How well do process-based and data-driven hydrological models
learn from limited discharge data?Hew-well-de-hydrological- medels

A

L4
o
AN a a a N a §)
U U v U l

Maria Staudinger', Anna Herzog?, Ralf Loritz?, Tobias Houska*, Sandra Pool’, Diana Spieler®’, Paul
D. Wagner®, Juliane Mai’, Jens Kiesel®!?, Stephan Thober!?, Bjorn Guse®!'!, and Uwe Ehret?

'Department of Geography, University of Zurich, Winterthurerstrasse 190, 8057 Zurich, Switzerland

2Department of Hydrology and Climatology, Institute of Environmental Science and Geography, University of Potsdam,
Potsdam, Germany

3Institute of Water and Environment, Karlsruhe Institute of Technology (KIT), Karlsruhe, Germany

“Department of Landscape Ecology and Resources Management, University of GieBen, GieBen, Germany

SDepartment Water Resources and Drinking Water, Eawag - Swiss Federal Institute of Aquatic Science and Technology,
Diibendorf, Switzerland

®Department of Hydrosciences, Institute of Hydrology and Meteorology, TUD Dresden University of Technology, Dresden,
Germany

"now at: Schulich School of Engineering, University of Calgary, Calgary, Canada

8Department of Hydrology and Water Resources Management, Institute for Natural Resource Conservation, Kiel University,
Kiel, Germany

9Earth and Environmental Science, University of Waterloo, Waterloo, Ontario, Canada

19Computational Hydrosystems, Helmholtz Center for Environmental Research - UFZ, Leipzig, Germany

""German Research Centre for Geosciences, Section Hydrology, Potsdam, Germany

12Stone Environmental, 535 Stone Cutters Way, 05602 Montpelier (VT), USA

Correspondence: Maria Staudinger (maria.staudinger @ geo.uzh.ch)

Abstract.




15

20

25

30

35

40

45

It is widely assumed that data-driven models only achieve good results with sufficiently large training data, while process-

based models are usually expected to be superior in data-poor situations. To investigate this, we calibrated several process-based
and data-driven hydrological models using training datasets of observed discharge that differed in terms of both the number
of data points and the type of data selection, allowing us to make a systematic comparison of the learning behaviour of the
different model types. Four data-driven models (conditional probability distributions, regression trees, ANN, and LSTM) and
three process-based models (GR4J, HBV and SWAT+) were included in the testing applied in three meso-scale catchments
representing different landscapes in Germany: the Iller in the Alpine region, the Saale in the low mountain ranges, and the
Selke in the transition between the Harz and Central German lowlands. We used information measures (joint entropy and
conditional entropy) for system analysis and model performance evaluation because they offer several desirable properties:
They extend seamlessly from uni- to multivariate data, allow direct comparison of predictive uncertainty with and without
model simulations, and their boundedness helps to put results into perspective. In addition to the main question of this study
— to what extent does the performance of different models depend on the training dataset? — we investigated whether the
selection of training data (random, according to information content, contiguous time periods or independent time points) plays
a role. We also examined whether the shape of the learning curve for different models can be used to predict the achievable
model performance based on the information contained in the data, and whether using more spatially distributed model inputs
improves model performance compared to using spatially lumped inputs.

Process-based models outperformed data-driven ones for small amounts of training data due to their predefined structure.
However, as the amount of training data increases, the learning curve of process-based models quickly saturates and data-
driven models become more effective. In particular, the LSTM outperforms all process-based models when trained with more
than 2-5 years of data and continues to learn from additional training data without approaching saturation. Surprisingly, fully
random sampling of training data points for the HBV model led to better learning results than consecutive random sampling or
optimal sampling in terms of information content. Analyzing multivariate catchment data allows predictions about how these
data can be used to predict discharge. When no memory was considered, the conditional entropy was high. However, as soon

as memory was introduced in the form of the previous day or week, the conditional entropy decreased, suggesting that memory
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is an important component of the data and that capturing it improves model performance. This was particularly evident in the

catchments the low mountain ranges and the Alpine region.

1 Introduction

Hydrological predictions are often made using process-based models whose predefined structure (Devia et al., 2015), variables,
and parameters reflect — in a simplified way — our understanding of how a catchment partitions, stores and releases water. In
contrast, data-driven models have a statistical background and are built specifically for a catchment or a region using only
available data. Recently, data-driven models have been shown to perform equally well or better than established process-
based models in different applications such as rainfall-runoff modelling (Kratzert et al., 2018; Mai et al., 2022; Girihagama
et al., 2022; Xiang et al., 2020), flood forecasting (Zhang et al., 2022), or groundwater level forecasting (Mohanty et al., 2015;
Daliakopoulos et al., 2005). A common assumption in the hydrological community is that data-driven models perform well with
sufficiently large training data sets, while process-based models are superior in data-poor situations. As opposed to process-
based models, data driven models, especially Long Short-Term Memory networks (LSTMs), generally perform better and
are more robust when trained on large sample datasets covering hundreds of catchments with long time series (Kratzert et al.,
2024). This is not surprising given that LSTMs are general-purpose architectures with no built-in hydrological knowledge, such
as conservation of mass, and not specifically designed for rainfall-runoff modelling. As such, they must learn the relationship
between meteorological variables and the discharge from the data itself each time they are trained, since their weights are
randomly initialized before the training. Consequently, test results for catchments improve when LSTMs are trained regionally
(e.g. Loritz et al., 2024). In contrast, process-based hydrological models are developed specifically to represent the hydrological
system and embed prior knowledge of hydrological processes. Some process-based models have been developed to allow for
variationvalidatien in space, and in this type of process-based models, the representation of hydrologic fluxes at different

resolutions is considered (Rakovec et al., 2016).

data-driven—medelsQ1BH? Taken together, this motivates our main research question: How well do both process-based and

data-driven models learn from limited data, and is there a data set size beyond which data-driven models outperform process-

based models? Recently, hybrid models have emerged as a promising approach to combine the advantages of both data- and
process-based modelling (Reichstein et al., 2019; Shen et al., 2023), but there is also evidence that such approaches should be
treated with caution (Acufia Espinoza et al., 2024). This study focuses on the two end members of the hydrological modelling
range, purely data-based and purely process-based, for the sake of brevity and clarity, but including hybrid approaches in future
work will clearly be beneficial.

What constitutes a sufficiently large training set is not straightforward to define. For process-based models, it is generally
recommended to use long continuous discharge records for model training/calibration (Vrugt et al., 2006; Yapo et al., 1996;
Shen et al., 2022; Mai, 2023). The idea behind this recommendation is that long records contain information on processes oc-

curring under a range of hydrological conditions (e.g., low, mean, and high flows, or extremes) and at different temporal scales
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(e.g., event, season, years). However, many regions lack such records, and it is therefore important to understand how mucl
data are needed to obtain a model with satisfactory discharge simulations. Work with process-based models and catchment
with contrasting climate has shown that much of the hydrological information relevant for model training is theoretically rep-
resented in a few data points (Wright et al., 2018) covering less than 10% of a longer time period (Singh and Bardossy, 2012;
Perrin et al., 2007). In practice, this means that a continuous time series of a few months may already be informative enough
to achieve a model performance similar to that when using a time series of a year or more (Brath et al., 2004; Melsen et al.,
2014; Sun et al., 2017). For example, results from Seibert and Beven (2009) and Pool and Seibert (2021) suggest that abou
twelve to sixteen discharge observations during peak ows or events and their subsequent recessions can contain much of the
information of longer continuous time series. Several authors have examined the characteristics of the most valuable subsets o
a longer time series. They have typically emphasized the importance of having a sample that represents the natural variability
of ow and covers the wetter, and hydrologically active periods (Harlin, 1991; Singh and Béardossy, 2012; Sun et al., 2017;
Vrugt et al., 2006; Yapo et al., 1996; Zhang et al., 2023). It may also be worthwhile to collect discharge data in a previously
ungauged catchment (Correa et al., 2016; Rojas-Serna et al., 2006; Pool et al., 2017; Zhang et al., 2023). Previous researc
has shown that limited data availability signi cantly affects the performance of data-driven models (Ayzel and Heistermann,
2021). Acufia Espinoza et al. (2024) found that training an LSTM on a small, non-diverse dataset can limit not only its test
performance, but also its ability to extrapolate to unseen hydrological states. The results of Snieder and Khan (2025) suggest
that diverse training data are more valuable, allowing sub-setting of repetitive datasets using diversity-based sampling.

These studies encourage the use and strategic collection of short discharge records to calibrate process-based models, but
remains to be tested how well data-driven models perform in a data-scarce context. And it remains to be tested how random
sampling, optimizing information content, or providing continuous or independent time points affects the learning of models.
We therefore address the following additional research question: How does the scheme of selecting training data affect model
performance (here: rainfall runoff modeling) (Q2)?

Similarly, all datasets that are used in catchment hydrological modelling contain data that may be either informative, re-
dundant, or even dis-informative. It would be advantageous to be able to derive from a prior data analysis both a) the optimal
model type and b) the minimum training data requirements for a given catchment and the data sets provided. Such an analysic
would reduce the overall time and effort required. So we ask: does analyzing the information content of catchment data allow
predictions about the performance of different model types (Q3)? As a special but typical case of the ability of models to
exploit information contained in data, we further ask whether spatially distributed meteorological forcing data contain relevant
information and thus enhance learning without compromising the generality of what has been learned (Q4).

The remainder of this paper is structured as follows: In Section 2, we present the catchments, data sets, hydrological models
and performance measures used in the study. In the same section we also describe four experiments E1 - E4, which wert
designed to address the questions Q1 - Q4. In Section 3 we present and discuss the results of E1 - E4. There we also discus
the limitations of our study and the advantages of using information measures for system analysis and model performance

evaluation. Finally, in Section 4, we draw conclusions and point to future research.






