elasticity hydrology TOSSH toolbox
Q_mean hydrology TOSSH toolbox
RR_Seasonality hydrology TOSSH toolbox
RecessionParameters_1 hydrology TOSSH toolbox
RecessionParameters_2 hydrology TOSSH toolbox
RecessionParameters_3 hydrology TOSSH toolbox
Recession_a_Seasonality hydrology TOSSH toolbox
SE_effect hydrology TOSSH toolbox
SE_slope hydrology TOSSH toolbox
SE_thresh hydrology TOSSH toolbox
Spearmans_rho hydrology TOSSH toolbox
Storage_thresh hydrology TOSSH toolbox
TotalRR hydrology TOSSH toolbox
VariabilityIndex hydrology TOSSH toolbox
high Q_dur hydrology TOSSH toolbox
high_Q_freq hydrology TOSSH toolbox
low_Q_dur hydrology TOSSH toolbox
low_Q_freq hydrology TOSSH toolbox
area land surface CAMELS-GB
bares_perc land surface CAMELS-GB
crop_perc land surface CAMELS-GB
dpsbar land surface CAMELS-GB
dwood_perc land surface CAMELS-GB
elev_10 land surface CAMELS-GB
elev_50 land surface CAMELS-GB
elev_90 land surface CAMELS-GB
elev_max land surface CAMELS-GB
elev_mean land surface CAMELS-GB
elev_min land surface CAMELS-GB
ewood_perc land surface CAMELS-GB
gauge_elev land surface CAMELS-GB
grass_perc land surface CAMELS-GB
inwater_perc land surface CAMELS-GB
shrub_perc land surface CAMELS-GB

Continued on the next page
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Table 4.5 continued from the previous page

Catchment Attribute Class Source

urban_perc land surface CAMELS-GB
aridity meteorology CAMELS-GB
frac_snow meteorology CAMELS-GB
high_prec_dur meteorology CAMELS-GB
high_prec_freq meteorology CAMELS-GB
low_prec_dur meteorology CAMELS-GB
low_prec_freq meteorology CAMELS-GB
p_mean meteorology CAMELS-GB
p_seasonality meteorology CAMELS-GB
pet_mean meteorology CAMELS-GB
bulkdens subsurface CAMELS-GB
bulkdens_5 subsurface CAMELS-GB
bulkdens_50 subsurface CAMELS-GB
bulkdens_95 subsurface CAMELS-GB
clay_perc subsurface CAMELS-GB
conductivity_cosby subsurface CAMELS-GB
conductivity_cosby_5 subsurface CAMELS-GB
conductivity_cosby_50 subsurface CAMELS-GB
conductivity_cosby_95 subsurface CAMELS-GB
conductivity_hypres subsurface CAMELS-GB
conductivity_hypres_5 subsurface CAMELS-GB
conductivity_hypres_50 subsurface CAMELS-GB
conductivity_hypres_95 subsurface CAMELS-GB
inter_mod_perc subsurface CAMELS-GB
no_gw_perc subsurface CAMELS-GB
organic_perc subsurface CAMELS-GB
porosity_cosby subsurface CAMELS-GB
porosity_cosby_5 subsurface CAMELS-GB
porosity_cosby_50 subsurface CAMELS-GB
porosity_cosby_95 subsurface CAMELS-GB
porosity_hypres subsurface CAMELS-GB
porosity_hypres_5 subsurface CAMELS-GB
porosity_hypres_50 subsurface CAMELS-GB
porosity_hypres_95 subsurface CAMELS-GB
root_depth subsurface CAMELS-GB
root_depth_5 subsurface CAMELS-GB
root_depth_50 subsurface CAMELS-GB
root_depth_95 subsurface CAMELS-GB
sand_perc subsurface CAMELS-GB
silt_perc subsurface CAMELS-GB
soil_depth_pelletier subsurface CAMELS-GB
soil_depth_pelletier_5 subsurface CAMELS-GB
soil_depth_pelletier_50 subsurface CAMELS-GB
soil_depth_pelletier_95 subsurface CAMELS-GB
tawc subsurface CAMELS-GB
tawc_5 subsurface CAMELS-GB
tawc_50 subsurface CAMELS-GB

tawc_95 subsurface CAMELS-GB
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A.2 RANDOM FOREST MODEL BENCHMARK SCORES

Table 4.6: Overview of the random forest model target variables based on the hydrological model simulations.
The table reports the mean coefficient of determination (R?) and its standard deviation across the stratified
10-fold test combinations.

Target Variable Hydrological Model = RFM Target Mean R  Std. Dev. R?
Streamflow wflow_sbm (W) Daily KGE-NP 0.81 0.10
PCR-GLOBWB (P) Daily KGE-NP 0.46 0.18
A(W-P) Daily KGE-NP 0.45 0.07
Actual evaporation  wflow_sbm (W) 8-day RRMSE 0.57 0.09
PCR-GLOBWB (P) 8-day RRMSE 0.52 0.11
A(W-P) 8-day RRMSE 0.58 0.16
Soil moisture wiflow_sbm (W) Daily RRMSE 0.68 0.08
PCR-GLOBWB (P) Daily RRMSE 0.75 0.07
A(W-P) Daily RRMSE 0.35 0.09
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A.3 MODEL PERFORMANCE AND CATCHMENT ATTRIBUTE CORRELATION
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