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Introduction




Capturing hydrological variability, despite being only three words, very con-
cisely summarises all contents of this thesis. Since | use these words through-
outthe entirethesis, itisimportant to clarify the definition and interpretation
of each word. Following the Cambridge Dictionary, each word is defined as:

Capturing  "to represent or describe something"
Hydrological "relating to the study of water on the earth”
Variability  "the quality or fact of being variable"

As definitions of words are prone to different interpretations, | briefly
describe how | interpret these definitions in order to clarify their usage
throughout this thesis. Hydrological is prone to the least interpretations,
and | refer here to the different components and processes of the ter-
restrial water cycle. Variability occurs as a result of spatial variation in
catchment characteristics, spatial and temporal variations in hydrological
processes, and how these characteristics and processes vary under chan-
ging conditions. Finally, the hydrological variability is captured through
analysis of observations and hydrological representation in models. As
this likely still sounds abstract, the following sections will give more de-
tails and background to further clarify the meaning of these three words.

“I know the falls that the water face
| know it's over, an ocean awaits for a storm
The sun on snow, rivers in rain
Crystal ball can foresee a change”

—Coldplay, Fun (2015)



1.1| Hydrological variability

11 | Hydrological variability

Much of the current research in hydrology is driven by hydrological variab-
ility, ranging from the development of new observation techniques to the
refinement of model grids. However, before diving into the details of hydro-
logical variability, let's take a step back and view hydrology at its most basic
level: the hydrological cycle. As the name already suggests, this is often visu-
alised as a circle, with arrows indicating the “flow” of water through air, soil,
rivers, and oceans. Four main fluxes are identified, and generally move in the
following direction: precipitation, runoff generation, evaporation, and from
condensation back to precipitation (Viessman & Lewis, 2012). A very basic
visualisation of the hydrological cycle is presented in Figure 11a. This type of
visualisation is very commonly used in applications ranging from education
to policy. Despite the many issues related to this basic illustration (Abbott
et al, 2019), it still nicely depicts how water interacts with the Earth’s sur-
face. An important note: this thesis does not cover all these four main fluxes
of the hydrological cycle, but focuses on the generation of runoff, evapora-
tion, and (the type of) precipitation.

111 | Spatial variability

In reality, each arrow in Figure 11a represents a multitude of different local
processes. All of these processes can vary within a basin, driven by spatialand
temporal variations in climate or catchment characteristics, giving cause for
hydrological variability (see Figure 11b). This variability can translate through
the whole hydrological system, enhanced by the fact that the input of water
(precipitation) is also highly variable, both in space and time. This variability
is induced by the spatial variation within precipitation events, meaning that
some regions receive more precipitation than other regions, even within a
catchment. Variability in precipitation has considerable effects on the in-
ternal states of a hydrological system (e.g. Schuurmans & Bierkens, 2007,
Sapriza-Azuri et al, 2015). The elevation of the land surface is one of the
factors controlling the amount of precipitation falling in a catchment. Due
to the cooling of air when being forced over high elevated regions, water va-
pour condenses and falls as rain. As a result, high elevated regions generally
receive more precipitation resulting from this orographic effect (Roe, 2004;
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Figure 11| Conceptual overview of a hydrological system. Panel a visualises a very basic
interpretation of the global water cycle, with arrows indicating the typical direction of
water movement. Panel b shows a typical variability these different processes impose
on a hydrological system.

Napoli et al, 2019). Furthermore, whether precipitation falls as rain or snow
is another cause for hydrological variability, as it influences the behaviour of
water through a catchment (explained in more detail below). The division of
precipitation between rain or snow is considered a threshold process, where
a temperature threshold influences whether precipitation falls as snow or
rain. While this threshold is typically assumed to be around 0°C, a study by
Jennings et al. (2018) showed that it actually varies across the globe.

When precipitation has fallen, the resulting water can follow many different
pathways (runoff generation in Figure 11a) depending on the type of precip-
itation, climate conditions, and catchment characteristics. A basic visualisa-
tion of this is shown in Figure 11b. For example, the type of precipitation de-
termines when the water becomes available for runoff generation. If fallen
as snow, it remains stored as snow pack on the land surface. When sufficient
energy is available to melt this snow pack, it becomes available to the runoff
generating processes. If fallen as liquid precipitation, it becomes almost im-
mediately available to the runoff generating processes. These processes en-
tailall mechanisms that transport precipitation to the river network, such as
surface runoff, percolation, baseflow, et cetera. Due to differences in hydro-
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logical conditions, catchment characteristics, and/or seasonality, these pro-
cesses vary both in space and time, with spatial hydrological variability as a
result. Eventually, water is transported via rivers to the oceans. Once in the
ocean, but also during runoff generation, water is evaporated back into the
atmosphere. Evaporation occurs via different processes, of which evapora-
tion from open water and transpiration from plants are two examples.

Spatial variability can also result from heterogeneity in catchment charac-
teristics. For example, variations within a basin in elevation, slope, soil type
and land cover all influence the hydrological response. The study by Karlsen
et al. (2019) describes the role of catchment characteristics and storage on
streamflow recession. They showed that slope and elevation were the main
controls during high flows, but that catchment area was the main factor dur-
ing low flows. Furthermore, they highlight that these relations are depend-
ent on the hydrological conditions. The importance of elevation was also de-
scribed by Rottler et al. (2021), who showed how snow melt occurs in eleva-
tion bands and hence played an important role in the generation of runoff.
Land cover is often found to be an important factor controlling different pat-
terns. Mastrotheodoros et al. (2020) showed how the Alpine region responds
to warm and dry summers using a high resolution model. They concluded
that the change in evaporation differed per land cover type, where forested
regions even showed anincrease in evaporation despite the reduction in pre-
cipitation. These studies show how varying characteristics within a basin can
influence the hydrological response. A correct representation of these char-
acteristicsis vitalin order to have a correct understanding of the hydrological
response of a basin.

However, correctly representing, or even observing, hydrological characteris-
tics is highly dependent on the scale of the study. A famous example of spa-
tial variability is related to measuring the hydrological conductivity. Hydro-
logical conductivity is highly influenced by the scale and location of the mea-
surement (Sobieraj et al,, 2004). The observed value can vary largely depend-
ing on the local characteristics, such as preferential pathways resulting from
biological activity. These local differences have a large effect on the local hy-
drological response. Furthermore, this also means that a representative con-
ductivity value is a function of the required scale or study area. This scaling
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issue is a widely discussed and longstanding topic in hydrology (e.g. Peters-
Lidard et al,, 2017; Gentine et al, 2012; Sivapalan et al,, 2004; Bléschl, 2001),
and has implications for the parameterisation of models used to simulate
discharge response of river basins (see Section 1.2).

11.2 | Temporal variability

Hydrological variability occurs not only in space, but also in time. Temporal
variability can occur on a range of different scales: from daily to seasonal to
decadal variations. Typical examples of these three scales are presented in
Figure 1.2. For example, Figure 1.2a shows a positive trend in yearly precipita-
tion, where precipitation is steadily increasing over the entire period. Trends
in precipitation can have several causes, such as a change in large weather
systems. Despite the increase in precipitation, the yearly discharge remains
rather constant, and even shows a declining trend during the 1990s (see Fig-
ure 1.2a). The latter is caused by an opposite trend in evaporation, which
could result from changes in temperature. Long term variations can have
different sources, two examples of these sources are explained below.

The most common example of long term temporal variation is the warming
of the climate. This change in climate is expected to intensify the hydrolo-
gical cycle (Huntington, 2006), leading to more extreme floods and droughts.
Besides, a change in climate can establish or strengthen certain positive
feedback loops. For example, Teuling (2018) showed how dry conditions dur-
ing heatwaves further increase temperature through the lack of evaporation.
Additionally, an increase in temperature can trigger processes at different
moments in time, and/or cause a shift in the seasonal patterns. For example,
Rottler et al. (2020) showed that over the last century, there has been a de-
crease in the runoff seasonality of snow dominated rivers. Changes in snow
cover shifted the discharge peak resulting from snow melt earlier in the year,
leading to a reduction in discharge during summer and autumn. Correct un-
derstanding of how temperature interacts with the hydrological cycle is of
vitalimportance, especially with further expected increase in global temper-
atures.

Another example of long term variability is the “global dimming and bright-
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(a) Decadal variability
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Figure 1.2 | Example of typical temporal variability in three main hydrological variables
at three temporal scales. Decadal time series (a) are synthetic time series, based on
observations from the global dimming and brightening event. Seasonal (b) and diurnal
(c) time series are based on observations from the research catchment Rietholzbach,
Switzerland.

ening”: over the period 1950-1980, a considerable decrease in the amount
of surface solar radiation has been observed, followed by a partial recovery
since the 1980s (Wild, 2009). This dimming and brightening has been linked
to fluctuations in aerosol and air pollution emissions, and the regulation of
these emissions. These fluctuations in aerosols affected the amount of in-
coming radiation. As a result, these trends are reflected in evaporation of
large river basins in the Northern hemisphere (Teuling et al,, 2009a), as evap-
oration largely depend on the amount of incoming energy. Ultimately, this
has also led to similar—but opposite—trends in river discharge (Gedney et al,
2014), as is also visualised in Figure 1.2a. Despite the substantial influence of
these trends on river discharge, they are typically not accounted for in hydro-
logical models. As these long-term fluctuations occur on decadal time scales,
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and are therefore rather constant on shorter time scales, they are typically
captured using a constant value. While this can be valid for short term fore-
casts, it can add significant uncertainties for long term predictions.

As mentioned earlier, temporal variability also occurs on shorter time scales
than decadal. For example, most river basins experience seasonal patterns,
driven by seasonal variations in e.g. precipitation, temperature and/or sun-
shine duration. The example shown in Figure 1.2b shows a strong seasonal
pattern in evaporation, with higher evaporation rates during summer. Pre-
cipitation does not show a strong seasonal pattern, but the type of precipit-
ation does ultimately influence the discharge; as explained below. Resulting
from this strong seasonal variability in evaporation, discharge values are typ-
ically lowest during the summer months. Additionally, seasonal (or even di-
urnal) variability in temperature controls the type of precipitation, and when
it will be discharged. A delayed discharge response is visible in Figure 1.2c,
where the discharge peaks occur later than the precipitation events, caused
by the melting of snow. The strong daily cycle is explained by the daily vari-
ationin temperature, which exceeds melting point during daytime, but drops
below this point during nighttime. Hence, it is essential to have a correct un-
derstanding and representation of temporal variability at all scales.

Linking back to the long term variability, as presented in Figure 1.2a, it is im-
portant to understand the underlying causes and interactions causing these
trends. While there is good understanding of the events occurred in the past,
it is vital to understand how and which feedbacks might arise in the future.
Changes in precipitation, evaporation and runoff processes all influence dis-
charge, where shifts in the occurrence of hydrological extremes can have
large (societal and/or economical) impacts. For example, global temperat-
ures have and will continue to rise in response to an increase in atmospheric
CO, concentrations (Stocker et al, 2013). Higher temperatures will increase
potential evaporation and potentially shift the melting season to a moment
earlier in the year. The interactions between these components ultimately
affect the hydrological response, and hence the occurrence of extremes. Fur-
thermore, changes in atmospheric concentrations of CO; are known to influ-
ence several aspects of vegetation. However, it is unclear how these different
aspects interact and affect the discharge of large river basins. Therefore, to
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correctly understand change in hydrological regimes, it is vital to quantify
both the temporal and spatial aspects of the relevant variabilities across the
hydrological cycle.

The previous paragraphs highlight that the various causes of hydrological
variability are rather well studied. Additionally, their direct effects on each
specific part of the hydrological cycle are also well understood. The inter-
play, however, of multiple different components of the hydrological cycle and
their combined effect on large river basins is currently not well understood.
Therefore, there is a need to improve our understanding of—and ultimately
predicting (capturing)—the hydrological response resulting from variability
within different components of the hydrological cycle.

1.2 | Capturing hydrology

Due to the size and complexity of typical river basins, fully controlled ex-
periments are not feasible. Therefore, hydrological studies are restricted
to investigating past events using observations, or to testing the response
of a basin under hypothetical conditions using hydrological models. Natur-
ally, understanding past events is limited by the availability of observations.
While models can be used to study hypothetical conditions, they still need
to be calibrated to ensure the simulations are in line with the real response
of a basin. Both types of “experiments” have their own advantages and dis-
advantages, as will be explained below.

Extraordinary events provide the perfect foundation to understand how a
hydrological system behaves. These extraordinary events can originate from
both spatial and temporal variability. For example, an extreme precipitation
event was used to understand how the combined response of different parts
and processes within a lowland catchment (e.g,, soil moisture, groundwater,
surface runoff) lead to a flash flood (Brauer et al,, 2011). Additionally, by ap-
plying special filter techniques to local observations, Geertsema et al. (2018)
quantified typical discharge wave durations and lag times, in order to un-
derstand how a confluence of two rivers influences the behaviour of floods.
As mentioned earlier, these studies are limited by the availability of data.
The vast majority of basins around the globe are however ungauged (Bloschl
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et al, 2013a), making local observation-based studies in many regions im-
possible. Luckily, the use of spaceborn sensors is rising as more sensors, fil-
tering techniques, and algorithms are discovered (Schmugge et al, 2002).
Remotely sensed observations still have some challenges regarding the rep-
resentability, such as measuring soil moisture that is representative for the
entire rootzone (Mohanty et al,, 2017). This requires in-depth comparisons
with high-quality observations, before they can be interpreted on a larger
(global) scale.

One way to validate remotely sensed observations, is to use smaller regions
which are equipped with sufficient high-quality sensors. Several smaller
catchments around the globe are specifically used as research catchments,
and are used to answer these fundamental questions. Additionally, due to
the high density of high-quality observations, they can be used to study spe-
cific processes. Two examples of such research catchments are the Hupsel
catchment, situated in the Dutch lowland area (Brauer et al,, 2018), and the
Rietholzbach, a Swiss pre-Alpine catchment (Seneviratne et al,, 2012). How-
ever, these catchments are rather small, which raises the question on how
to extrapolate their results to large river basins. Further explorations on the
link between remotely sensed data and in situ observations will help to un-
derstand the interactions and processes occurring within large river basins.

As previously described, models can be used to study hypothetical condi-
tions. Most often, models are used to study the potential effects of cli-
mate change on river discharge. Models are also used to study past events—
similarly as described before—where observations were lacking, or to test
whether our current understanding of a hydrological systems is correct.
Moreover, models are used to create “reanalysis data": local observations are
used to force and constrain a model to create a dataset that optimally blends
observations and models, whereby the model is used to interpolate optim-
ally in space and time between available observations (such as the ERA5
dataset, Hersbach et al, 2018). The wide range of model applications men-
tioned here, and the ambiguity of the term “model” suggests—correctly—
that there is a wide range of models available. Generally, these models can
be grouped in three types: black box models, parametric or conceptual mod-
els, and physically-based models. These types are classified from least to

10
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most complex, respectively. Here, black box models are often determined
on an empirical basis, or use neural networks to simulate the hydrological
response. In contrast, physically-based models are often based on our un-
derstanding of the physics behind a hydrological process (such as Richards'
equation for the unsaturated zone). Conceptual models sit between these
two types, and generally simplify hydrological processes using reservoirs and
fluxes connecting these reservoirs. This type of model (rainfall-runoff mod-
els) is widely used due to the relative low data requirements and ease in set-
ting up. However, despite their simplicity, conceptual rainfall-runoff models
are not flawless.

One of the main problems with conceptual rainfall-runoff models is their re-
quirement to be calibrated. The simplification of hydrological processes us-
ing reservoirs often results in equations with tuneable parameters. Tuning of
these parameters is required to ensure realistic and reliable model output,
and is referred to as calibration. Typically, the difference between observed
and simulated discharge is minimised using optimisation algorithms. Even
when following a calibration protocol, de Boer-Euser et al. (2017) showed
how subtle differences in calibration techniques and different model struc-
tures can have substantial effects on the resulting simulated discharge. A
follow-up study by Bouaziz et al. (2021) showed how the different models
had additional differences in their "internal" states (e.g., evaporation, storage
and snow processes). Not only does calibration (and model selection) influ-
ence the resulting output, other subjective decisions made by the modeller
(such as spatial resolution, parameter boundaries, performance metric) were
proven to have large influences on the simulation of floods and droughts
(Melsen et al,, 2019).

One of these subjective modelling decisions was the choice of spatial resol-
ution. Recently, it has become more feasible to run models at higher spatial
resolutions, due to increases in computational power and advances in data
availability (Hersbach et al, 2018). However, as space and time are linked in
hydrology (Bléschl & Sivapalan, 1995), an increase in spatial resolution should
be accompanied by an increase in temporal resolution. This is not always the
case, as either underlying concepts are not designed for a smaller time step,
or the smaller time step would lead to very high computational demand. For
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example, the simulations performed by Mastrotheodoros et al. (2020) were
ran on a 250 x250 meter spatial resolution and an hourly time step, and re-
quired more than six million CPU hours. There is a need for a model that
is able to simulate the hydrological response at both high spatial and high
temporal resolutions, without requiring the user to resort to computation
clusters of high performance computers.

1.3 | Objectives and research questions

The goal of this thesis is to capture the hydrological variability across the
different components of the hydrological cycle, and evaluate how this ul-
timately affects the discharge. By using a combination of studies largely
driven by observations and studies driven by simulations, this thesis im-
proves the understanding of the variability and interactions within the hy-
drological cycle. To achieve this, | focus on the Rhine basin, which is one of
the main river basins in Europe (see Figure 1.3a). The Rhine has major eco-
nomic and societal importance, as many sectors such as industry, agricul-
ture, and drinking water depend on the water generated in this basin. As a
consequence, both too high and too low discharges can have large economic
impacts. Additionally, the Rhine basin consists of a large variety of land cover
types, ranging from mountainous regions in the Swiss Alps to the Dutch low-
lands. Different land cover types typically indicate different hydrological re-
sponses, meaning thata correct understanding of the hydrological variability
is important for accurate discharge projections. The main goal of this thesis
is split into the following objectives and questions:

1. Understand how variability within and between different hydrolo-
gical variables influence drought frequency (Chapter 2)

Droughts propagate through the hydrological system, generally start-
ing with a lack of precipitation. As regions are typically heterogen-
eous in terms of elevation, land use, soil type and/or geology, typical
drought signals likely respond different to the same lack of precip-
itation. Additionally, the different hydrological fluxes have different
processes with varying response times. Droughts are often defined
based on frequency-of-occurrence, yet it is unclear how this inter- and
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intra-variability in the different fluxes affects the actual occurrence of
droughts. This led to the following questions:

- How often and where do droughts occur in each component of
the hydrological cycle?

- Does the definition of drought match the actual frequency of
droughts?

- Are different drought types overlapping, and if so, how often?

. Evaluate the interaction between soil moisture and vegetation pro-
ductivity during the 2018 summer drought (Chapter 3)

Soil moisture and vegetation dynamics are inherently linked. Despite
this, both variables often show different signals. Additionally, reduced
vegetation productivity can have large impacts through e.g. a reduc-
tion in crop yields. By using local soil moisture observations together
with satellite observations of plant productivity, the following ques-
tions are raised:

- How do soil moisture and vegetation productivity signals differ
during long periods with low precipitation?

- What is the interaction between soil moisture and vegetation
productivity during periods with extremely low precipitation?

- How does the critical soil moisture content vary with depth?

. Quantify the impact of model resolution during seasonal hydrolo-
gical extremes (Chapter 4)

Spatial model resolution is an important factor controlling the repres-
entation of spatial variations in models. As two typical modelling prac-
tices (regional scale and global scale) often result in typical spatial res-
olutions (500 mx 500 m and 0.5°x 0.5°), this raises several questions
on the representability of the model output:

- How well does a large model grid cell represent a collection of
small grid cells?

- What is the difference between the range in anomalies at high
resolution and the single anomaly of the low resolution model?

13
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- How do these results compare between different Alpine and pre-
Alpine basins?

4. Createasimple and efficient, yet versatile, hydrological model to sim-

ulate catchments at high spatio-temporal resolution with low com-
putational demand (Chapter 5)

As more datasets become available at high spatial resolution, model-
ling at high spatial resolution becomes more and more feasible. How-
ever, through the link of time and space, the temporal resolution
should beincreased when increasing the spatial resolution. The simple
dynamical systems approach (Kirchner, 2009), a concept proven at
high spatio-temporal resolutions, is used to define a new distributed
hydrological model. The following questions are raised:

- How can the simple dynamical systems approach be transformed
in order to be applied in a distributed fashion?

- How can the model be implemented in a computationally effi-
cient manner?

- How well does this new model perform in the spatially complex
basin, such as the Thur basin in Switzerland?

. Understand how temperature-driven changes in snow and evapora-

tion affect the discharge (Chapter 6)

Current and projected changes in climate all show increases in tem-
perature. Higher temperatures increase the energy available for both
evaporation and snow melt. Furthermore, higher temperatures lead to
less snowfall and more rain, leading to a more direct runoff response.
The exact interplay of these two variables and their effect on the dis-
charge is currently not well understood, leading to the following ques-
tions:

- How have past changes in temperature influenced the discharge?

- How can changes in discharge be attributed to changes in evap-
oration, changes in type of precipitation and changes in melt dy-
namics?

- With step-wise temperature increments, how does the typical
seasonal discharge response change?
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6. Understand how CO,-induced feedbacks in vegetation and temper-
ature influence evaporation and discharge (Chapter 7)

The already observed and projected changes in climate are largely be-
ing driven by the increasing CO, concentration in the atmosphere. Be-
sidesan increase in temperature, a change in atmospheric CO; concen-
tration also influences two important aspects in vegetation. A change
in stomatal resistance and a change in leaf area index both affect the
transpiration of plants, which is a major componentin the hydrological
cycle. This leads to the following questions:

- What is the influence of changes in stomatal resistance, leaf area
index, and temperature on the hydrological response?

- How are low flows, such as during the summer drought of 2018,
affected by these three changes?

- How sensitive is the discharge of the Rhine to these changes?

Each research objective investigates different parts of the Rhine basin. The
exact study area used in each chapter is motivated and explained in more
detail in the corresponding chapters.

14 | Thesis outline

The chapters in this thesis follow the major steps in a typical hydrological
study: from observing and determining relations, to conceptualising and
building models, to exploring and understanding hydrological behaviour in
hypothetical yet realistic cases using these models. A conceptual overview
of the different chapters and their relations is presented in Figure 1.3b.

Chapter 2 and Chapter 3 both focus on the hydrological response during
droughts. Firstly, Chapter 2 provides an overview of the behaviour of all major
hydrological components during drought conditions, and describes how the
drought definition influences the actual drought occurrence. In Chapter 3,
the interaction between soil moisture and vegetation is described in more
detail, using the drought of 2018 as a case study. Next, the effect of spa-
tial model resolution is quantified by comparing two common model res-
olutions in Chapter 4. Chapter 5 describes how the simple dynamical sys-

15
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Figure 1.3 | Schematic overview of the contents of this thesis. Left hand side (a) shows
the Rhine basin and its location in Europe, coloured based on the elevation. Right
hand side (b) shows a graphical overview of the relation between the different chapters,
where the numbers indicate the corresponding chapter. Orange arrows indicate evap-
oration, and purple arrow represents melt from snow and ice.

tems approach is used to develop a spatially distributed, yet computation-
ally efficient hydrological model. Finally, this model is used to simulate the
Rhine basin. The changes induced by increasing temperatures are quanti-
fied in Chapter 6. Chapter 7 describes how CO-induced changes in vegeta-
tion and temperature affect evaporation and discharge. In the final chapter
(Chapter 8), conclusions from all studies are summarised, leading to the over-
all conclusion. Additionally, this chapter outlines opportunities for future re-
search directions, which hopefully ultimately improves the understanding
and representation of hydrological variability in future studies even further.
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Droughts occur as a result of a lack of water compared with normal condi-
tions. Whilst this appears trivial, the exact definition of drought is not. Es-
pecially since different drought types exist, resulting from the different vari-
ables in a hydrological system, each with unique characteristics. We use a
common drought definition, the percentile score, and apply the same defin-
ition across all drought types, to study whether the actual occurrence of
droughts matches the definition. We focus on the data-rich Dutch province
of Gelderland, to study droughts from observations across five major com-
ponents of the terrestrial hydrological cycle. When a percentile threshold of
20% is used as drought definition, corresponding to a mild drought, droughts
anywhere in the system occur at least 3 times more frequently (73% of the
time). On the other hand, the situation where drought occurs across all
components of the terrestrial hydrological cycle is more than 4 times less
likely than the drought threshold of 20% (namely 5% of the time). This
can be attributed by both (1) the different responses across the hydrolo-
gical system, and (2) the spatial variability present within each component
of the hydrological system. In this chapter, we show the existence of the
drought frequently paradox: although droughts are seen and defined as
rare from a scientific perspective, when viewed from a societal or opera-
tional water management perspective in typical hydrological systems subject
to spatial variability and other system complexity, droughts become com-
mon, rather than rare. This paradox is a consequence of an inconsistent
use of the percentile score drought definition between research and op-
erational water management, and better communication between the two
domains is needed in search for a universally accepted drought definition.

“l thought that | was in the green
But it turns red every time”

—The Wombats, Bee-Sting (2018)
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Droughts are among the extreme natural events with the most widespread
impact, both on socio-economic sectors as well as on natural ecosystems.
Due to the strong coupling between drought and heat, the impacts of
drought are expected to worsen with climate change (Teuling, 2018; Miralles
etal,2019). In spite of the relevance of drought, its exact definition has been,
and still is, subject to debate (Dracup et al,, 1980). In a review on the use of
droughtindices in the U.S,, Heim (2002) provides several possible and widely
used definitions: drought can be defined as a “prolonged absence or marked
deficiency of precipitation”, a “deficiency of precipitation that results in wa-
ter shortage for some activity or for some group”, or a “period of abnormally
dry weather sufficiently prolonged for the lack of precipitation to cause a
serious hydrological imbalance”. More recently, van Loon et al. (2016) argued
that drought “is ... simply an exceptional lack of water compared with nor-
mal conditions” to allow for the possibility that drought is induced by hu-
man activity rather than rainfall deficiency. Additionally, different drought
types are identified, corresponding to different components of the hydro-
logical system: meteorological (precipitation, evaporation), agricultural (soil
moisture, vegetation) and hydrological drought (groundwater, surface water)
(van Loon, 2015). A general feature of these different drought definitions is
the notion that drought is a deviation from normal, and relatively rare.

As these definitions are more descriptive of the cause of droughts, they do
not help with classifying certain events as droughts. Within drought clas-
sifications, two main perspectives can be distinguished: a more research-
oriented perspective which sees drought as a multivariate phenomenon, and
a operational water management perspective were drought is treated as a
univariate phenomenon. In the research perspective on drought, drought is
usually defined using drought indices. Developments in the use of drought
indices reflect the changing attitude towards drought definition. Whereas
early drought indices were often based on absolute values of precipitation
characteristics (Heim, 2002), the use of standardised indices has become
commonplace over the past decades (Hayes et al, 2011). It is believed that
standardisation facilitates the comparison of drought impact between cli-
mates and seasons. In terms of standardised indices, drought conditions
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2 | Hydrological systems complexity and a drought frequency paradox

typically start whenever the standardised index falls below minus one stand-
ard deviation, or —15 for moderate drought. On the other hand, drought
is defined as a rare event in water management practise, as it is often re-
lated to its impacts. Typically, multiple univariate drought indicators are
used to monitor drought conditions. However these indicators reflect phys-
ical drought impacts in various sectors that cannot easily be weighted or ag-
gregated. As a result, droughts might be felt in different sectors at different
times, and the effective drought frequency might be at odds with the defin-
ition of drought as extreme event.

The typical complexity and variability found in hydrological systems causes
different drought types to show diverging dynamics. A first example of this
is the relation between precipitation deficit and evapotranspiration and ve-
getation productivity. Because of the nonlinear relation between soil mois-
ture and evapotranspiration, the latter will respond to absolute values of soil
moisture (i.e. below a critical soil moisture content, see Denissen et al,, 2020)
rather than anomalously low precipitation. This is reflected in the obser-
vation that in the humid Central-Western Europe, total evapotranspiration
during drought summers might show positive anomalies—in response to in-
creased energy due to reduced cloud cover and high temperatures—rather
than negative anomalies due to low soil moisture (Teuling et al, 2013). Similar
findings of increased evapotranspiration and vegetation productivity dur-
ing drought in (pre-)Alpine regions were reported in Chapter 4 and by Jolly
et al. (2005) and Mastrotheodoros et al. (2020). The complex and climate-
dependent relation between soil moisture and vegetation provides an argu-
ment to consider vegetation and soil moisture separately in analyses of ag-
ricultural drought (van Hateren et al, 2021). Hydrological drought dynamics
also differ from meteorological drought. Because of the large size of most
groundwater systems, meteorological drought is often delayed and attenu-
ated with timescales involved ranging from several months to over a year.
However, an analysis for Germany and the Dutch province of Gelderland re-
vealed that the transformation is subject to considerable spatial variability,
and that even a locally optimised transformation of the precipitation signal
is a poor predictor of groundwater drought (Kumar et al, 2016). Adding to
the complexity of hydrological droughts is the situation in which a region re-
ceives surface water that depends on non-local weather conditions. This is
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typical for downstream lowland and delta regions where most of the global
agricultural production takes place, and where the impact of a drought can
be large. These downstream regions can experience a hydrological drought
in the surface water, even when local precipitation has been normal. Clearly,
hydrological systems complexity poses a challenge to drought identification
and effective regional water management when drought observations cover
a limited number of drought types, or when spatial variability is not taken
into account.

Typically, drought is classified using different drought types, which represent
different components of the hydrological system: meteorological, agricul-
tural, vegetation, and hydrological drought (for an overview of the different
drought types, see Wilhite & Glantz, 1985; van Loon, 2015). Spatial complex-
ity and different drought characteristics ensure that each drought type has
a unique drought occurrence. When we classify the hydrological system to
be in drought conditions when at least one of these types is classified as a
drought, the spatial complexity might cause droughts to occur a lot more
frequently when the entire system is considered. A visualisation of this is
presented in Figure 2.1, which shows a typical hydrological response across
five different components of a hydrological system. We hypothesise that a
drought frequency paradox exists: even though drought events are gener-
ally considered to be relatively rare, drought occurrence could become rel-
atively common when viewed across the hydrological system due to inher-
ent spatial variability and complexity. The last panel in Figure 2.1 highlights
that the hydrological system is in drought conditions for the majority of the
time. As commonly used indices are likely to show this signal, we investigate
the existence of a possible drought frequency paradox. Specifically, we aim
to identify the effective frequency at which drought conditions might occur
within any of the possible drought types. The existence of this paradox has
consequences for the perception of drought frequency by e.g. stakeholders
and public attention. We investigate this paradox for the Dutch province of
Gelderland. This region has not only experienced recent droughts (includ-
ing the 2018 European summer drought, see Chapter 3), but in addition has
typical variability in soil, vegetation, and drainage properties, while being loc-
ated in the downstream part of three river basins. While past studies cover-
ing all different drought types were limited by spatial or temporal coverage,
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we were able to combine a large number of local precipitation, surface water
and groundwater observations with climate records of vegetation greenness
and soil moisture derived from Earth observation. This resulted in a com-
bined dataset that allows for the first time to study different drought types
spatial variability in a historical perspective, solely from observa-

and their
tions.
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2.21 | Study area

In this chapter, we focus on a single data-rich region in the Netherlands: the
province of Gelderland (see Figure 2.2). As mentioned earlier, this region ex-
perienced the recent droughts of 2018 and 2019 that affected much of West-
ern Europe. The region is small enough for the meteorological drought con-
ditions to be fairly homogeneous (so spatial variability in other drought types
is notinduced by spatial variability in precipitation), yet large enough to have
considerable variation in soil, vegetation and drainage properties. The exten-
sive groundwater system under the Veluwe Massif, where the depth to the
groundwater table can reach tens of meters (Kumar et al, 2016) is an im-
portant resource for drinking water and irrigation (van Engelenburg et al,
2018), while its location downstream of three river basins (the Rhine, Meuse
and Berkel) makes it an important hub for shipping and surface water man-
agement. The three river systems vary considerably in size: 900 km? for the
Berkel, 34,500 km? for the Meuse, and 185,000 km? for the Rhine. The Rhine
is the largest river entering both Gelderland and the Netherlands, and the
country largely depends on water from this river. The southwestern region of
Gelderland is dominated by floodplains of the large Rhine and Meuse rivers,
the northwestern part is dominated by a sandy moraine, and the northeast-
ern part is dominated by sandy soils.

2.2.2 | Data

We investigate drought across five major components of the hydrological
cycle: precipitation, soil moisture, vegetation greenness, groundwater and
surface water. Below, we describe the data of each component.

Precipitation data were obtained from the Royal Netherlands Meteorological
Institute (KNMI), and seven stations were selected based on their location in
or near the study area (blue squares in Figure 2.2). Daily precipitation values
were summed to obtain total monthly precipitation.

Groundwater levels were obtained from the Dutch institute TNO
(www.dinoloket.nl), and selected based on available data (purple dots
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Figure 2.2 | Map of the study region and measurement locations. Inset figure shows the
location of the main panel, including the three river basins corresponding to the water
level and discharge stations: the Rhine (light blue), Meuse (medium blue) and Berkel
(dark blue). Both soil moisture and NDVI products are gridded datasets. NDVI pixels are
shaded based on their mean value over the entire period, ranging from 0.5 to 0.75.

in Figure 2.2). We selected groundwater wells such that they had sufficient
data to cover the period 2000-2019, and measured data at regular temporal
intervals. Data records were averaged to obtain monthly mean groundwater
levels.

Surface water observations were obtained from the Directorate-General for
Public Works and Water Management, and from the water board Rijn en 1Js-
sel (orange triangles in Figure 2.2). These observations cover three river sys-
tems, varying in size. The catchment areas of these systems are presented in
the inset in Figure 2.2: Berkel, Meuse and Rhine (from smallest to largest).
These were selected to cover the different types of river systems present
in the study area. The most eastern surface water station is situated in the
Berkel river, the most southern station in the Meuse, and the three remain-
ing stations in branches of the Rhine river. For stations located in the down-
stream areas of the Rhine and Meuse basins, surface water levels were ob-
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tained. For the Berkel, however, no surface water level observations were
available, so discharge observations were used instead. The surface water
records were averaged to obtain monthly mean values.

Both soil moisture content and vegetation greenness were based on re-
motely sensed data. Soil moisture data were obtained from the ESA Climate
Change Initiative soil moisture data set (CCl SM v05.2, Gruber et al, 2017;
Dorigo et al, 2017; Gruber et al,, 2019). These data are available on a monthly
0.25°x 0.25° resolution (brown squares in Figure 2.2). The most southwestern
pixel was omitted due to insufficient data. We selected the Normalised Dif-
ference Vegetation Index (NDVI) to represent vegetation greenness. Monthly
0.05°x0.05° NDVI data were retrieved from the MODIS/Terra Vegetation in-
dices data set (MOD13C2v006, Didan, 2015), as indicated by the shaded pixels
in Figure 2.2. As mentioned earlier, NDVI had the shortest period of available
data (2000-2019).

2.2.3 | Drought definition

We investigate the spatio-temporal variability in five different drought types
to cover all major components of the hydrological cycle: precipitation, soil
moisture, vegetation greenness, groundwater and surface water levels (or
discharge, we assume no difference in percentile scores between the two).
To understand the different drought types and their spatial variability, we
have split the analysis in two parts. First, we investigate the recent severe
droughts of 2018 and 2019 to understand the general behaviour of, and inter-
action between the five variables. Next, we use the longest available period of
overlapping records to understand how different drought thresholds affect
the resulting frequency of droughts.

The period of overlapping records was limited by the data product to meas-
ure vegetation greenness (see more in Section 2.2.2), which was limited to
2000-2019, yielding 20 years of monthly data. Many different drought
indicators are available (Zargar et al, 2011), ranging from standardised
variable-specific indices (such as the Standardised Precipitation Index) to
non-variable-specific indices (such as percentiles). In this study, we selected
the percentile score for our drought metric based on two important factors.
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Firstly, we want to compare droughts across different components of the
hydrological system. By using the same index for all variables, we minim-
ise any deviations caused by different index calculations for different vari-
ables Secondly, our data period covers 20 years of data, which is consid-
erably shorter than the period typically used for robust determination of
standardised indices. With our shorter period, we cannot ensure to correctly
define the underlying distributions that are required for standardised in-
dices. These two arguments considered, we decided to use the percentile
score as our drought indicator. A similar approach is commonly used in typ-
ical retrospective drought analysis studies (e.g. Gibbs & Maher, 1967; Steine-
mann, 2003; Steinemann et al, 2015; Kumar et al,, 2016), where a drought
threshold is set based on a percentile score. This threshold (the 20t per-
centile, for example) is based on observation time series, and each value can
be compared to be above or below this threshold. In our study, as we are in-
vestigating the link between drought threshold and resulting frequency, we
invert this method: for each data point we calculate the matching percent-
ile score. This implies that this data point would classify as a drought when
the drought threshold matches the percentile score. To account for seasonal
variability (especially present in vegetation data), values were grouped by
month, and the percentile score is calculated based on these 20 monthly
values. The percentile score is calculated over the time series of each sta-
tion/pixel using the following equation:

o= % 100, @1
where ¢ is the percentile score, C is the number of values equal or less than
thevalue of interest,and N is the total number of values considered. Thisisin
line with the variable threshold approach used in many hydrological drought
analyses (e.g. van Huijgevoort et al,, 2014). It should be noted that the 20 year
record length in combination with a variable threshold approach results in
percentile scores only being defined in steps of 5% (1/20).

With the percentile score for each time step, we need to define a drought
threshold. We defined a location to be in drought when the percentile score
is at or below 20%. This threshold corresponds to mild drought, and is a
typical value in drought studies (van Loon, 2015; van Huijgevoort et al., 2013;
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Corzo Perez et al, 2011; Sheffield et al, 2009; Tallaksen et al, 2009; Fleig et al,,
2006; Andreadis et al,, 2005; Hisdal et al, 2001). As each variable has multiple
stations or pixels, an additional threshold is required to determine whether
that variable is in drought conditions. For this threshold, we defined that at
least 20% of the stations/pixels should be in drought conditions. As not all
variables had the same number of stations/pixels, exactly 20% of the sta-
tions was not possible for all variables (e.g. precipitation with 7 stations). To
account for this, we calculate the value corresponding to the 20% quantile
range. The value is calculated based on linear interpolation in the case when
this point sits between two stations, as is explained in more detail by Schoon-
jans et al. (2011). This should correspond to a value where 20% of the sta-
tions are in drought, when sufficient stations are available. This way, we ac-
count for any outliers within each variable (i.e. drought conditions in a single
groundwater well would not indicate regional groundwater drought, but sev-
eral would), while respecting the spatial variability.

Finally, to test whether there is a change in drought frequencies between the
first and second 10 years of our study period, we split the dataset into two
10 year periods. This way, we can compare the relative drought frequencies,
both for droughts within each variable, as for the number of simultaneous
droughts.

2.3 | Results

We first illustrate how the recent severe droughts of 2018 and 2019 have im-
pacted the different parts of the hydrological system in Gelderland. To un-
derstand the severity and duration of the drought impact, we compare the
time series with the long term average of the entire data period (see Fig-
ure 2.3). Only for visualisation purposes, the groundwater and surface water
data are normalised, to be able to ensure meaningful comparisons between
the different stations. For all variables, we see deviations from the climato-
logy during those two years, but the deviations vary in timing, duration and
severity. Precipitation (Figure 2.3a) was not only extremely low during July
2018, but was also below the mean monthly precipitation for the majority of
the months in 2018. Precipitation volumes recovered during 2019, but were
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below mean monthly volumes again during spring and summer.

Surface soil moisture values seem to follow the climatology during most
parts of the year, except for July 2018 where they show a sharp decline (Fig-
ure 2.3b). Soil moisture remained below the 20% climatology quantile for
several months, but did not show a clear deviation from normal during 2019.
Similarly to the soil moisture, NDVI shows a reduction during the summer
of 2018 (Figure 2.3c). However, NDVI recovers quickly to the monthly mean
values, and even remained above the 80% climatology quantile during the
winter months. During the summer of 2019 values were again reduced below
the 20% climatology quantile, but the anomaly was not as large as in 2018.
Both groundwater (Figure 2.3d) and surface water (Figure 2.3e) show similar
responses: starting from relatively high water levels in early 2018, dropping
to nearly two standard deviations below the mean at the end of the year.
These low values continue into 2019, where the anomalies in surface water
levels were not as severe as the groundwater level anomalies. Interestingly,
even though the surface water level stations are situated in different river
basins, they all show a similar response during this drought.

While Figure 2.3 provides an important first insight into the differences in
temporal drought evolution, it does not provide insight into the underlying
spatial variability at the regional scale. The evolution of the spatial drought
distributions in 2018 and 2019 are visualised in Figure 2.4. Here, the months
surrounding the meteorological drought peak are depicted, as this is when
the drought was generally most severe. This figure shows how the drought
propagates through the hydrological cycle, starting from a slight reduction
in precipitation in May 2018. When precipitation reaches its minimum in July
2018 (Figure 2.3a), both the soil moisture and NDVI follow quickly. However
in the preceding months, both variables did not respond directly to the re-
duced precipitation, indicating the flexibility and buffering capacity of these
variables. Additionally, in response to the low precipitation during July 2018,
a direct anomaly in both groundwater and surface water levels is present.
Both variables remain on the lower end of the percentile score, while the soil
moisture and NDVI values slightly recover towards the end of 2018.

Similar to 2018, precipitation values showed low percentile scores in July
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Figure 2.3 | Temporal evolution of the drought over 2018-2019 for the different vari-
ables. The grey line shows the monthly mean over the entire period, where the coloured
line represents the mean time series for 2018 and 2019. The grey shaded area shows the
monthly temporal variability, using the 20-80% quantile range. Precipitation (a), soil
moisture (b) and NDVI (c) are shown as their observed values. Groundwater (d) and sur-
face water levels (e) are normalised using the mean and standard deviations of each
station. The two highlighted areas indicate the periods used in Figure 2.4.
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Figure 2.4 | Spatio-temporal evolution of the drought during May-October in 2018 and
2019.

2019, and both soil moisture and NDVI reached low percentile scores in the
same month. Groundwater levels, on the other hand, were already low at the
start of 2019, as they had not yet recovered from the drought of the previous
year (also visible in Figure 2.3). Despite higher precipitation valuesin Septem-
ber and October 2019, the majority of the groundwater levels did not recover
and remained below the 20% percentile score. Surface water shows a similar
response as the groundwater, starting already at low percentile scores in May
2019. Only in October 2019, the percentile scores for the large rivers start to
recover, while the Berkel river was still showing low percentile scores.
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The complete time series for all variables and measurement stations/pixels
are presented in the left column of Figure 2.5. These panels not only show
both the spatial and temporal variability within the different stations/pixels
of a single variable, but also show the interaction between the five vari-
ables. Overall, all variables show relatively low variability between the sta-
tions, but show substantial differences in terms of temporal variability. Most
striking is the temporal variability in precipitation (Figure 2.5a): percentile
scores can jJump from extremely high percentile scores to extremely low per-
centile scores, from one month to the next. Soil moisture and NDVI show a
more smooth temporal signal. This is as expected, as these variables have
a ‘'memory’ and are therefore unlikely to move from one end of the spec-
trum to the other in a single month. It is noteworthy that the relatively high
soil moisture values around 2010 are not matched with high NDVI values in
the same period, but rather the opposite. Likewise, NDVI shows high values
around 2014-2016, while soil moisture values show a rather dry signal. The
drought of 2018 is clearly visible in both, while the drought of 2019 is only
clearly visible in the NDVI signal. Both groundwater and surface water per-
centiles again show similar dynamics. Both start relatively wet at the early
years of our analysis, and move towards predominantly low percentile values
at the end of the time series. Both variables stay longest in drought condi-
tions during 2018 and 2019, as is also visible in Figure 2.3.

The right column of Figure 2.5 shows the value where 20% of the stations
have a value equal or lower to this value. A variable is in drought condi-
tions whenever at least 20% of the stations of that variable are in drought
conditions, resulting in Figure 2.6a. Resulting from the spatial variability,
all variables are more frequently in drought conditions than the percent-
ile score suggests: ranging between 27-38% of the time, while the percent-
ile score suggests 20% of the time. The fact that the drought frequency is
higher than the percentile score, indirectly indicates that there is variability
between measurement stations/pixels.

Panel b in Figure 2.6 shows the percentage of time that x variables are meet-
ing the drought condition. Despite that the drought threshold is set to be
at a percentile score of 20%, the study area is considered to be in drought
conditions for 73% of the time. This can be attributed to the different vari-
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Figure 2.5 | Spatial and temporal variability in percentile scores across all variables. Left
column of panels (g, ¢, e, g, i) shows the time series of all stations over the entire data
period, where each row in each panel represents an individual measurement point/pixel.
Right column of panels (b, d, f, h, j) show the value that represents the point where 20%
of the stations/pixels in that variable are below this value.

ables considered, which do not always have overlapping droughts. The per-
centage of time in drought is reduced when more variables have overlap-
ping droughts. In order to match the percentage of time in drought with
the drought threshold, three to four variables need to have overlapping
droughts. When all five variables have overlapping droughts, the region is
only considered to be in drought conditions for 5% of the time.

The results in Figure 2.6, where the number of droughts seems to have in-
creased in recent years, raise the question whether there has been a change

34



2.3 | Results

’ 1 type: 73%

60

i

2002 2004 2006 2008 2010 2012 2014 2016 2018

2 types: 46%
40
3 types: 28%

2014 iies: 17%
0

Figure 2.6 | Temporal evolution of drought conditions over the entire study period.
Panel a highlights the months where the variable is considered to be in drought condi-
tions. Percentages on the y-axis indicate the percentage of time that each variable is in
drought conditions. Panel b shows the percentage of time the study area is in drought
conditions, depending on how many variables are below the drought threshold.
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in the frequency of co-occurring droughts within our study period (see Fig-
ure 2.7). The number of droughts in both groundwater and surface water in-
creased substantially, mostly due tothe 2018 and 2019 droughts (Figure 2.6a).
The highlighted green bar in Figure 2.7 shows that the droughts of 2018 and
2019 can partly be attributed to this increase. The last 10 years also had more
frequent co-occurrences of droughts, with the years 2018 and 2019 again
playing a substantial role. Even without these years, 2010-2019 had more
frequent droughts where at least 4 variables were in drought conditions.

When plotting the percentile threshold to define drought against the per-
centage of time that the data is below this threshold, we see that this rela-
tion is consistent across all threshold values (Figure 2.8). In this figure, we
plot the percentile threshold from 0 to 100% for completeness, but percent-
ile thresholds above roughly 30% would not be relevant for drought studies.
However, showing the entire range facilitates the understanding of how the
drought threshold and percentage of time in drought relate. In Figure 2.83,
we see that groundwater levels deviate farthest from the 1:1line, followed by
NDVI and soil moisture values. Both precipitation and surface water show a
similar deviation from the 1:1line. As mentioned earlier, this deviation can be
attributed to variation between the different measurement stations/pixels.
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Figure 2.7 | Change in drought frequency between 2000-2009 and 2010-2019. Panel a
shows the percentage of time each variable is below the drought threshold, and panel
b shows the percentage of time at least x variables are in drought conditions. The ho-
rizontal line corresponds with the expected frequency based on the 20% percentile
threshold. The entire green bar represents the 2010-2019 period, and the highlighted
green bar represents the contribution of the recent droughts over the last two years.

Plotting the values from Figure 2.6b as a function of the percentile threshold
to define drought, we get the results in Figure 2.8b. At a percentile threshold
of just above 30% percent, there is at least one variable in drought condi-
tions nearly 90% of the time. At the more commonly used 20% threshold,
this number reduces somewhat to 73% of the time. This confirms our hypo-
thesis that droughts are occurring more often than the threshold would sug-
gest, when multiple variables in the hydrological cycle are considered. When
a threshold of 20% is used as drought definition, droughts anywhere in the
system occur at least 3 times more frequently. On the other hand, the situ-
ation where drought occurs across all components of the terrestrial hydro-
logical cycle is 4 times less likely than the drought threshold of 20% (namely
5%).

2.4 | Discussion

In this chapter, we investigate droughts in five different variables in the hy-
drological cycle: precipitation, soil moisture, vegetation, groundwater and
surface water. We show how these variables interact, and how the propaga-
tion and spatial variability of each of these variables influence the occurrence
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Figure 2.8 | Relation between drought threshold and percentage of time in a drought.
Panel a shows the percentage of time each variable is below the corresponding
threshold. Panel b shows how often the area is in drought conditions for a different
number of variables considered. The dotted line in both panels shows the 1:1 line. Value
between brackets shows the percentage of time each variable in in drought conditions
at the 20% percentile threshold.

of drought and the effective drought frequency in Gelderland, the Nether-
lands. Our results show that droughts, when viewed across a complex hydro-
logical system, are common rather than rare. This is of course dependent on
the exact definition of a drought. In our study, we used the 20" percentile
as drought threshold, meaning that mild droughts are included as well. This
could potentially entail that events without clear impacts are classified as
droughts, something that was highlighted as a challenge in drought defini-
tion by Stahl et al. (2020). Despite this, our drought definition still reflects
common practices in water management, and we therefore emphasise that
this practice is susceptible to a drought frequency paradox. Given our results,
two obvious questions can be raised: are the results representative for other
regions, and what are possible solutions for drought monitoring?

At first glance, the Dutch province of Gelderland is a unique region in the
Netherlands, with geomorphological features ranging from floodplains to
the sandy moraine (the Veluwe Massif), and substantial regions that are used
for agriculture. Additionally, it is situated in the downstream areas of several
rivers. While this may perhaps be unique for the Netherlands, the general
features that influence drought are less unique. The majority of agricultural
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production occurs in downstream regions of river systems, due to the relat-
ively flat land and availability to water, and it is in these regions that drought
is highly relevant since agriculture could be impacted by both local droughts
(e.g. soil moisture), but also by drought occurring upstream of the river basin,
through its impact on river discharge. Furthermore much of the signal is
caused by spatial variability in the groundwater response to drought. But in
the study by Kumar et al. (2016), also partly in Gelderland, similar variability
in groundwater response was found for many regions in Germany. And while
we did not investigate the dependency of our results on the size of the study
region, we expect that most regions with variability in soil, vegetation, and
depth to the groundwater table will show similar behaviour. At larger scales,
possible spatial variability in meteorological drought conditions might even
become an additional factor that contributes to a higher frequency of co-
occurring droughts.

As for the monitoring of droughts, several attempts have been made to
either extend or improve common indices. Meteorological drought indic-
ators are most frequently used (Bachmair et al, 2016), as meteorological
drought is typically the driver of the other drought types, has usually longer
available data records, and is generally easiest to measure. However, our res-
ults show that meteorological droughts do not correctly represent droughts
in the four other considered variables. This is in line with other studies. For
example, Kumar et al. (2016) used SPI to estimate the Standardised Ground-
water Index (SGI). They found that long SPI accumulation times were re-
quired to reach high correlation with SGI, but failed to correctly predict the
actual SGI values. Furthermore, Bachmair et al. (2018) conclude that using
meteorological indices to represent agricultural and forest droughts highly
varied with climate. Stagge et al. (2015) created a model using meteorolo-
gical drought data as input to predict different drought types. They show
promising results, but also note that their model needs to be re-calibrated
for different regions. Given the conclusions of these studies, and the results
inthis chapter, we stress the importance of drought monitoringacrossall rel-
evant components of the hydrological cycle. Even if meteorological drought
could be used for extrapolation to other drought types, correct understand-
ing of the link between these drought types—and hence the monitoring—is
arequirement.
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A possible solution to this paradox would be the use of compound drought
indices. Two approaches are possible here, although they both have import-
ant disadvantages. In the first approach, a compound index can be calculated
similar to our current approach, i.e. identify a drought whenever there are
serious drought conditions in one or more parts of the hydrological system.
The disadvantage of this approach is that the effective drought frequency
might increase to levels that are incompatible with current drought defini-
tions that define drought as a rare event. In the second approach, a com-
pound drought index can be transformed such that the effective drought
frequency is exactly the pre-defined value. While this approach might seem
intuitive, it likely will require local calibration and an (arbitrary) weighing
between different parts of the hydrological system and the relative impact of
drought on certain economic sectors. The above suggests that tailor-made
solutions remain necessary for effective drought monitoring and manage-
ment at regional scales. Furthermore, the impact of a drought does not ne-
cessarily correspond with the occurrence of a drought as measured with an
index, as thisalso depends on the socio-economic value. Therefore, we stress
the importance of monitoring all relevant variables in the area of interest,
involving both satellite remote sensing (West et al,, 2019) and local observa-
tions, in close collaboration with stakeholders to quantify the impacts. Im-
pacts are ultimately the most relevant aspect of droughts from a societal or
operational water management perspective, which implies that a drought
index should reflect the impacts rather than raise an unwanted drought fre-
quency paradox.

2.5 | Conclusions

An overview of five major variables in the hydrological cycle (precipitation,
soil moisture, vegetation greenness, groundwater and surface water levels)
allows us to study a possible drought frequency paradox. The analysis fo-
cused on the Dutch province of Gelderland. Using the recent droughts of
2018 and 2019 as case studies, we show that each variable operates with typ-
ical temporal and spatial variability. Precipitation is rather homogeneous in
space, but highly variable in time. Soil moisture and NDVI both are more spa-
tially variable, but their temporal signal is smoother with respect to precip-
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itation. Despite difference in underlying processes and scale, groundwater
and surface water levels show very similar responses during these droughts.
Inter- and intra-variability of these five variables causes different types of
droughts in different parts of both space and time.

With a percentile score of 20% as the drought threshold at the pixel/point
level, we show that each variable can be considered to be in drought at the re-
gional scale for 27-38% of the time depending on the variable, which is more
frequent than the 20% of the time the percentile threshold suggests. When
all relevant variables are considered, at least one variable is in drought con-
ditions for 73% of the time. Both of these values can lead to a perception of
a drought frequency paradox, where drought occurs much more frequently
than would be expected based on the used main drought threshold. The per-
centage of time matches the drought (frequency) threshold only when three
to four variables are in drought conditions. We showed that the usage of
a common drought definition (albeit for mild droughts) can lead to a per-
ception of a drought frequency paradox. This might not be representative
for the actual drought conditions, and we therefore stress the importance
of close collaboration between scientists, water managers and stakeholders
to ensure correct drought detection within a hydrological system. This can
be achieved through correctly calibrated compound indices, as multiple uni-
variate indices can lead to a drought frequency paradox.
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The soil moisture status near the land surface is a key determinant of veget-
ation productivity. The critical soil moisture content determines the transi-
tion from an energy-limited to a water-limited evapotranspiration regime.
This chapter quantifies the critical soil moisture content by comparison of
in situ soil moisture profile measurements of the Raam and Twente net-
works in the Netherlands, with two satellite-derived vegetation indices (near-
infrared reflectance of terrestrial vegetation, NIRv, and vegetation optical
depth, VOD) during the 2018 summer drought. The critical soil moisture
content is obtained through a piece-wise linear correlation of the NIRv and
VOD anomalies with soil moisture on different depths of the profile. This
non-linear relation reflects the observation that negative soil moisture an-
omalies develop weeks before the first reduction in vegetation indices: 2-
3 weeks in this case. Furthermore, the inferred critical soil moisture con-
tent was found to increase with observation depth, and this relationship
is shown to be linear and distinctive per area, reflecting the tendency of
roots to take up water from deeper layers when drought progresses. The
relations of non-stressed towards water-stressed vegetation conditions on
distinct depths are derived using remote sensing, enabling the paramet-
erisation of reduced evapotranspiration and its effect on gross primary pro-
ductivity in models to study the impact of a drought on the carbon cycle.

“Sunsets never were so bright
And the skies, never so blue”

—Mayday Parade, Jamie All Over (2007)
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Droughts can have wide environmentaland socio-economicimpacts, ranging
from their effects on climate, the carbon cycle, and food security to water
availability. Droughts are typically induced by a lack of precipitation and/or
an above-average atmospheric demand for evapotranspiration (ET), which
leads to an associated reduced availability of soil moisture in the root zone
(Seneviratne et al, 2010; Teuling, 2018). The former is typically referred to
as meteorological drought, whereas the latter is referred to as agricultural
drought. Reduced soil moisture limits water uptake and ET from the plant,
which leads to an increase in sensible heat flux relative to latent heat flux.
This establishes a positive feedback, by further increasing temperature and
vapour pressure deficit (Seneviratne et al, 2010; Miralles et al, 2019; Lansu
etal, 2020). Furthermore, reduction in ET through the closing of plants’ sto-
mata also affects the carbon cycle by reducing gross primary productivity
(GPP) (van der Molen et al,, 2011; Reichstein et al., 2013). This can turn ecosys-
tems from carbon sinks to sources, such as during the 2003 European sum-
mer drought and heatwave in which GPP was reduced by as much as 30% (Ci-
aisetal, 2005). While meteorological droughts are generally well understood
since they can be monitored by routine meteorological observations, quanti-
fying the links between soil moisture, ET, and vegetation during agricultural
droughts is more challenging. This is the aim of this chapter, in which we
focus on the record-breaking drought of 2018 in Europe (Bakke et al,, 2020).

Typically, two ET regimes are distinguished: an energy-limited and a water-
limited regime. This is often conceptualised and parameterised as a bilinear
function of soil moisture, separating the regimes at the so-called critical soil
moisture content (Seneviratne et al, 2010). There is considerable evidence
that a strong non-linearity is typical for most regions and conditions. This
makes it key to i) predict the onset of drought impact on ET and ii) predict
the timescale of ET decay during drought (Teuling et al, 2006; Boese et al,
2019). In early field experiments, it was already observed that the actual ET
fell below the potential only at lower levels of soil moisture, and that the
value at which this occurred depended on the potential ET (Denmead & Shaw,
1962). In more recent studies at larger scales, it has been observed that ET
overthe summerincreased ratherthan decreased in parts of central-western
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Europe during drought (Teuling et al,, 2013) and that vegetation productivity
in Alpine regions also increased during the 2003 summer drought (Jolly et al,
2005). In a recent study on vegetation-soil moisture coupling using satellite
observation products (Denissen et al, 2020), it was found that the critical
soil moisture is located at the lower rather than higher part of the soil mois-
ture range. However, the remote sensing products used in this chapter are
subject to significant limitations, mainly caused by the limited penetration
depth of the sensors. Since vegetation may take up water from much deeper
soil layers, it makes critical soil moisture estimations using remote sensing
highly uncertain.

The impact of drought has been studied extensively using ecosystem-level
information obtained from eddy covariance sensors (i.e. FLUXNET), satellite-
derived observations (van der Molen et al, 2011), or terrestrial biosphere
modelling (van Schaik et al,, 2018). This has provided valuable insight into the
timing and impact of drought on GPP (Sippel et al, 2018; Stocker et al,, 2019).
Several studies have shown that spatio-temporal patterns of GPP are cor-
related with solar-induced chlorophyll fluorescence (SIF), a satellite product
which measures the re-emission of light by chloroplasts during photosyn-
thesis (Frankenberg et al,, 2011; Koren et al, 2018; Li et al,, 2018). Badgley et al.
(2017, 2019) found that SIF correlates strongly with satellite obtained near-
infrared reflectance of terrestrial vegetation (NIRv) and proposes to use this
as a proxy for GPP. Another satellite-derived observation of GPP is vegetation
optical depth (VOD) (Konings et al, 2016; Teubner et al,, 2018,2019; Moesinger
et al, 2020). Both NIRv and VOD have a high temporal resolution, in contrast
to SIF data. This allows for a more precise analysis of how plant productivity
is related to soil moisture.

Ecosystem flux observations and satellite observations of vegetation can
provide valuable insight into the ecosystem response to drought. However,
they do not provide direct insight into processes that occur below the sur-
face, in particular the timing, location, and strategy of plant water uptake in
the root zone. The parameterisation of root water uptake during drought is
thusamajorsource of uncertainty in models (Braud et al,, 2005; Teuling et al,,
2006; Kumar et al, 2015; Combe et al, 2016). For example, a recent study
showed how different vegetation types employ different strategies during

46



31| Introduction

the drought of 2018 (Kleine et al, 2020). It is well known that, generally,
plants take up water from the upper soil layers first. They can compensate
for a developing lack of moisture near the surface by increasing their up-
take deeper in the profile to values much higher than can be expected based
on the root density (Sharp & Davies, 1985; Green & Clothier, 1995). Currently,
many studies rely on the use of surface soil moisture to diagnose drought
processes. This is problematic because surface soil moisture that can be
measured by satellite-derived observations might become decoupled from
soil moisture deeper in the profile where it is taken up by plants (Capehart
& Carlson, 1997; Carranza et al, 2018), and they might not represent the dy-
namics of processes deeper in the root zone (Bassiouni et al,, 2020).

The availability of a growing number of relatively accurate low-cost soil mois-
ture sensors (Mittelbach et al, 2011) has led to an increasing number of re-
gional soil moisture networks, where soil moisture is measured at a large
number of sites and at several depths in the profile. Such networks, in com-
bination with satellite-derived observations, can provide a unique insight
into the link between vegetation stress, root water uptake, and soil mois-
ture profiles. Two of those networks, the Twente and Raam networks in the
Netherlands, are located in the region that suffered from the 2018 European
summer drought.

High-impact extreme events such as flash floods are often associated with
sloping or upland terrain (Marchi et al, 2010). However floods and droughts
can have considerable impact in lowland areas as well, even though the main
hydrological processes can differ. For the 1976 summer droughtin the Hupsel
Brook catchment (Brauer et al,, 2018), it was found that soil moisture anom-
alies develop progressively deeper over the course of the drought, reflecting
a strong link to the presence of a relatively shallow groundwater table (Teul-
ing et al, 2013). For the same catchment, it was found that the link between
soil moisture and the groundwater table at near-saturated conditions played
an equally important role in determining the onset of saturation excess run-
off and flash flood response following the August 2010 extreme precipita-
tion (Brauer et al, 2011). In larger lowland rivers, low topographic and hy-
draulic gradients can induce flooding due to backwater effects (Geertsema
et al, 2018). Due to the strong human influence of hydrological processes
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on, for instance, changes in drainage density and/or land use, lowland areas
might also be sensitive to changes in hydrological extremes (Pijl et al,, 2018).

In this chapter, we combine data from the Twente and Raam soil moisture
networks located in the Netherlands with satellite-derived vegetation in-
dices (NIRv and VOD). Using these datasets, we study the regional-scale de-
velopment of the 2018 agricultural droughtin a lowland area during the sum-
mer months June, July, and August. Specifically, we aim to i) analyse the tem-
poral evolution of drought in the unsaturated zone in relation to the non-
drought years of 2016 and 2017, ii) link dynamics of vegetation productivity
to soil moisture, and iii) infer the critical soil moisture content and its de-
pendency on depth.

3.2 | Methods

The Raam and Twente soil moisture networks in the Netherlands (see Fig-
ure 3.1) were originally installed as validation sites for satellite-derived data
products (Benninga et al, 2018; Dente et al, 2011). The Raam network faces—
by Dutch standards and in comparison to the Twente network—substantial
water shortages during normal summers (Benninga et al, 2018). This can be
mainly attributed to the mostly sandy soils in the Raam network, whereas
the Twente network is located in an area with sandy to more loamy soils.
Both areas have a land cover consisting of cultivated or natural grassland, ag-
ricultural fields (maize, onion, chicory, sugar beets), and some forested sites
(though these are not instrumented). Both networks are positioned between
10-30 meter above sea level. The average spacing between the soil mois-
ture sensors is 6.2 km for Twente and 3.5 km for Raam. For further details on
the network and sites, we refer to the relevant papers (Benninga et al, 2018;
Dente et al,, 2017).

Soil moisture observations for both networks were available for 2016-2018
at discrete depths below the soil surface (5, 10, 20, 40 cm for Raam and
Twente and additionally 80 cm for Raam), from which daily averaged volu-
metric soil moisture (8, in M3,ater M34;) was obtained. The 31 days moving
means of 2016 and 2017 were averaged to represent baseline conditions (re-
ferred to as climatology hereafter). The anomaly is defined as the difference
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between 2018 and the climatology. We assumed that measurements at 5,
10, 20, 40, and 80 cm represent the soil column between 2.5-7.5, 7.5-12.5,
12.5-275, 27.5-52.5, and 52.5-107.5 cm depth respectively. Stations were se-
lected based on maximum available daily averaged data between May 2016
and September 2018 (filled circles in Figure 31c, d).

For the meteorological conditions, daily precipitation and potential ET (cal-
culated by the Royal Netherlands Meteorological Institute (KNMI) with
Makkink (1960)) were obtained from the KNMI stations in Volkel (06375)
and Twenthe (06290; see locations in Figure 3.1c, d). Gridded precipitation
was obtained from E-OBS, at 0.1°x0.1° and daily resolution (v20.0e; Cornes
etal, 2018). Comparing yearly average values of 2016 and 2017 with the mean
over 1990-2019 shows that temperature, precipitation, and potential evap-
oration were all close to the long-term mean values (in brackets): temper-
atures were 10.4 °C (10.1 °C), precipitation 791 mm (782 mm), and potential
ET 584 mm (573 mm). This supports the years 2016 and 2017 being used as
baseline conditions.

Photosynthetically active radiation normalised solar-induced fluorescence
(SIF; v27) was used as a proxy for GPP and obtained from the GOME-2B in-
strument on board the MetOp-B satellite as described in Joiner et al. (2013,
2016) on a monthly average and with 0.05°x 0.05° spatial resolution. Daily
NIRv was obtained using the following calculation:

NIRv = NDVI - NIRT, (€X)]

where NDVI represents the normalised difference vegetation index, and NIRt
represents the total scene near-infrared reflectance (Badgley et al., 2017).
Both are obtained from the merged MODIS Aqua and Terra satellites’ product,
available at a 0.05°x 0.05° spatial resolution (Schaaf & Wang, 2015). The NIR+
was BRDF-adjusted (bidirectional reflectance distribution function), and all
values below O were removed.

The NIRv product has a higher spatial and temporal resolution than the SIF
dataset. Although the NIRv product is relatively new, several studies have
highlighted the usability of this dataset. Badgley et al. (2019) showed that the
relationship between NIRv and GPP was consistently linear across all values
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of GPP, both during drought events and during acute stress events at short
timescales. Additionally, Baldocchi et al. (2020) concluded that NIRv is able
to correctly represent photosynthesis across different temporal scales.

Vegetation optical depth (VOD) values were obtained from Moesinger et al.
(2019). VOD is a measure for above-ground vegetation water content (Kon-
ings et al, 2016; Moesinger et al., 2020), derived from space-borne microwave
sensors (SSM/I, TMI, AMSR-E, WindSat, and AMSR2). VOD is available at a spa-
tial resolution of 0.25x0.25°, and at a daily time step (though not every day
has 100% coverage). VOD is used for comparison with NIRv values and to test
the robustness of our analysis. For our analysis, we selected the C band to
calculate the anomalies. The climatology and anomaly of precipitation, SIF,
NIRv, and VOD were calculated similarly to 6.

To infer the critical soil moisture (0.iica), the NIRv anomaly as a function of
6 was fitted by employing a piece-wise linear function, which renders an in-
flection point indicating the transition from an energy-limited to a water-
limited evapotranspiration regime (Seneviratne et al, 2010). We focus on
the period during which the soil moisture anomalies show a downward trend
(June and July, highlighted in Figure 3.2). Using bootstrapping, we deter-
mined the 5-95% uncertainty range of the inferred critical soil moisture
value at each integration depth.

3.3 | Results

The strong reduction in precipitation over June and July that was centred
around the Netherlands (Figure 3.1a) coincided with strong negative anom-
aliesin vegetation productivity. Coarse-scale estimates of productivity based
on solar-induced fluorescence (Figure 3.1b) show large negative anomalies,
in particular in the eastern part of the country where soils are more sandy
and groundwater tables are deeper. Higher resolution NIRv imagery shows a
similar pattern, including slightly larger negative anomalies in Twente com-
pared to more moderate anomalies in the Raam (Figure 3.1c, d). This shows
that the soil moisture networks were located at a prime location to monitor
the impact of the 2018 drought.
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Figure 31| Distribution of the 2018 summer drought and vegetation productivity with
respect to 2016 and 2017. Drought distribution in western Europe (a) is expressed by
the relative June-July precipitation anomaly (E-OBS), showing that the eastern part of
the Netherlands was one of the worst hit areas. This is confirmed by a similar pat-
tern in GOME-2 SIF anomalies (b). MODIS NIRv (¢, d) shows a similar distribution but
at much higher spatial resolution, for Twente (c) and Raam (d). The circles indicate in
situ soil moisture measurement sites with (filled) and without data of sufficient avail-
ability (open); when filled these are included in the analyses. KNMI stations Twenthe
(06290) and Volkel (06375) are indicated by black squares.
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The temporal dynamics of the vegetation productivity and soil moisture re-
veals considerable complexity in the response to the drought. During initial
stages of the drought, NIRv kept pace with, or even sometimes exceeded,
the climatological values in both networks (Figure 3.23, b). In the beginning
of summer, the NIRv anomalies are around zero for Twente and slightly pos-
itive for Raam and are followed by a sharp decline in productivity in late June.
At the end of July, maximum NIRv anomalies correspond to —30% (Twente)
and —25% (Raam). In contrast to the NIRv anomalies, soil moisture obser-
vations reveal a steady decline from the beginning of summer up to the end
of July. Anomalies are found to be largest at the end of July. NIRv and soil
moisture anomalies remain strongly negative in Twente until the beginning
of October, whereas the Raam shows a faster recovery. VOD shows a similar
response to NIRv; yet the VOD anomalies exceed the climatological values
during the start of the summer. The moment at which the anomalies decline
matches NIRv; yet the VOD anomalies recover later in the year than the NIRv
anomalies.

When the dynamics of the vegetation indices during the 2018 drought are
evaluated against soil moisture averaged over different depths, a strong non-
linear response becomes apparent (Figure 3.3). The response is described by
apiecewise linear model with a right-hand part with zero slope (i.e. assuming
no stress). This three-parameter model describes the response better than
atwo-parameter linear model, as indicated by consistently higher values for
the adjusted R? (average R? of 0.82 versus 0.63; see Table 3.1). Due to the dif-
ference in dynamics in VOD, we removed the first days of June, as the VOD
anomalies were still increasing over this period (see Figure 3.2). Over the se-
lected period, VOD anomalies show no clear trend, and the average value (and
period) can be found in Figure 3.2. Initially, NIRv and VOD anomalies remain
roughly at a constant level, while soil moisture decreases considerably. It
took 3 weeks before NIRvanomalies showed a decrease and 2 weeks for VOD.
Next, this constant phase is followed by a second phase in which NIRv and
VOD anomalies decrease approximately linearly with soil moisture, indicat-
ing a strong drought impact on vegetation productivity. The non-linearity is
present when soil moisture is evaluated over different depths ranging from
a shallow top layer (0-5 cm) to most of the root zone (0-80 cm), using the
representative soil column thickness (see Methods) to correct the soil mois-
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Figure 3.2 | Temporal evolution of the 2018 agricultural drought over the study regions.
Top panels (a, b) show NIRv (solid) and VOD (dashed), and bottom panels (c, d) the soil
moisture conditions over the growing season for Twente (a, ¢) and Raam (b, d). Soil
moisture is the average observed at 40 cm depth. Horizontal lines in panels a and b
indicate the non-stressed NIRv (black) and VOD (grey) values used in Figure 3.3. Coloured
shaded areas represent spatial variability within the regions and are calculated in the
20-80% range. Grey shading highlights the period used in Figure 3.3.
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Figure 3.3 | Relation between regionalanomalies in vegetation indices and soil moisture
(dots) and the piecewise linear fit (lines) for Twente (a, ¢) and Raam (b, d), for both NIRv
(a, b) and VOD (c, d). The horizontal part of the piecewise fit was set at the average
vegetation index anomaly value in the first part of the summer period (corresponding
to the horizontal line in Figure 3.23, b). Note that all values represent average values
over the regions, as shown in Figure 3.2.

ture values. However, soil moisture values, including the transitional point
marking the start of the drought impact on vegetation productivity, are gen-
erally lower, with a difference in volumetric water content between 0.05 and
0.0 for both sites. The point separating the two phases of non-stressed
and water-stressed conditions can be interpreted as the critical soil mois-
ture content.

Further analysis of the evolution of regional-scale average soil moisture pro-
files (Figure 3.4) reveals the origin of the differences found in Figure 3.3. In
normal years, soil moisture dries out considerably in the upper layers (down
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Table 3.1 | Fit statistics and resulting critical soil moisture content based on both NIRv
and VOD data. R2,4,steq Values are shown for both the piecewise (pw) and linear (lin) fits,
adjusted for the number of parameters used in the fit; the value in brackets shows the
standard R? value. The critical soil moisture content in brackets is the value normalised
between minimum and maximum moisture content values at each integration depth.

Depth (cm) NIRv VoD
R2pw R2lin Bcritical R2pw R2lin Ocritical

5 080(0.81) 061(062) 016(024) 055(057) 024(027) 015(018)

€ 10 0.82(0.83) 065(066) 016(0.22) 0.58(0.61) 0.28(0.30) 014(0.17)
5] 20 091(0.91) 072(073) 017(020) 073(074) 034(036) 015(0.16)
o 40 096(0.96) 0.82(0.82) 0.20(0.29) 0.83(0.84) 0.46(0.48) 0.19(0.22)
80 0.97(0.98) 0.89(0.89) 024(037) 0.85(0.86) 057(0.58) 0.23(0.29)
o 5 072(073) 059(0.60) 013(0.08) 0.60(0.63) 048(0.50) 013(0.08)
E 10 086(0.87) 0.69(070) 014(0.08) 0.82(0.83) 0.62(0.63) 013(0.06)
Z 20 0.95(0.96) 0.82(0.83) 017(011) 0.95(0.95) 079(0.80) 017 (0.09)

40 097(0.97) 088(0.88) 0.22(018) 0.97(097) 0.84(0.84) 0.21(015)

tovaluesintherange 0.15-0.20) but much less in the lower layers, where val-
ues stay around 0.30. This is partly due to the fact that in a normal summer,
JJA potential evapotranspiration according to Makkink’'s method (2.9-31mm
d7) is nearly balanced by precipitation with 2.3-2.8 mm d™. This likely allows
vegetation to take up most of the water in the upper part of the root zone.
In 2018, the increased atmospheric demand for evaporation, as reflected in a
higher potential evapotranspiration (3.6-3.7mmd~, so a20% increase), com-
bined with a strong reduction in precipitation (1.3-1.4 mm d”, so a nearly 50%
reduction), led to a strong initial drying of the surface layer. This is reflected
in the negative anomalies which peak around the start of July (DOY 184 and
192 for Raam and Twente, respectively). Only later did strong negative anom-
alies develop deeper in the root zone (DOY 220 and 221 for Raam and Twente,
respectively), potentially due to enhanced root water uptake to (partly) com-
pensate for the reduced uptake in the surface layers. This contrasts sharply
with normal summer conditions under which most of the uptake takes place
in the surface layers. The anomalies at 40 and 80 cm depth reach their max-
imum only at the end of the main drought or even later. This explains the
large discrepancy between surface and root zone soil moisture at the early
stages of the drought.

When the critical moisture contents inferred in Figure 3.3 are evaluated
against the integration depth of the soil moisture observations, we find the
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(a) Twente (b) Raam

P[mmd!]

Depth [cm]

Depth [cm]

Jun Jul Aug Jun Jul Aug

Figure 3.4| Temporal evolution of observed precipitation and soil moisture profiles dur-
ing the 2018 drought. For precipitation, the top panels (a and b) show the precipitation
recorded at the KNMI stations of Twenthe and Volkel (see location in Fig. 1c/d). For soil
moisture, the climatology (mean 2016-2017, panels c and d) and the 2018 anomalies
(panels e and f) are shown for Twente (left panels) and Raam (right panels). The tri-
angles in panels e and f indicate the moment of maximum negative anomaly at each
depth.

results in Figure 3.5. Ideally, there should be no dependency of the crit-
ical moisture content on depth because this would facilitate the identific-
ation and use of the critical moisture content in models. However both net-
works show a similar, strong dependency with depth, with the inferred crit-
ical moisture content ranging from 013—0.16 m3,aer M3, for shallow soil
moisture observations to over 0.20 mM3ater m‘350i| when observations over
most of the root zone are used. The inferred relations between critical soil
moisture and depth are found to be roughly equal for the fits based on NIRv
and VOD data. The uncertainty bars resulting from bootstrapping show lar-
ger uncertainty at shallower integration depths; yet the values found at shal-
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Figure 3.5 | Relation between critical soil moisture and the integration depth (denoted
as d in the equation) of soil moisture used in the inference. Panel a shows the rela-
tion based on the NIRv data, and panel b shows the relation based on the VOD data.
Horizontal lines indicate the 5-95% range of critical soil moisture values.

lower depths are lower than values at deeper integration depths. Given the
increasing relation of critical soil moisture with depth, and since the root
zone is presumably deeper than 1 m, it is possible that observations over the
entire root zone will lead to even higher values. The critical soil moisture
values can be found in Table 3.1. This table also shows the relative ... de-
termined using the minimum and maximum soil moisture values over the
period 2016-2018.

3.4 | Discussion

The analysis in this chapter combined data from two Dutch soil moisture net-
works with high-resolution satellite vegetation indices as a novel approach
to quantify agricultural drought conditions and impact. The 2018 summer
drought had considerable impact in the areas where the networks were situ-
ated.

The inferred 6.t —marking the transition between non-stressed (energy-
limited ET) and stressed (water-limited ET) soil moisture regimes—is found
to be dependent on monitoring depth. Accurate determination of the 6iical
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3| Interaction between soil moisture and vegetation during drought

is essential for describing the relation between vegetation's response to wa-
ter stress and carbon flux predictions during drought events (Boese et al,
2019; Green et al,, 2019; Stocker et al, 2019) as current parametric expressions
are unsuitable under droughts (Madi et al., 2018). This chapter highlights the
particular value of in situ soil moisture networks, besides their purpose to
calibrate and validate satellite-derived observations (Dorigo et al, 2011), to
inform about 0.i1ica, @s root water uptake dynamics and ET rates cannot eas-
ily be derived from satellite observations (Purdy et al., 2018).

We found a decline in NIRv and VOD to occur only once surface soil mois-
ture had already reached its lowest level. Satellite-derived observations of
the soil's subsurface can certainly serve as early predictors for drought onset
(Ford et al,, 2015; Otkin et al, 2018); yet drought also leads to decoupling of
the soil moisture signal over depth (Carranza et al,, 2018), rendering satellite-
derived soil moisture or in situ surface soil moisture observations uninform-
ative about root water uptake and drought impact status. This effect, in com-
bination with the sandy texture of the soils in both networks, can also explain
why we find values for 6o that are lower than those from recent estimates
based on satellite soil moisture (Denissen et al, 2020). Assessment of veget-
ation response to profile soil moisture requires observations both at multiple
depths and at multiple profiles to average out small-scale heterogeneities
(Teuling et al., 2006).

This study determined the 0. With data that were already available. The
method would in principle allow root water uptake regimes to be identi-
fied during droughts without the need for (difficult to obtain) vegetation-
driven biophysical landscape interactions (e.g. Prentice et al, 2014; Warren
et al, 2015; van der Ploeg et al,, 2018). However, within the Raam and Twente
networks, the maximum measurement depth of ¢ (80 and 40 cm respec-
tively) may have been insufficient to capture the complete propagation of
soil moisture anomalies in the root zone and their possible link to root water
uptake dynamics. Were the measurement setups of both networks harmon-
ised by covering the entire root zone, it would have provided a more accurate
comparison of drought impacts and variability in soil moisture (Dorigo et al,
2011). When the focus of establishing a soil moisture network is not to valid-
ate satellite-derived observations—as was the case for these two networks—,
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but to quantify drought effects on root water uptake, the maximum rooting
depth of the vegetation near soil moisture stations should be considered,
even though temporal dynamics of soil moisture and root water uptake un-
der non-drought conditions predominantly occur in the upper 70 cm of the
soil profile (Teuling et al,, 2006).

Ideally, the values for 6 ica are considered with respect to the wilting point
and field capacity because these, in concert with the rooting depth, determ-
ine the soil moisture dynamics (Albertson & Kiely, 2001). However these val-
ues themselves are highly variable spatially but also vertically over the soil
profile. For sandy (Raam) to more loamy (Twente) soils, these characteristic
soil moisture values are generally assumed to be in the range of a few vol. %
(wilting point) and between 15 and 25 vol. % (field capacity). However, dif-
ferences between various pedotransfer methods can be large (Teuling et al,,
2009b). Based on the length of the time before a reduction in NIRv and VOD
anomalies was first observed, it can be inferred that even in these coarse
soils, a significant storage exists between field capacity and the critical mois-
ture content that can be utilised by plants during drought onset.

This study also provides realistic environmental conditions of drought at rel-
evantscales. Inarecent meta-analysis of studies on drought impacts on eco-
systems, Slette et al. (2019) concluded that drought is often poorly defined,
and many supposed drought experiments take place within the normal range
of climate variability rather than an extreme drought. This is problematic be-
cause drought impact is not proportional to drought severity but increases
rapidly once a critical threshold has been exceeded. More research is there-
fore needed to identify and quantify drought thresholds and impacts across
ecosystems and climate regions, especially in light of co-evolution in soil-
vegetation-fauna-microbial relations, particularly the different strategies
with which these relationships are adopted, modified, or adapted (Robin-
son et al, 2019). Failure to represent such ecosystem strategies in Earth sys-
tem models might affect our ability to make reliable projections of future
drought impact. The methodology presented here informs to better con-
strain drought-relevant parameters, such as the critical moisture content, in
models.
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3.5 | Conclusions

A prolonged period of no (or very low) precipitation during the summer of
2018 caused profound negative soil moisture anomalies compared to the 2
prior years in the Raam and Twente. The decrease in soil moisture proceeded
into deeper layers with time as a consequence of root water uptake shift-
ing predominantly to those layers. Subsequently, ET decreased, which is in
line with the low 2018 GPP proxies SIF, NIRv, and VOD obtained via satellites
throughout the growing season. Root water uptake was observed to shift to
deeper layers after the first reduction in NIRv and VOD, indicating that chan-
ging root water uptake patterns can help to reduce drought impact but not
to avoid it in the case of the drought of 2018. Soil moisture, ET, and GPP re-
mained low until the end of summer.

Using a novel approach, the critical soil moisture content (0itica)) Was derived
from NIRv and VOD anomalies and soil moisture measurements at multiple
depths. This non-linear relation reflects the observation that negative soil
moisture anomalies develop 2-3 weeks before the first reduction in vegeta-
tion indices. The critical soil moisture content in the Raam network at 40 cm
depth isfound to be 019 and in the Twente network 0.22 (M3 yater M34;). The
apparent critical soil moisture content increased with depth and this rela-
tionship was shown to be linear. The critical soil moisture content can serve
as an indicator to mark the transition between non-stressed and stressed
conditions to examine the impact on the gross primary productivity of ve-
getation and effect on the carbon cycle in models during droughts.

60









The role of
model resolution
during seasonal
hydrological
extremes

This chapter is based on:

Buitink, J,, Uijlenhoet, R, and Teuling, A. J. (2019). Evaluating seasonal
hydrological extremes in mesoscale (pre-)Alpine basins at coarse 0.5° and
fine hyperresolution, Hydrology and Earth System Sciences, 23, 1593-1609,
doi10.5194/hess-23-1593-2019.



Hydrological models are being applied for impact assessment across a wide
range of resolutions. In this study, we quantify the effect of model resolution
on the simulated hydrological response in five mesoscale basins in the Swiss
Alps using the distributed hydrological model Spatial Processes in Hydrology
(SPHY). We introduce a new metric to compare arange of values resulting from
adistributed model with a single value: the density-weighted distance (DWD).
Model simulations are performed at two different spatial resolutions, match-
ing common practices in hydrology: 500 mx500 m matching regional-scale
models, and 40 kmx40 km matching global-scale modelling. We investig-
ate both the intra-basin response in seasonal streamflow and evapotranspir-
ation from the high-resolution model, as the difference induced by the two
different spatial resolutions, with a focus on four seasonal extremes, selected
based on temperature and precipitation. Results from the high-resolution
model show that the intra-basin response covers a surprisingly large range
of anomalies, and show that it is not uncommon to have both extreme pos-
itive and negative flux anomalies occurring simultaneously within a catch-
ment. The intra-basin response was grouped by land cover, where different
dominant runoff-generating processes are driving the differences between
these groups. The low-resolution model failed to capture the diverse and con-
trasting response from the high-resolution model, since neither the complex
topography nor land cover classes were properly represented. DWD values
show that, locally, the hydrological response simulated with a high-resolution
model can be a lot more extreme than a low-resolution model might indi-
cate, which has important implications for global or continental scale as-
sessments carried out at coarse grids of 0.5°x0.5° or 0.25°x0.25° resolution.

“Make that choice to be okay
There’s nothin’ to it when you're makin’ it rain”

—Two Door Cinema Club, Talk (2019)
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41 | Introduction

In current distributed hydrological modelling, we identify two approaches at
opposite ends of the scale of application. On the one hand studies are per-
formed at global scale, and on the other hand studies are performed at re-
gional or basin scales. The modelling approach generally affects the choice of
spatial resolution, one of the key modelling decisions in hydrological model-
ling (Melsen et al, 2019). Most global studies are run at rather coarse spatial
resolutions (often at 0.5°x 0.5°) to investigate trends in the terrestrial water
cycle as result of recent and projected changes in climate conditions (e.g., Lu-
terbacher etal, 2004; Sanchez et al, 2004; Barnett et al, 2005; Beniston et al,,
2007; Sheffield & Wood, 2008; Adam et al, 2009; Sheffield et al, 2012; van
Huijgevoort et al, 2014; Jacob et al,, 2014). These studies often rely on stand-
ardised values such as the standardised precipitation index (SPI) or standard-
ised runoff index (SRI) in order to quantify differences between different cli-
matic regions across the globe. Although recent global hydrological models
are slowly shifting from relatively coarse resolutions to very fine resolution
("hyperresolution”, ~1 kmx1 km), this is not yet the state of the art (Wood
et al, 2017; Bierkens, 2015; Bierkens et al, 2015). It is known that global simu-
lations at high resolution improve predictions at small local scales (Bierkens
et al, 2015). However, these global studies are limited by a lack of input data
at hyperresolution or a lack of computational power (Beven & Cloke, 2012;
Beven et al, 2015; Melsen et al, 2016b). As a result, most of the global studies
are still performed at a relatively coarse resolution. Even when global mod-
elling at hyperresolution becomes state of the art, the question remains as
to how we should deal with simulations at these fine spatial scales, since the
models parameterisations are developed on a coarser scale (Clark et al,, 2017,
Peters-Lidard et al,, 2017).

Another type of hydrological study are those at basin or regional scales.
These studies mostly use distributed hydrological models to simulate the
hydrological response under climate change or climatic extremes (e.g., Mid-
delkoop et al, 2001; Hurkmans et al, 2009; Driessen et al, 2010; Hurkmans
et al, 2010; Wong et al, 2011; Immerzeel et al, 2012). Typical resolutions
for these studies are similar to the previously mentioned hyperresolution or
even finer. Since these studies have a narrower spatial focus than the global
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4| The role of model resolution during seasonal hydrological extremes

simulations, high-resolution data are often more easily accessible and the
computational power is less of a limiting factor. Since it is typically assumed
that there is no important discrepancy between dynamics at the local scale
and those at larger scale, results are often not standardised.

Both global and regional studies focus on reaching similar goals, yet with dif-
ferent methodologies. So far, no study has investigated how these two meth-
odologies connect and how the modelling approach affects the results. The
effect of model resolution on the simulated response has been investigated
by numerous studies, either for regional climate models or for hydrological
models (e.g, Haddeland et al, 2002; Leung & Qian, 2003; Carpenter & Geor-
gakakos, 2006; Gao et al,, 2006; Lucas-Picher et al, 2012; Pryor et al, 2012,
Lobligeois et al, 2014; Kumar et al, 2016; Melsen et al, 2016a). The major-
ity of these studies agree that an increased resolution leads to more real-
istic model results, as small-scale variability is better represented. However,
no study has investigated how anomalies in the simulated hydrological re-
sponse depend on the modelling approach, or what the distribution of these
anomalies within complex basins looks like.

In this study, we aim to bridge the large-scale (climatological) and regional-
scale (hydrological) approaches by quantifying how the simulated hydrolo-
gical response depends on spatial resolution, including within-basin com-
plexity. Despite the large body of literature addressing the problem of scal-
ing in hydrology (e.g., Klemes, 1983; Dooge, 1986, 1988; Bloschl & Sivapalan,
1995; Feddes, 1995; Kalma & Sivapalan, 1995; Bierkens et al,, 2000; Beven,
20071; Bldschl, 20071; Sivapalan et al, 2004; McDonnell et al, 2007; Sposito,
2008), a limited number of tools to quantify this problem are proposed. Our
study presents a new metric to quantify the difference between a range of
values with a single value: the density-weighted distance (DWD). We use the
recently developed Spatial Processes in Hydrology (SPHY) model to simulate
five basins in the Swiss Alps, a region which is know for large variationsin land
cover and elevation (Gurtz et al, 2003; Verbunt et al, 2003; Jolly et al,, 2005;
Schaefli et al, 2007; Zappa & Kan, 2007; Bavay et al., 2013; Speich et al, 2015).
Each basin is simulated at two resolutions: a typical resolution for regional-
scale models (~500 mx500 m, also matching hyperresolution), and a typical
resolution for global scale models (~40 kmx40 km, matching a 0.5°x0.5°
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pixel). Model results from both resolutions are compared and differences
are quantified using the DWD metric. Since many hydrological processes are
nonlinear or depend on thresholds, we expect that the modelling approach
can greatly affect the model results. These nonlinearities and thresholds im-
ply that a small change in input data or initial conditions can lead to relat-
ively large changes in hydrological response. When scaling over homogen-
eous catchments, the resulting nonlinear behaviour is typically preserved.
However, when scaled over heterogeneous catchments, the resulting hydro-
logical behaviour might not be trivial. For example, Bloschl et al. (2013b) in-
vestigated the 2013 flood of the Danube river caused by extremely heavy pre-
cipitation. They found that the discharge peak could have been higher, since
not all precipitation fell as rain. In parts of the catchment that were high
enough for the temperature to stay below 0°C, a fraction of precipitation fell
as snow and did not directly contribute to the discharge. Teuling et al. (2013)
showed that evaporation increased during droughts, based on data from sev-
eral headwater catchments in Europe. This was explained by the lack of rain-
fall coinciding with reduced cloud cover and increasing net radiation, which
out-weighted the effect of lower soil moisture conditions. Jolly et al. (2005)
studied how vegetation responded to the extreme summer of 2003 in the
Swiss Alps. They found that vegetation response was not homogeneous, but
showed different responses depending on the elevation zone. Finally, catch-
ments in the Swiss Alps are known to show complex behaviour due to the
non-trivial response of snow and glaciers to extreme events (Verbunt et al,
2003; Zappa & Kan, 2007; van Tiel et al,, 2018). These examples indicate the
complexity of the hydrological response and the variability in time and space
in these regions. Therefore, we hypothesise that the spatial resolution will
play an important role in the simulated response, since many hydrological
processes during extremes are inherently nonlinear combined with the fact
that most of the variability occurs at scales smaller than the spatial resolu-
tion of global hydrological models.
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Table 4.1 | Statistics for each catchment (FOEN, 2016).

Main river basin Reuss Rhone Inn  Emme Thur

FOEN station ID 2056 2346 2403 2155 2181

Name outlet station  Seedorf Brig  Cinuos-chel Wiler Halden

Outlet elevation (m a.s.l) 438 667 1680 458 456
Surface area (km?2) 832 913 736 940 1085

Mean elevation (m a.s.l.) 2010 2370 2467 860 910
Glaciation (%) 95 24.2 8.5 0.0 0.01

Mean annual precipitation (mm) 1729 1339 1501 1745 1084

42 | Methods, model and data

421 | Basins

For this study, we selected five mesoscale basins in the Swiss Alps. Not only is
the response of these basins relevant at regional scale, these basins also con-
tribute considerable amounts to large rivers in Europe. For example, the dis-
charge of the Rhine consisted of almost 40% meltwater from the Swiss Alps
during the warm and dry summer of 2003 (Wolf et al, 1999; Stahl et al., 2016).
While not all basins are tributaries to the Rhine, they nonetheless provide
important insight into our understanding of the behaviour of mountainous
catchments. The basins for our study were selected based on size (roughly
corresponding to the 0.5°x0.5° pixel size), elevation range, land cover, data
availability and minimal human influence (as the model simulates the basins
without reservoirs). Figure 4.1 shows the locations and digital elevation mod-
els of all catchments. Please note that the entire river basin is not always
chosen; see Table 4.1 for the names, station identifiers used by Swiss Federal
Office of the Environment (FOEN) and other characteristics. Two basin cat-
egories can be distinguished: high-elevation catchments with glaciers (Re-
uss, Rhone and Inn) and lower-elevation catchments without glaciers (Emme
and Thur). We will refer to those basin categories as Alpine and pre-Alpine,
respectively.

4.2.2 | Data

The model is forced with daily precipitation and temperature from Meteo-
Swiss (MeteoSwiss, 2013, 2016). All forcing data are provided at a resolution
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Figure 4.1 | Overview of the location (a) and elevation (b) of the five basins used in this
study. Names of the main river basin are plotted above the catchment border in panel
a. Each box in panel b corresponds to an area of ~40 km x40 km.

of approximately 2 km x2 km. We focus on the period from 1993 to 2014, and
selected four seasons with unusual precipitation and/or temperature val-
ues (winter of 1995, spring of 2007, summer of 2003 and autumn of 2002;
see Section 4.31 for more details). Land cover data were obtained from WSL
(2016) and grouped into four classes: forest, grass, glacier and other. The lat-
ter class combines all sparse vegetation types, bare soil and rocks. Discharge
observations are obtained from FOEN (2016). Catchment elevation, delin-
eation and stream network are derived from the digital elevation model of
Jarvis et al. (2008).
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4.2.3 | Hydrological model

The SPHY model was used to simulate each basin at both resolutions. SPHY
is a spatially distributed conceptual hydrological model, including repres-
entations of rainfall-runoff, cryosphere, evapotranspiration and soil mois-
ture processes, as well as their nonlinearities and thresholds (Terink et al,
2015). The model runs on a daily time step and a user-defined spatial resol-
ution. Subgrid variability is taken into account via cell fractions, but only for
snow and glacier fractions. SPHY has been applied in several studies around
the globe, yet the study area of most studies are situated in the Himalayas
(Lutz et al,, 2013, 2014; Terink et al,, 2015; Lutz et al,, 2016; Hunink et al, 2017,
Wijngaard et al,, 2017; Terink et al,, 2018). A schematic overview of the model
concept is presented in Figure 4.2. Based on the daily average temperature,
SPHY determines whether precipitation will fall as snow or rain. The liquid
precipitation will fall on the land surface, where part of the water can be dir-
ected totheriveras surface runoff, depending on the volume of water already
present in the root zone. The remainder infiltrates into the root zone, where
it is subject to evapotranspiration based on the type of land cover. Water
in the root zone can either percolate to the subzone, or be transported to
the river network as lateral flow. From the subzone, water can either move
upward into the root zone as result of capillary rise, or can percolate to the
groundwater layer. Water in the groundwater layer will contribute to the
river discharge as baseflow. Solid precipitation is added to the snow storage,
where melting of snow is diverted to the stream network as snow runoff. Fi-
nally, part of the grid cell can consist of glaciers. A fraction of the melted ice
is added to the groundwater storage, and another fraction is transported to
the river as glacier runoff. The glaciers in SPHY are fixed in space and time,
so glaciers cannot extend and retreat. More information about the model
structure and parameterisations are provided by Terink et al. (2015).

4.2.4 | Model setup and calibration

SPHY was applied to each basin at two different resolutions: at
~500 mx500 m (corresponding to the regional-scale resolution, and
hyperresolution), and at ~40 km x40 km (corresponding to the global scale
resolution of 0.5°x0.5°). This latter resolution implies that each basin
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Figure 4.2 | Schematic overview of the conceptualisation in SPHY. Blue arrows represent
fluxes contributing to total runoff generated in each model cell and small grey arrows
represent fluxes between the different reservoirs. Overview is based on the more de-
tailed concept by Terink et al. (2015).

was simulated as a single pixel. All input data were resampled to match
the spatial resolution of the hydrological model. For the high-resolution
model we used bilinear interpolation to resample the forcing data for the
high-resolution model, and we averaged all cells within the 40 kmx40 km
pixel for the low-resolution model. SPHY was calibrated individually for
both resolutions and all basins using the L-BFGS-B algorithm (Zhu et al,
1997), by minimising the sum of squares of the residuals between monthly
simulated and observed discharge. SPHY was calibrated over a period of 5
years (1997-2001), where the preceding year was used as spin-up period.
These years were chosen to include both a relatively wet year (1999) and
two relatively dry years (1997 and 1998). Four parameters were selected
for calibration, all of which were found to influence the monthly discharge:
root zone depth, degree-day factor for snow melt, a parameter determining
the fraction of water that can refreeze in the snow pack, and the critical
temperature describing the point where precipitation falls as snow. Since
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the L-BFGS-B algorithm is highly sensitive to the initial parameter guess, 10
different starting parameters sets were generated using Latin hypercube
sampling to cover the parameter space (McKay et al, 1979). The calibration
resulted in 10 new parameter sets per region and model type, and we
selected the parameter set with the highest Kling—Gupta efficiency (Gupta
et al, 2009). Using this parameter set, SPHY was run from 1993 to 2014,
where the first year was used as a spin-up period, resulting in 21 years of
data used for analysis.

425 | Anomalies and metrics

In this study, we only focus on the runoff and actual evaporation responses.
We averaged all model output over 3 months, grouping the hydrological
response according to season: December, January and February for winter
(DJF); March, April and May for spring (MAM); June, July and August for
summer (JJA); and September, October and November for autumn (SON).
Standardised anomalies are used to quantify the magnitude of the deviation
within each season and are calculated for each individual model cell, using

the following equation:
s

s _
z5 =2, (41)

where ZZ is the dimensionless standardised anomaly of variable x for year i
in season S, x7 is the value of variable x for year i in season S, 3 is the mean
of variable x in season S, and ¢ is the standard deviation of x based on the
same period. We note that most often climatologies are calculated based on
time series of 30 years or more. We were not able to generate 30 years of
data, because we only had sufficient data for the period 1993-2014. Since
the focus of this chapter is not on the absolute values, but on the patterns
and relations, we do not expect different conclusions when longer time series
would have been used.

Since the goal of this chapter is to compare results from a high-resolution
model with results from a low-resolution model, we require a suitable met-
ric to quantitatively evaluate the difference between those results. Based
on the previously discussed methodology, the high-resolution model out-
puts a distribution of values, which needs to be evaluated against a single
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value from the low-resolution model. Ideally, the metric provides robust in-
formation regardless of the shape of the distribution of the results from the
high-resolution model. Acommon option would be to calculate the percent-
ile score of the low-resolution model result within the high-resolution model
results. However, the percentile score does not provide information about
the size of the error between the high- and low-resolution models. Another
option would be the root mean square error (RMSE). The RMSE can be re-
written in terms of mean and variance, resulting in the following equation:

RMSE = /02 + (4 — Ziow res)’ (42)

where ¢2 and u are the variance and mean of the (normalised) high-
resolution model results and Zy,, s is the low-resolution model result. How-
ever, when working with skewed or bimodal data (as visible in Figure 410), the
mean and variance are not sensible measures to describe the distribution of
values.

Therefore we propose a new metric, which provides a measure of the distance
between a single point and a distribution of values, regardless of the shape
of the distribution. This metric includes information not only on the differ-
ence in mean or median, but also on the width of the underlying distribution
that the single value tries to represent. We call this new metric the density-
weighted distance. DWD measures the distance between a single pointand a
range of values, weighted by the density of data that are present between the
single pointand the extent of the range of values. The extent is measured us-
ing the 5-95% range to exclude the outliers, and the distances between the
single point and the minimum and maximum extent are multiplied by the
percentile of data within this distance. DWD is defined as follows:

DWD = Wiower * diower + Wupper : dupperu (43)
P, — P
Wiower = max <O, min (1, M)) , (4.4)
PUPPeY - Plower
P, — P
Wipper = max (O, min (1, w)) , (4.5)
upper — Plower
dlower = Zlow_res - Zlfi?h,res’ (46)
dupper = Z}?ng“ﬁ_res - Zlovv_res: (47)
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Flat Normal

1.54 95% range

Percentile: 0.00 Percentie: 0.80
RMSE: 2.50
507 | owD 25%: 2.50
DWD 5%: 2.50

Skewed Bimodal

Standardized anomaly [-]

Standardized anomaly (-]

-0.75+ Piow_res = 0.25

5% range
Percentile: 0.80
RMSE: 1.68

DWD 25%: 1.88
DWD 5%: 2.99

(2) (b)

Figure 4.3 | The concept behind density-weighted distance (a) and comparison between
different metrics (b). Substituting the values from panel a into Equation (4.3) gives the
following result: DWD ~1.92. The violin plots in panel b represent the distribution of the
high-resolution model results and the diamond the single low-resolution data point.
The large box in panel b represents the 5-95% data range, and the smallest box the
25-75% data range.

where Woper and Wpper are the weights used to weigh the distances digyer
and dypper- Piow res 1S the percentile of Zg,, res Within Zygn res. Both weights are
corrected for the selected extent of the data (Pwer and Pypper, default to 5%
and 95%), and corrected between 0 and 1if the Py, (es is outside the selec-
ted extent. The DWD concept is visualised in Figure 4.3a. A property of this
formulation is that high DWD values can mean two things: either that the
low-resolution model result is outside the range of values simulated with the
high-resolution model, or that the high-resolution model results have high
internal variability. This metric is aimed to measure the latter. We advise to
always interpret DWD results together with the violin plots, to more easily
identify cases where the low-resolution model result is outside the range of
the results from the high-resolution model .

The DWD can be interpreted as the difference in terms of number of stand-
ardised anomalies. DWD is zero when the high-resolution data have zero
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variability, and when the difference with the low-resolution model results
is also zero. If the high resolution data have zero variability, but the result
from the low-resolution model is outside of this range, DWD will give the dis-
tance between the low- and high-resolution data, measured in the number
of standardised anomalies (see the “Flat” subplot in Figure 4.3b.).

In order to illustrate the concept behind DWD and compare it to the previ-
ously mentioned metrics, Figure 4.3b shows the different metrics using four
synthetic example. The example with the “Flat” distribution assumes no vari-
ability in the high-resolution model results. As a consequence, the violin plot
is a horizontal line. Since there is no variability in the high-resolution model
results, RMSE and DWD give the same values. The percentile value is equal to
zero, since the low-resolution model result is outside of the high-resolution
model results. The three other examples in Figure 4.3b illustrate that the
percentile score does not give sufficient information to draw conclusions
about the performance of the low-resolution model, since they all received
the same percentile score. The RMSE is able to catch the differences between
the last two cases, butit does notaccurately display the distance between the
range of data from the high-resolution model and the single point from the
low-resolution model. Furthermore, when working with skewed or bimodel
data, the mean and variance are not the best indicators for the distribution
of values. In contrast, DWD combines the spread of the high-resolution res-
ults with the density of data points, resulting in a more sensible measure
when dealing with skewed or bimodal data. We also compared the effect of
selecting a different data range: 25-75% instead of 5-95%. We conclude that
this mostly influences results in terms of absolute size, but does not alter
the relative differences much. We expect that when using the 25-75% range,
low-resolution model results will be more often outside of this range than
when using the 5-95% range. Furthermore, we assume that all grid cells in
the high-resolution model are equally important and will therefore use the
largest data range to calculate the DWD, only excluding the outer 10% to re-
move any undesired behaviour resulting from outliers.
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4.3 | Results and discussion

431 | High-resolution simulations

The key focus of this work is the catchment response to extreme seasons. To
identify those extreme seasons, standardised precipitation and temperature
anomalies are calculated for each season and basin (see Figure 4.4). Since
patterns are similar across the two catchment types, the results of only two
basins are shown in this figure. It should be noted that due to averaging val-
ues over3months, itis very likely that extreme events with a shorter duration
are averaged out in this 3-monthly time step.

The highlighted dots in Figure 4.4 show the extreme seasons selected for this
study, for which the hydrological response is analysed. The seasons were se-
lected based on unusual precipitation and/or temperature values: winter of
1994-1995, spring of 2007, summer of 2003, autumn of 2002. Brénnimann
etal. (2007) and MeteoSwiss (2017) both mention the high temperature dur-
ing the spring of 2007 in Switzerland. The extremely warm and dry summer
of 2003 is known to be the most extreme summer in at least the last 500
years (Luterbacher et al, 2004; Zappa & Kan, 2007; Seneviratne et al, 2012).
The extremely heavy precipitation during November 2002 caused mudflows
in eastern Switzerland (Schmidli & Frei, 2005). No literature reference was
found for the unusually wet winter of 1994-1995.

The colours of the circles indicate the discharge anomalies. Discharge an-
omalies in the pre-Alpine basin seem to follow a distinct pattern, where high
precipitation values often coincide with high positive discharge anomalies,
and vice versa. Temperature also seems to influence discharge anomalies in
the pre-Alpine basin, but this relation is less evident. The Alpine basin shows
amuch more random pattern, without any clear relation between temperat-
ure and/or precipitation. This indicates that the runoff-generating processes
are not consistently driven by either precipitation or temperature, but by a
combination of both.

The calibration results for each basin are presented in Figure 4.5a. This fig-
ure shows high Kling—Gupta efficiencies for all basins, indicating good model
performance. In all basins, the high-resolution model shows higher KGE val-
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Figure 4.4 | Relation between climate anomalies and observed discharge anomalies.
Each dot represents a single season and is coloured with the corresponding standard-
ised observed discharge anomaly. Dots with a black outline represent the selected ex-
treme seasons (winter of 1995, spring of 2007, summer of 2003 and autumn of 2002).

ues than the low-resolution model, yet the values for the low-resolution
model still show relatively good performance. Only the winter discharge in
the Alpine basins is underestimated by the model, at both resolutions. Dis-
charge observations show an almost constant outflow during winter, which is
most likely the result of human interference (reservoirs) (Fatichi et al., 2015).
SPHY is not able to simulate this constant outflow and simulates discharge
values close to zero. As a means of validating the model, we presented the
spread (monthly standard deviation) around the monthly average discharge
in Figure 4.5b, excluding the years used for calibration. The high-resolution
model again shows better values than the low-resolution model, and the
spread around the mean matches better than the low-resolution model.
Overall, the low-resolution modelis able to accurately simulate these basins,
yet the lack of spatial variability ensures that the high-resolution model is
able to reach better performance.

Hydrological response maps for the two main hydrological fluxes (actual
evapotranspiration, ET, and generated runoff) during each extreme season
are presented in Figure 4.6. Grid cells are coloured by their cell-specific stand-

77



4| The role of model resolution during seasonal hydrological extremes

(a) Calibration (b) Validation
Reuss KGE high_res: 0.89 KGE high_res: 0.89
KGE low_res; 0.56 KGE low_res: 0.68
10 A A F
AM/)DAU\J \U" A “:’\\
04 & rod = — Al | = =
Rhone KGE high_res: 0.82 KGE high_res: 0.84
KGE low_res: 0.63 KGE low_res: 0.75
7 10 A ‘
> f \)\ f \ , e 7\
T ol — —  NJ ||
E Inn KGE high_res: 0.83 KGE high_res: 0.79
= KGE low_res: 0.60 KGE low_res: 0.67
[
2 104 \
CINANMNAMN|_Ae
RN AL WA AN :
2 Emme KGE high_res: 0.77 KGE high_res: 0.55
E KGE low_res: 0.59 KGE low_res: 0.36
é 10 1
A R
§ 0. K,V/MA\.&M/\W\: I ——
= Thur KGE high_res: 0.95 KGE high_res: 0.90
KGE low_res: 0.82 KGE low_res: 0.70
10 A /\
\ A N
I~ YW ~ T~
0 M&N@\PJ\J\’W \\’\:/VL v || ———=
1998 2000 2002 Feb May Aug Nov
—— Q observed —— Qsim low_res —— Q sim high_res

Figure 4.5| Discharge observations compared with discharge simulations for (a) the cal-
ibration period and (b) validation based on the monthly average discharge. In the top
right corner of each subplot in panel a the Kling-Gupta efficiency (KGE) is presented.
Therange in panel b is plotted as the standard deviation around the mean monthly dis-
charge, where the black lines indicate the lower and upper (mean =+ standard deviation)
observed monthly discharge. Kling—Gupta efficiencies in these subplots are calculated
over the entire simulation period, excluding the calibration years.

ardised anomalies. ET anomaly maps are only shown for spring and summer
periods, when this flux is most important. During the two other seasons,
large parts of the basins are covered with snow, where the model assumes
no ET to occur. The same maps on a monthly time step can be found in Ap-
pendix A. To validate how well these values represent the actual hydrological
response, we compared the output from the high-resolution model with ob-
servations from the research catchment Rietholzbach, situated within the
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Table 4.2 | Comparison between anomalies simulated with SPHY and observed anom-
alies in the Rietholzbach, anomalies are based on the entire simulation period. Winter
and autumn values for evaporation are in italic type, since they are not the focus of this
study due to the fact that SPHY does not allow for evaporation during snow-covered
periods.

Event Runoff Evaporation
Observed Simulated Observed Simulated
DJF 1995 1.68 234 0.86 0.53
MAM 2007 -0.52 -0.27 161 0.98
JJA2003 -215 -217 166 3.61
SON 2002 2.65 2.62 -176 -0.26

Thur basin (see the black dot in Figure 4.6). Evaporation observations were
obtained from a long-term research lysimeter, and runoff was obtained from
discharge observations from this catchment (Seneviratne et al, 2012). Both
discharge and evaporation from the corresponding pixel were extracted from
SPHY, to compare with the observations. We calculated the anomalies over
the entire simulation period. The comparison between the observed and
simulated anomalies can be found in Table 4.2. This table shows that the
simulated anomalies agree well with the direction and magnitude of the ob-
served anomalies. Winter and autumn values for evaporation are in italics,
since they are not the focus of this study due to the fact that SPHY does
not allow for evaporation during snow-covered periods. There is a slight
mismatch between the evaporation anomalies during the summer of 2003,
yet both describe unusually high values. This mismatch can be attributed
to the scale difference between the lysimeter and a single high resolution
SPHY pixel, and the fact that SPHY does not account for all factors influen-
cing evaporation since it uses the temperature-based Hargreaves method.

In Figure 4.6, all basins show roughly the same ET response to the warm
spring conditions in 2007. In the areas with a standardised anomaly of ex-
actly zero, no evapotranspiration was simulated since the cells were covered
with snow. Cells close to this region show a particularly high standardised
anomaly. These cells are free of snow only for a limited time during spring,
distorting the mean and standard deviation used to calculate the standard-
ised anomaly. A more complex response is visible during the extremely warm
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(a) Actual ET (b) Generated runoff
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Figure 4.6 | Spatial distribution of anomalies of actual evapotranspiration (a) and gen-
erated runoff (b) during the four extreme seasons, for all basins. The location of each
catchment can be found in Figure 41. Each box represents a size of ~40 kmx40 km.
The black dot in the Thur basin represents the location of the Rietholzbach research

catchment.

and dry summer of 2003. In three basins, cells at low elevations show a dif-
ferentanomaly sign than the cells at medium to high elevations. In the entire
region, higher temperatures increased the potential evapotranspiration, yet
cells with a negative anomaly evaporated less water than normal. This indi-
catesthatthose cells became water-limited during the course of the summer
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and could no longer meet the potential ET. Cells at high elevations were able
to meet the increased potential ET and evaporated a lot more water than
normal. This lead to a situation in which both negative and positive anom-
alies are present within the same basin, even at seasonal timescale and in
response to a rather homogeneous distribution of temperature anomalies.
Only the Rhone and Inn basins did not show this behaviour, indicating that
the low-elevation cells did not become water-limited over the course of this
summer.

Anomalies in the generated runoff also show a contrasting within-basin re-
sponse, in particular in the Alpine basins. Here, cells with low elevations
show a different anomaly than the cells at high elevations. This dependency
between anomaly and elevation is not visible in the pre-Alpine basins, where
all model cells show roughly the same response. The cause of this difference
between the two basin types will be further investigated below in Figure 4.8.
Previously, we mentioned that the unusually wet autumn of 2002 was mainly
due to a period with unusually high precipitation in November. The anom-
alies of the other seasons were mainly caused by a succession of multiple
months with unusual temperature and/or precipitation values, so we chose
to use a consistent time scale of three months throughout the chapter. We
also analysed the hydrological response on a monthly timescale, but con-
cluded that the response maps for November 2002 were not too different
from the response maps for the autumn of 2002 (see Supplement).

The spatial variability (as expressed by the standard deviation, ¢) of both
fluxes is plotted against the average forcing for all seasons in Figure 4.7. Here
the standard deviation is used as a measure of complexity, with large ¢ val-
ues indicating a highly spatially variable and thus complex hydrological re-
sponse. This figure gives insight into how the response complexity varies
with basin average forcing. The precipitation—evapotranspiration plot was
excluded since the graph consisted of random scatter, without a clear rela-
tion.

Spread in the actual evapotranspiration response seems related to temper-
ature (Figure 4.7a), where higher temperatures result in larger ET standard
deviations. As mentioned earlier, potential evapotranspiration will increase
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Figure 4.7 | Relation between spatial standard deviation (¢) of simulated hydrological
response and basin-averaged weather conditions: temperature versus evapotranspira-
tion o (a), temperature versus runoff ¢ (b), precipitation versus runoff ¢ (c). Each point
represents a single season in the 1994-2014 period. A linear regression through these
pointsisrepresented asasolid line, with the shaded area indicating the 95% uncertainty
range.

with higher temperatures, but so does the number of water-stressed cells.
This combination increases the spatial ¢ for evapotranspiration and is vis-
ible in almost all basins and seasons.

Standard deviation of generated runoff seems most sensitive to temperat-
ure during summer and autumn; see Figure 4.7b. The two catchment types
show a different response: the runoff ¢ increases with temperature in the
Alpine basins, while runoff ¢ decreases with temperature in the pre-Alpine
basins. The cause for this difference is the presence of glaciers: glacier melt
will increase with higher temperatures, while regions without glaciers will
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evaporate more. This contrast results in an increasing c with temperature in
the Alpine basins, and in a decreasing o with temperature in the pre-Alpine
basins. Please note that the average temperatures in both catchment types
show hardly any overlap, making it difficult to identify how the basins would
respond to the same temperature values.

The influence of average precipitation on the runoff ¢ seems smaller (Fig-
ure 47¢). However, in the simulation period we selected, there is a correla-
tion between temperature and precipitation. During winter, only the pre-
Alpine basins show a response in runoff ¢ to precipitation. The lack of re-
sponse in the Alpine basins is related to temperature: the average winter
temperatures in these basins hardly reaches values above 0°C, where precip-
itation will fall as snow and does not directly contribute to runoff. A more
pronounced relation between precipitation and runoff ¢ is visible in summer
and autumn, where ¢ in the Alpine basins decreases with increasing precipit-
ation and vice versa in the pre-Alpine basins. However, the Alpine regression
lines are strongly influenced by the extremely warm and dry summer of 2003:
without this season, the regression lines would have been much more hori-
zontal. Since there is only one season this extreme in the 21 years of simula-
tions, it remains difficult to separate the effects induced by temperature or
by precipitation. The autumn period shows a similar response to that of the
summer months, but the relation with temperature needs to be taken into
account again. As is visible in Figure 4.4, seasons with unusually high pre-
cipitation are often related to lower temperatures, while seasons with less
precipitation are often paired with higher temperatures, independent of the
basin. This could indicate that the relation between precipitation and runoff
o might be the inverse of the temperature—runoff o relation.

To gain a better understanding of the hydrological behaviour within each
basin, the standardised anomalies of each individual grid cell are plotted
against elevation in Figure 4.8. We again only show results for one basin of
each catchmenttype, since the response patterns were similar across the dif-
ferent basins. The forcing anomalies show very little spread: the 95% confid-
ence interval is almost always thinner than the plotted line, making it barely
visible. Spread in runoff anomalies is bigger than the spread in forcing an-
omalies in both catchment types, making it impossible to explain the hy-
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Figure 4.8 | Relation between elevation and hydrological response coloured by land
cover type, presented for the Reuss (a) and Thur (b) basins. Each point represents the
standardised anomaly for a single model cell, based on the data in Figure 4.6. The solid
and dotted lines show the smoothed precipitation and temperature anomalies, with
the shaded area showing the 5-95% data range. Land cover type “other” represents all
sparse and bare vegetation types.

drological response solely by the forcing anomalies. Each dot in Figure 4.8
is coloured by land cover. Land cover shows a clear correlation with eleva-
tion, most visibly in the Alpine basin. The pre-Alpine basins did not contain
any glacier cells and only a limited number of sparse or bare cells. This is ex-
plained by their more limited elevation range compared to the Alpine basins
(see Figure 4.1b).

The hydrological responses can be grouped according to land cover class:
“forest” and “glaciers” nearly always show a different response within the
same basin and season, where “grass” and “other” are covering a gradual tran-
sition between the two groups. This grouping can be explained by the runoff-
generating processes. Areas at high elevation generate runoff by meltingice
and snow (if present), while areas at low altitudes rely on root zone and/or
groundwater processes. The latter are mostly driven by the amount of avail-
able water (water-limited), while runoff from ice and snow is mostly depend-
entontheincoming energy (energy-limited). This dependency is most visible
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in Figure 4.8a, where the hydrological anomalies at lower elevations coincide
with the sign and size of the precipitation anomaly, while hydrological re-
sponse shifts towards the temperature anomaly at higher elevations. Due to
theinsufficient “other” and “glacier” cells in the pre-Alpine basin, this relation
is not as evident as in the Alpine basin. In the pre-Alpine basin, runoff an-
omalies seem to follow precipitation anomalies, indicating that the runoff-
generating processes are mostly driven by available water (Figure 4.8b). This
grouping of different responses matches with different zones defined by
Theurillat & Guisan (2007): colline, < 700 m; montane, 700-1400 m; sub-
alpine, 1400-2100 m; alpine, 2100-2800 m; nival, > 2800 m. These zones
match with the different land cover classes defined in our study: the first
class is not represented in basin Reuss, montane corresponds to the “forest”
group, subalpine to the “grass” group, alpine and nival to the “other” and “gla-
cier” groups. A study by Jolly et al. (2005) described that these zones could
also be used to group vegetation responses to the extreme summer of 2003.
Furthermore, Fatichi et al. (2015) showed that changes in discharge as res-
ult of climate change show a clear relation with elevation, where catchments
with high average elevation are expected to see the biggest decrease in mean
discharge, while catchments with low average elevation are expected to see
asmallincrease in mean discharge. Our results combined with these studies
indicate that elevation and thus vegetation cover are controlling the hydro-
logical response to extreme seasons.

Our results may be influenced by characterisations defined within the model.
For example, the limited evapotranspiration of snow-covered cellsis a choice
made by the developer of SPHY. One could argue whether this is realistic. Fur-
thermore, the glaciers in SPHY are fixed in location and extent. The import-
ance of dynamical glaciers is investigated by van Tiel et al. (2018) and they
conclude that using a dynamical glacier module is most important for long-
term studies. The simulation period of our study was rather short, and we
therefore expect only minor differencesin the location and extent of the gla-
ciers over our time period. We do not expect any major different results and
conclusions as result of those characterisations within SPHY.
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4.3.2 | Impact of model resolution

With improved understanding of the hydrological response to extreme sea-
sons when simulated at high resolution (matching the regional-scale stud-
ies), we can now compare those results to the model output when the basins
are simulated on a 0.5°x 0.5° resolution (matching the global-scale studies).
Firstly, we compare how well the aggregated high resolution response cor-
responds with the low-resolution model, see Figure 4.9. All pixels within
the high-resolution model are averaged and compared with the anomaly
calculated for the low-resolution model. Ideally, the low-resolution model
should match the aggregated high-resolution model response. This figure
shows that generally both models simulate the same trend, yet the order
of magnitude of the anomaly does not always match. The presented aver-
age difference represents the mean absolute difference between the high-
and low-resolution model results. This value shows that the resolution dif-
ference generally causes a bigger disagreement in the Alpine basins than in
the pre-Alpine basins. Overall, the runoff simulated with the low-resolution
model matches the high-resolution model relatively well. This is in line with
the conclusions from Kling & Gupta (2009), who stated that lumped models
are able to reach similar runoff predictions to those of a distributed model.
However, when investigating local responses, the prediction from the low-
resolution model might not be representative.

Next, we compare how the range of values from the high-resolution model
compare to the low-resolution model in Figure 410. In this figure, output
from only two basins is shown since results were similar across basins of the
same catchment type. High-resolution model responses are clearly not nor-
mally distributed, but have a bimodal or skewed distributions. Response of
the pre-Alpine basin shows less variation than the Alpine basin, which was
also visible in Figure 4.8. In all cases, the low-resolution model anomaly is
within the high-resolution model anomaly range, but does not show a con-
sistent position within this range. This figure makes it difficult to quantify
the differences between the low- and high-resolution models.

For each hydrological flux, basin and extreme season, the DWD is calculated
and presentedin Table 4.3. This table shows that the runoff DWD in the Alpine

86



4.3 | Results and discussion

3 Generated runoff Evaporation
® DJF 1995 . .
T 5 MAM 2007 o e 4 .
> ® JJA2003 L]
2 ® SON 2002
E 1 3
o .
e T e e
& o
c
s 0
5 ° 2 °
[ 1 Average difference St Average difference
- ° Reuss: 0.93 Reuss: 1.09
= e o Rhone: 0.97| 171 . Rhone: 0.33
S o] Inn: 0.66 Inn: 1.11
° Emme: 0.21 Emme: 0.76
° Thur: 0.32| 04 ® Thur: 0.34
-2 -1 0 1 2 3 1.0 1.5 2.0 2.5

Average high resolution anomaly [-]

Figure 4.9 | Comparison between the average high-resolution model response and the
low-resolution model response, for the generated runoff. Colours indicate the different
extreme seasons, and the dotted line represents the 11 line.
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Figure 410 | Model response to extreme seasons for both generated runoff (a) and ac-
tual evapotranspiration (b), where violin plots represent the high-resolution model re-
sponse and the diamond the low-resolution model response.

basins is generally higher than the DWD in the pre-Alpine basins (average
Alpine DWD =2.90 and average pre-Alpine DWD = 0.90). This is also visible in
Figure 410, where the pre-Alpine runoff violin plots cover a smaller anomaly
range than the Alpine violin plots. These averages indicate that the high-
resolution model anomalies can deviate with 2.61and 0.81 standardised an-
omalies from the low-resolution modelanomaly in the Alpine and pre-Alpine
basins, respectively. This illustrates that in these areas, the local hydrological
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Table 4.3 | Scale mismatch between the high- and low-resolution models as measured
by DWD, for both hydrological fluxes during the four extreme seasons.

Basin Total generated runoff Actual ET
DJF1995 MAM?2007 JJA2003 SON2002 MAMZ2007 JJA2003
Reuss 2.63 231 4.81 2.58 2.44 370
Rhone 2.86 2.82 4.29 1.88 0.85 152
Inn 2.40 1.82 4.56 1.84 4.36 219
Emme 1.25 033 0.79 1.01 0.46 5.96
Thur 0.97 073 1.48 0.66 0.62 4.33

response can be a lot more extreme than the low-resolution model might in-
dicate. This effect is largest in the Alpine basins, which can be explained by
the wider range of elevation and land cover types.

The summer of 2003 in the Rhone basins shows a very high DWD value for the
generated runoff. This is due to a combination of a relatively low percentile
score (P = 0.18) and a large distance to the upper 95% anomaly (dypper = 5.57).
A very large portion of the high-resolution model values is close to the low-
resolution model anomaly, implying that a small increase in low-resolution
model anomaly would significantly increase the Py, s values, which would
reduce the emphasis on dpper, decreasing the DWD value; see Figure 4.10b.

Another high DWD value is found for actual evapotranspiration during the
summer of 2003 in the Emme basin (see Figure 410b). The high-resolution
model results show a long tail towards negative anomalies, caused by model
cells which are water-limited during this season. The low-resolution modelis
not able to replicate the response, since the model consisted of only a single
grid cell. This cell was not water-limited during this season, since higher-
than-average ET was simulated. As a result, the low-resolution model is not
able to mimic basin responses which are as far as 5.66 standardised anom-
alies away from the low-resolution model.

Actual evapotranspiration is not only dependent on the amount of available
water, but snow cover is also an important factor. For example. the high DWD
value for evaporation in the Inn basin during the spring of 2007 can be at-
tributed to this response. In the low-resolution model, the cell was free of
snow, allowing the model to evaporate, while in the high-resolution model
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only half the cells were free of snow. The cells covered with snow were not
able to evaporate water, resulting in a large variation in anomalies and thus
a large 5-95% range.

Our results are in line with numerous studies either investigating effects
of model resolution or comparing the performance of lumped models with
(semi-)distributed models. For example, Leung & Qian (2003) studied the
sensitivity of simulation results to model resolution, and concluded that the
high-resolution model was able to better represent the spatial variation than
the low-resolution model. Gao et al. (2006) concluded that the simulations
improved as model resolution increased, since the local dynamics are better
represented in the model. However, as stated by Lucas-Picher et al. (2012)
and Pryor et al. (2012), it is not given that high resolution simulations always
lead to better results, as it becomes challenging to validate the model results
with observations, especially at fine spatial resolutions and/or with large spa-
tial coverage. However, they state that the model might become more phys-
ically plausible if complex processes are better represented at these scales.
As shown by Lobligeois et al. (2014), correct representation of the spatial pat-
terns in precipitation can strongly influence the quality of the simulations in
basins with a lot of spatial variation in precipitation. Boyle et al. (2001) con-
cluded that improvements in model performance were related to the spa-
tial distribution of the model input. Koren et al. (2004) reached a similar
conclusion, stating that their distributed model outperformed the lumped
model in basins with significant spatial rainfall variability. Finally, Carpenter
& Georgakakos (2006) compared a lumped model with a distributed model
and concluded that the gain in performance was dependent on the amount
of spatial variation present in the region of interest. Our study showed that
the difference between the high- and low-resolution simulations is largest
in basins with large spatial variability. In our study, we show that also the
dominant runoff-generating processes are an important factor for the dif-
ferences between the low- and high-resolution model.

The results may be influenced by the fact that the model did not allow for
subgrid variability in land use or soil types, something other models might
have included. When subgrid variability is taken into account, we expect the
low-resolution model results to become less extreme. However, the low-
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4| The role of model resolution during seasonal hydrological extremes

resolution model will not be able to capture the full dynamics simulated with
the high-resolution model, since landscape characteristics still need to be
aggregated to a coarser resolution.

4.4 | Summary and conclusions

In this study, we investigated the hydrological response anomalies in five
catchments in the Swiss Alps at two different spatial resolutions. The catch-
ments were selected based on topography and land cover. Three out of five
catchments are situated at high elevations and contain glaciers (referred to
as Alpine catchments), and the two other catchments are situated at lower
elevations and do not contain glaciers (referred to as pre-Alpine basins). We
ran the distributed hydrological model Spatial Processes in Hydrology (SPHY)
attwo different spatial resolutions to match two common hydrological mod-
elling approaches: at a high resolution of ~500 mx500 m to match regional
scale studies (and matching hyperresolution), and at a lower resolution of
~40 km x40 km to match global scale studies performed at 0.5°x 0.5° resolu-
tion. Model results were aggregated per season and were analysed based on
standardised anomalies. For each season, we selected one season with un-
usual precipitation and/or temperature values within the simulation period
0f 1993-2014: winter of 1995, spring of 2007, summer of 2003 and autumn of
2002.

Results from the high-resolution model show that the intra-basin response
covers a large range of anomalies during the selected seasons, where
contrasting anomaly signs within a single catchment are often occurring.
Within-basin complexity of hydrological response was found to generally in-
crease with the magnitude of the forcinganomaly. The low-resolution model
failed to capture this diverse and contrasting response, since the entire re-
gion was covered by asingle grid cell. The newly introduced density-weighted
distance (DWD) was used to quantify the variability simulated with the high-
resolution model that is missed by the low-resolution model. The DWD in-
dicated that the local response differed on average by more than 2 standard-
ised anomalies from the response simulated with the low-resolution model.
Our results show that results generated with a high-resolution model are not
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only more variable, but anomalies can locally be much more extreme or even
of the opposite sign than a low-resolution model might indicate. This con-
clusion confirms previous results by Melsen et al. (2016a), who found that
results of large-domain models should be interpreted with care because of
a lack of spatial variability in these models. Since our low-resolution model
did not represent sufficient spatial variability, this led to a large discrepancy
between the high- and low-resolution model results.

The variability in simulated response was associated with the different land
cover classes. We found that runoff anomalies matched the temperat-
ure anomalies when the dominant runoff-generating processes are energy-
limited (snow/glaciers), and runoff anomalies matched precipitation an-
omalies when the dominant runoff-generating processes are water-limited
(grass/forest). The two pre-Alpine basins generally showed a different re-
sponse than the Alpine basins, which can be attributed to the smaller vari-
ation in elevation and land cover in these basins. The grouping of responses
in our study matches the elevation classes as defined by Theurillat & Guisan
(2001).
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In this chapter, we introduce a new numerically robust distributed rainfall-
runoff model for computationally efficient simulation at high spatio-
temporal resolution: the distributed simple dynamical systems (dS2) model.
The model is based on the simple dynamical systems approach as proposed
by Kirchner (2009), and the distributed implementation allows for spatial
heterogeneity in the parameters and/or model forcing fields at high spatio-
temporal resolution (for instance as derived from precipitation radar data).
The concept is extended with snow and routing modules, where the lat-
ter transports water from each pixel to the catchment outlet. The sens-
itivity function, which links changes in storage to changes in discharge, is
implemented by a new three-parameter equation that is able to repres-
ent the widely observed downward curvature in log-log space. The sim-
plicity of the underlying concept allows the model to calculate discharge
in a computationally efficient manner, even at high temporal and spatial
resolution, while maintaining proven model performance. The model code
is written in Python in order to be easily readable and adjustable while
maintaining computational efficiency. Since this model has short runtimes,
it allows for extended sensitivity and uncertainty studies with relatively
low computational costs. A test application shows a good and constant
model performance across scales ranging from 3 km? to over 1700 km?2.

“It's alright
'Cause the old can feel brand new”

—The Maine, Same Suit, Different Tie (2015)
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5.1 | Introduction

Hydrological models are essential tools for applications ranging from sens-
itivity analysis to impact assessment and forecasting. Generally, the aim
of rainfall-runoff models is to simulate streamflow given precipitation in-
put. Depending on factors such as the research aim and the climatolo-
gical/geological setting, different model structures or process representa-
tions might be preferred. This, in combination with the inherent complexity
and heterogeneity of (sub)surface hydrological processes, has led to the de-
velopment of numerous different hydrological models over the past decades,
each with its own focus. Examples of such rainfall-runoff models and mod-
elling tools include, amongst many others, SWAT (Arnold et al, 1998), HBV
(Lindstrom et al, 1997), TOPMODEL (Beven & Kirkby, 1979), VIC (Liang et al,
1994, 1996), SPHY (Terink et al, 2015), FUSE (Clark et al, 2008), SUMMA (Clark
etal,2015), PCR-GLOBWB (Sutanudjaja etal, 2018) and WALRUS (Brauer etal,
2014). Although there is an ongoing debate about whether the hydrological
modelling community should move towards a community model (Weiler &
Beven, 2015), different models representing a wide range of complexity and
different process representations might be necessary to adequately charac-
terise uncertainty.

Hydrological models are often classified from more conceptual to more
process-based models. Conceptual models have fewer processes explicitly
parametrised, and as a result their limited number of parameters makes
them easier to calibrate. In conceptual models, catchments are often rep-
resented by a series of buckets or storages, which mimic processes with dif-
ferent response times. Their typical scale of application is that of small to
medium (mesoscale) catchments, generally in a lumped fashion. Process-
based models, on the other hand, contain many more parameters. These
models are often applied in a distributed fashion, where many of the para-
meter values are based on maps of vegetation and soil properties. However,
often conceptual parameters remain that require calibration or tweaking.
Even though process-based models should give a better representation of
the physical reality, many models can easily be beaten in performance by a
simple neural network (Abramowitz, 2005), or model results can be repro-
duced without much loss of accuracy by models with a much smaller num-
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ber of parameters (Koster & Suarez, 2001; Best et al,, 2015; Liu et al,, 2018). So
if the research aim does not require the use of complex or specific process
representation, simple models will likely outperform more complex models
in many applications.

Whereas conceptual models often perform satisfactorily at the daily resol-
ution at the lumped basin scale, they lack the ability to explicitly simulate
spatially distributed processes that might be needed to accurately predict
streamflow response at larger scales. In a study over a large number of basins
in France, Lobligeois et al. (2014) found that (hourly) model performance
markedly increased from the (lumped) basin scale to a resolution of around
10 km? when using aggregated radar precipitation as model input. Other
studies (e.g. Ruiz-Villanueva et al, 2012) have also highlighted the import-
ance of spatial variability of rainfall, in particular the movement of storms
with respect to the channel network, for flash flood simulation. Another ex-
ample of a spatially distributed process that affects streamflow is the melt-
ing of snow, which can depend both on elevation (via temperature) and as-
pect (via radiation). Comola et al. (2015), for example, showed that aspect
needs to be considered for accurate simulation of snowmelt and runoff dy-
namics in mesoscale catchments. The spatial organisation of the stream net-
work within a basin also affects the response to rainfall, as has been shown by
studies based on the catchment width function or the geomorphological in-
stantaneous unit hydrograph (Kirkby, 1976; Rodriguez-Iturbe & Valdes, 1979).
Thus, a spatial resolution in the order of 1-5 km to capture effects of rain-
fall variability and stream network organisation, combined with a temporal
resolution of 1 h or less to capture individual (convective) rain storms, is ne-
cessary for realistic rainfall-runoff modelling at larger scales.

The need to improve spatially explicit information in hydrological mod-
els aligns with the increasing availability of high-resolution continental-
scale forcing datasets. These include for instance merged radar data (e.g
Huuskonen et al, 2013; Winterrath et al,, 2018), interpolated station data (e.g.
van Osnabrugge et al, 2017; Cornes et al, 2018; van Osnabrugge et al, 2019),
and atmospheric reanalysis products (e.g Albergel et al, 2018). These data-
sets have a spatial resolution in the order of 1 km and a temporal resolution
in the order of 1 h. There is a growing need for easy-to-apply and easy-to-
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adjust models that can exploit the potential of spatially distributed input
data at high spatial and temporal resolution.

Conceptual models have been applied in a (semi-)distributed manner to ac-
count for spatially distributed input data: a lumped model is applied at each
individual grid cell, and water is most often transferred to the outlet using a
post-processing function that accounts for catchment routing. This method
of running the model subsequently for each individual grid cell is, however,
not necessarily the most computationally efficient way to deal with spatially
distributed data, but often the result of historical developments. Whereas in-
creased computational power has driven the application of distributed mod-
els at increasingly fine (spatial) resolution (Melsen et al, 2016b), it has also
led to new challenges: many aspects of distributed modelling, such as uncer-
tainty estimation and (spatial) parameter estimation, require a large number
of runs, which further increases the computational demand. This demand is
in the vast majority of cases too high to be tackled by individual computers,
and thus computational infrastructure such as high-performance clusters
are used. However, there are costs related to this procedure, while the “free”
computational power in the individual computer could be used more optim-
ally. A conceptual model that can deal with high-resolution gridded data to
tackle these kinds of issues in an efficient manner is currently lacking.

An example of a conceptual model that, in spite of its extreme simplicity,
has shown good performance for discharge simulation at the scale of smal-
ler catchments and at fine temporal (hourly) resolution is the simple dynam-
ical systems (SDS) approach introduced by Kirchner (2009). This concept is
based on the assumption that discharge is solely dependent on the total
amount of stored water in a catchment. It translates changes in storage
to changes in discharge using a discharge sensitivity function, without de-
scribing internal catchment processes. This sensitivity function is typically
parametrised by a two-parameter power law, however several studies have
suggested a more complex downward-curving rather than linear behaviour
in double-logarithmic space (Kirchner, 2009; Teuling et al,, 2010; Adamovic
et al, 2015). Moreover, the system parameters can be inferred from stream-
flow recession analysis and potentially from hillslope characteristics (Troch
et al, 2003), potentially removing the need for model calibration (Melsen
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et al, 2014). The model's simplicity has the important advantages that dis-
charge can be simulated based on a single equation — which can easily be
vectorised for distributed implementation — and that the model only needs
to store a limited number of variables, reducing the model output fields —
since storage and discharge are directly linked via the discharge sensitiv-
ity function. Especially this latter part is fundamentally different from the
many “bucket-based” conceptual models, which use storage in conceptual
reservoirs to determine the outflow. In the original test in the humid Plyn-
limon catchments (area 8.70 and 10.55 km?), Kirchner (2009) found Nash—
Sutcliffe efficiencies (NSE) exceeding 0.95 during the model validation when
calibrating model parameters, and efficiencies exceeding 0.90 when para-
meters were obtained from recession analysis. Others have also found the
concept to work well in less humid catchments. Teuling et al. (2010) found
the method to generally work well in the small (3.3 km?) Swiss Rietholzbach
catchment. Although the method can be expected to work best in hilly catch-
ments, Brauer et al. (2013) found the model to produce reasonable efficien-
cies after calibration in the small (6.5 km?) Dutch Hupsel Brook catchment.
Adamovic et al. (2015) reported NSE values exceeding 0.6 for most years in
several Ardechian catchments in the order of 10-100 km?. Given the simpli-
city and good performance of the simple dynamical systems approach at the
spatial (order 10 km?2) and temporal (1 h) resolution required for optimal sim-
ulation of runoff in larger (mesoscale) catchments, combining it with simple
representations of routing and snowmelt should result in a model that sat-
isfies the required criteria outlined in the previous paragraphs. In a first at-
tempt to apply the simple dynamical systems approach spatially, Adamovic
et al. (2016) developed a semi-distributed implementation of the SDS ap-
proach (SIMPLEFLOOD), only using sub-basins to distribute the catchment
and not a grid. This model, however, was not optimised for computational
efficiency and/or numerical stability over a wide range of model parameters
required for optimisation studies, and the code was not made available as
open source.

Here, we present a flexible and computationally efficient distributed imple-
mentation and extension of the simple dynamical systems approach that can
be used to investigate the spatially distributed hydrological response using
data at high spatial and temporal resolution: the distributed simple dynam-
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ical systems (dS2) model. Our aim was not only to create a model that is
capable of computationally efficient simulations of discharge in mesoscale
basins at high spatio-temporal resolutions, but also to develop a model code
that is easy to use, read and modify. Therefore, the model is written in Py-
thon, although there are more computationally efficient languages available.
We believe, however, that this is the optimum between model speed and
code adjustability required in most hydrological model studies. In this model|,
the catchment is divided into smaller sections using a regular grid, and dis-
charge is simulated according to the SDS approach for each pixel. This dis-
tributed implementation allows the concept to be applied to bigger catch-
ments, and also allows for spatial heterogeneity, both in the forcing and in
the parameters. Since the original concept consists essentially of only one
differential equation, it can be applied in a computationally efficient fash-
ion, vectorising all cells in the catchment. Snow and routing modules are
added to the model to allow for application in snow-dominated regions, and
to transport the water from each pixel to the catchment outlet via the drain-
age network. This efficient distributed implementation lowers the computa-
tional burden for high-spatial-and/or high-temporal-resolution studies, and
it opens doors for extensive uncertainty studies. We will first introduce the
model concept and describe the technical application. After that, we discuss
the parameter sensitivity, and finally we show an application of the model.

5.2 | Model concept

5.21 | Simple dynamical systems approach

The simple dynamical systems approach proposed by Kirchner (2009) com-
bines the conservation-of-mass equation (assuming a constant density) with
the assumption that discharge is solely dependent on the total storage (ex-
cluding snow and ice) in the area of interest:

ds
E:P—E—Q, (51

Q=1(S), (5.2)

where S represents the total storage, P the precipitation, E the actual evap-
oration and Q the discharge. Differentiating Equation (5.2) and combining it
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with Equation (5.1) results in the following equation:

B AR E-=sQF-E-Q. 63
where we define 42 as the sensitivity function g(Q), describing the sensitiv-
ity of discharge to changes in storage. Note that the evaporation represents
actual evaporation, as the concept does not simulate evaporation reduction
as a result of, for instance, soil moisture stress during dry periods. Ideally, a
soil moisture model would provide the correct actual evaporation values, or,
when applying the concept to humid areas, the actual evaporation is equal
to a factor times the potential evaporation. To support the latter, we intro-
duce the evaporation correction parameter ¢, which can correct the provided
(potential) evaporation input data (E = e - Eppwe). Additionally, to prevent
numerical issues, a simple evaporation reduction switch is added, which is
described in Section 5.3.2.

Originally, the SDS approach was introduced as a lumped approach to simu-
late discharge in small catchments of approximately 10 km? (Kirchner,2009).
Several studies have subsequently applied this concept to other catchments
in Europe (Teuling et al, 2010; Krier et al, 2012; Brauer et al, 2013; Melsen
et al, 2014; Adamovic et al, 2015). Some of the catchments in these studies
had a size similar to the original scale from Kirchner (2009), yet it was also
applied to catchments up to 1000 km? in size. One could argue whether the
concept is still valid at a scale so different from the scale for which it was ini-
tially developed (Beven, 1989, 20071; Sivapalan, 2006; McDonnell et al, 2007),
and whether a single sensitivity function is sufficient to capture the spatial
complexity of substantially larger basins. In regions with high spatial het-
erogeneity, grid-based models are likely to yield more realistic results than
lumped models (Lobligeois et al., 2014).

To respect the original scale of development and to capture spatial variabil-
ity, we have developed a distributed implementation of the simple dynam-
ical systems approach. Our distributed implementation builds on the ori-
ginal concept as proposed by Kirchner (2009) and extends this concept with
simple snow and routing modules. For the distributed implementation, we
assume that the SDS approach is valid for each pixel of a rectangular grid.
By defining pixels with a size corresponding to the original scale (in the or-
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Figure 5.1 | Efficient distributed implementation of the simple dynamical systems ap-
proach, which is solved for each pixel. The left-hand side of panel a represents a catch-
ment, with a regular grid covering the catchment area. The green line indicates the flow
path on which the routing lag is based (green “dist” in panel b). Panel b shows how the
catchment is translated to a matrix to allow for computationally efficient calculations,
and how the matrix is modified in the routing algorithm, by shifting each column based
on the distance to the outlet and the routing parameter .

der of 1 km?2), the scale of application remains similar to the original scale,
and both the forcing and the model parameters can be defined for each in-
dividual pixel (see Figure 5.1). In this distributed implementation, we allow
precipitation to fall as snow; see Section 5.2.3. We added a routing module to
transport water from each pixel to the river outlet, by adding a time delay to
each pixel based on the distance to the outlet and a travel speed parameter;
see Section 5.2.4. The model can be run with different choices for At, yet in
order to respect the spatio-temporal resolution the default time step is 1 h.
This model has been built with a focus on computational efficiency, mean-
ing that all grid cells in the catchment are stored in a single vector, allowing
for vectorised computations (see Figure 5.1b). This results in a matrix with
the rows and columns indicating time and space, respectively. As a result,
the routing conceptualisation is a modification of this matrix, where each
column is shifted to induce a temporal delay.
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5.2.2 | Discharge sensitivity

As previously mentioned, the sensitivity function is required to translate
changes in storage to changes in discharge. Kirchner (2009) originally
presented a simple power-law version of this sensitivity function for pur-
poses of illustration:

g(Q) =aQb, (5.4)

dS
where a and b define the slope and intercept of the sensitivity function in
log—log space. This power-law relation has been widely used in experimental
and theoretical studies (e.g. Troch et al, 1993; Brutsaert & Lopez, 1998; Tague
& Grant, 2004; Rupp & Selker,2006; Lyon & Troch, 2007; Rupp & Woods, 2008).
This relatively simple sensitivity function allows the translation of discharge
into storage, using the following equation:

/.49

/ds_/m, (55)
1 1 o1s

S(Q) = fl_bQ +S0, b#1 56)
5 In(Q) + %o, b=1,

where Sp is the integration constant, meaning that only relative storage
changes can be obtained using this method. The value of b affects the mean-
ing of Sy, as described by Kirchner (2009). However, most catchments show
recession behaviour that differs from a power-law relation between dQ/dS
and Q (Kirchner, 2009; Teuling et al, 2010; Krier et al, 2012; Adamovic et al,,
2015). Therefore, a more complex formulation of the sensitivity function was
also proposed by Kirchner (2009):

In(g(Q)) = a1 + 2 In(Q) + c3(In(Q))?, (57)

where c1, ¢ and c; are the three parameters of this quadratic equation. This
quadratic equation allows for a concave relation between the recession rate
and the discharge in log-log space. This equation has one downside, how-
ever: since it is shaped like a parabola in log-log space, there is always an
optimum in the discharge sensitivity. This implies that with an increasing
Q, the system becomes less sensitive at some point. This behaviour is un-
realistic and unwanted when performing automatic calibration or random
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parameter sampling runs. Therefore, we have added an additional term to
the original power-law equation, which accounts for the concave shape of
the sensitivity function:

g(Q) =aQ"-e"9, (5.8)

where a, b and v are the three parameters describing the shape of the dis-
charge sensitivity. However, we have rewritten this equation to include all
parameters in the exponent term, as this improves computational efficiency:

£(Q) = PN @+/Q, (59)

with « = In(a) and g = b from Equation (5.8). In Figure 5.2, the effect of each
parameter on the shape of the sensitivity function is presented. Discharge
observations from Teuling et al. (2010) are also included to indicate the im-
portance of the o parameter. This equation has the benefit that it can be
rewritten to the original power-law equation, if y = 0:

g(Q) — eﬂ(+5'|n(Q) — . Qﬂ’ (510)

where a = e* and b = g from Equation (5.4). This concept allows us to use pa-
rameters from previous studies, and to transform the discharge time series
to a storage time series according to Equation (5.5). A disadvantage of this
new sensitivity function is that, due to the addition of the 7/ Q term, there
is no longer an analytical solution, but the equation can still be integrated
numerically.

5.2.3 | Snow processes

In our distributed implementation, we allow precipitation to fall as snow.
Snow is treated as a separate storage (see Figure 5.1a), where snowmelt is
added to the simple dynamical systems approach in the form of liquid pre-
cipitation, following the methodology of Teuling et al. (2010). We assume
snowmelt to be dependent on both temperature and radiation, following the
restricted degree-day radiation balance approach (Kustas et al, 1994). The
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Figure 5.2 | Parametrisation of the discharge sensitivity, including the effects of the
three parameters: « affects the intercept, g affects the slope and v affects the curvature
at low discharge values. Parameter values for each parameter are given in the legend as
their min—max range.

snow storage is conceptualised based on the following equations:

dsds% = Psnow - Msnow- (511)
Protal I T <= T,

Poow = 2 0 (512)
0 if T> To,

ddf - (T — Tg) + rdf - R ianW-At<:SnW
snow—{ ( ) ¢ o " (513)

S. .
Ziw |f Msnow At > SSnOWv

where S;,ow is the total snow storage in millimetres (mm), Ps,on the pre-
cipitation falling as snow in millimetres per hour (mm h=1), My, is the
snowmelt in millimetres per hour (mm h=1), T is the air temperature in
degrees Celsius (°C), Ty is the critical temperature for snowmelt in degrees
Celsius (°C), ddf is the degree-day factor in millimetres per hour per degree
Celsius (mm h~t °C~1), rdf is the conversion factor for energy flux dens-
ity to snowmelt depth in millimetres per hour per watts per square metre
(mm h=t (W m—2)-1), R, is the global radiation in watts per square metre
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Figure 5.3 | Simulation results with and without the snow conceptualisation. Panel a
shows the model input; panel b shows the model output. The four hydrographs repres-
ent runs with different snow parameter values (see legend, in mm h=!). We fixed the
critical temperature Ty to 0°C. To visualise the influence of the different parameters, we
used unrealistically high ddf and rdf values.

(W m~—2), and At is the time step in hours. If no radiation observations
are available, the snowmelt equation is modified to the normal degree-day
method.

In Figure 5.3, the effect of this snow conceptualisation is presented using syn-
thetic forcing data. In this figure, one can see that radiation can cause snow
to melt even when temperatures are still below the critical temperature (0°C
in this example). If the temperature exceeds this threshold, radiation amp-
lifies the melting of snow, resulting in an earlier depletion of the snow stor-
age. Finally, if snow processes are not relevant in the region of interest, the
snow conceptualisation can be turned off to further reduce the computa-
tional demand (see the dashed line in Figure 5.3 for the resulting discharge
simulation).
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Figure 5.4 | The routing concept visualised: the width function of a synthetic catchment
(@), the corresponding travel speed given four different = values (b) and the effect of
different t values on the hydrograph (c).

5.2.4 | Flowrouting

A simple, efficient routing conceptualisation was added to the distributed
model to transport water from each grid cell to the outlet of the catchment.
In most studies applying the simple dynamical systems approach, a constant
delay factor was added to the generated runoff time series, in order to ac-
count for the delay caused by the river network. Since our distributed im-
plementation has pixels at distinctly different locations, we need to account
for attenuation caused by the river network. The routing concept presented
here is based on the already existing width function concept (Kirkby, 1976),
where it is assumed that the stream network induces a temporal delay pro-
portional to the distance to the outlet. This can be seen as a width-function-
based unit hydrograph without diffusion and goes back at least 20 years (e.g.
Franchini & 0’Connell, 1996). The distance to the outlet is combined with the
travel speed parameter (t) to determine the lag time for each pixel (see the
green line and shifting of columns in Figure 5.1). An example of this concept
is presented in Figure 5.4a.

The width function in Figure 5.4a reflects the shape and stream network of a
synthetic catchment. The distance of each pixel can be translated to a time
delay using the travel speed parameter . This delay is in discrete steps (see
Figure 5.4b), determined by the time step of the model. Slower flow speeds
result in larger time delays, and vice versa. The hydrograph in Figure 5.4c
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shows that peaks are more attenuated with slower flow speeds. In this ex-
ample, we assume homogeneous precipitation across the entire catchment,
but in reality the heterogeneity of precipitation events also influences how
the discharge peak is attenuated. This concept does not include diffusion of
flood waves; it only incorporates advection.

5.3 | Technical aspects

531 | Modelimplementation

One of the main aims of this model was computational efficiency. However,
we do not claim that we have built the most computationally efficient con-
ceptual hydrological model, since we sacrificed some calculation time for the
user-friendly and hugely popular Python programming language. By choos-
ing this language, we encourage users of the model to adapt, improve and
change all components of the model, in order to find answers to their re-
search questions. The model is written in Python 3.6 and largely uses the
NumPy library. NumPy uses C libraries to ensure fast computations over en-
tire arrays, something the base functions of Python do not offer. Due to the
simplicity of the simple dynamical systems approach, we need to solve only
one equation (besides the snow conceptualisation). NumPy allows functions
to be vectorised: receiving and outputting an array of values, while apply-
ing the same function to each individual value. This is computationally more
efficient than the step-by-step application of the same function to each ele-
ment in the array.

To get an idea of the computational efficiency of the model, example
runtimes are presented in Figure 5.5. We ran the model for 3 months at
an hourly time step using synthetic forcing data for a wide range of model
cells, reflecting different catchment sizes or model resolutions, to get an
idea how the computational demand scales with catchment size or resol-
ution. We separated the time spent in the numerical solver, the /0 opera-
tions and the routing module. In the 1/0 operations, we include reading the
settings file, reading the input data and writing the model results. The grey
bars in Figure 5.5 represent the “traditional” modelling approach, where the
numerical solver is called for each individual pixel and time step. This extra
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Figure5.5| Runtimes fora simulation of 3 months with an hourly time step with varying
number of pixels, run on a single core of a normal desktop (Intel Core i7-6700, 16GB
RAM). The grey bars represent model runtimes where the numerical solver is called for
each individual pixel, and are keyed to the right-hand scale, making the difference in
runtimes appear smaller than it really is. The dotted line represents the number of
pixels when simulating Europe at 5x5 km? resolution.

for-loop drastically increases runtimes by a factor of more than 10 (this is
also a property of Python, being an interpreted language instead of a com-
piled language). To demonstrate the enormous potential of this model to ex-
plore uncertainty and spatial patterns in parameters: simulating Europe for
3 months at hourly time steps and at a resolution of 5x5 km? (roughly 2186
pixels) would take approximately 5 minutes with the efficient dS2 model. The
runtimes show a small inconsistency in the increase of runtimes with the in-
crease in pixels. This is most likely the result of an internal Python or NumPy
threshold. The current version of dS2 does not yet support automatic multi-
threading, which is expected to even further reduce runtimes, especially in
large basins.

When applying the model to very large basins and/or running for very long
periods, the random access memory (RAM) can become a limiting factor, as
storing data in the RAM is by far most efficient. To prevent exceeding the
RAM, the user can define the maximum amount of RAM the model s allowed
to use, and dS2 will chunk the input and output data accordingly. For ex-
ample, running the model for a basin with 1500 pixels for a period of 4 years
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on a hourly time step would require approximately 800MB. Additionally, to
reduce the time spent reading and writing the files on the disk, we rely on a
special data format: NumPy memmap. This data file directly maps arrays to
the hard drive without storing any metadata, to ensure fast reading and writ-
ing. The downside is that this format does not have any metadata, meaning
the shape and data type need to be known prior to reading the file. In order
to store the model output in a more common format, the model can trans-
form the NumPy memmap data to the more commonly used NetCDF format,
including metadata.

5.3.2 | Adaptive time stepping

When solving a differential equation, one would ideally opt for an analytical
solution. However, many equations (including Equation (5.3)) do not have an
analytical solution, so one needs to use numerical solvers to solve the dif-
ferential equation. The downside of numerical methods is that they might
introduce numerical errors and/or numerical instability, as they are approx-
imations of the analytical solution. Many different numerical methods exist,
varying in complexity and numerical accuracy. The importance and potential
problems of numerical solutions have been described and studied extens-
ively (Clark & Kavetski, 2010; Kavetski & Clark, 2010, 2011). For example, the
most simple method is the first-order explicit Euler scheme, meaning that
thevalueat t,,; is based on the values given at t,. This method is the simplest
approximation of the value at ¢, 1, but is as a first-order method also prone
to introduce large numerical errors. A more robust and popular method is
the explicit Runge—Kutta 4 scheme, which uses four estimations (fourth or-
der) between t, and t,+1 to give a more accurate estimation of the value at
t,+1. Furthermore, using higher-order (or implicit) solvers reduces the risk
of numerical instability. Many more methods are available, which are higher
order and/or use different ways to calculate the “intermediate” steps. Nu-
merical solvers in most hydrological models are rather basic, although it is
known that the numerical solver can significantly influence the model out-
put (Schoups et al, 2010). In particular in strongly non-linear problems, a
robust numerical solver is important.

Since the simple dynamical systems approach allows for non-linear reser-
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Figure 5.6 | Three steps in the adaptive time stepping scheme. Note that in extreme
cases, both Q and g(Q) can change over several orders of magnitude between t; and t,,
as can be seen from both y axes. The plus symbols in step 1indicate the intermediate
values by the RK4 solver, which combine into the blue circle at t,. The blue diamonds in
step 2 show the intermediate steps calculated with RK4 but at a smaller time step. Only
the value at t, is stored. The error in step 3 represents the numerical error without the
adaptive time stepping scheme.

voirs, the simulated response can vary over several orders of magnitude
within a single time step. This non-linearity can cause numerical errors,
which can be prevented by reducing the time step. Several options are avail-
able, where the Cash—Karp method is the typical textbook approach to expli-
citly solving differential equations (Cash & Karp, 1990). This method is based
on the Runge—Kutta scheme and uses the difference between fourth- and
fifth-order estimates to measure the potential numerical error. This can be
used to reduce the time step if the difference exceeds a certain threshold.
However, to ensure optimal computational efficiency, we decided to incor-
porate the knowledge about the differential equation (Equation (5.3)) to de-
termine whether time step reduction is necessary. Therefore, we have imple-
mented the explicit fourth-order Runge—Kutta (RK4) scheme with an adapt-
ive time stepping scheme. We have identified cases where the RK4 scheme
can become numerically unstable, and we used these cases to reduce the
internal time step. These cases are explained in more detail below. This ad-
aptive time stepping scheme is visualised in Figure 5.6.

The adaptive time stepping scheme operates in three steps. In the first step,
the discharge for the next time step is calculated using the explicit Runge—
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Kutta 4 scheme. For both time steps, the discharge sensitivities are calcu-
lated based on the following equation:

|g(Q)t2 - g(Q)tl‘
min(g(Q)n — £(Q))’ (514)

8Quiff =

where the numerator represents the absolute difference between the two
discharge sensitivities, and the denominator represents the lowest discharge
sensitivity to ensure the comparison also works during the falling limb of the
hydrograph. The time step will be reduced whenever at least one of two con-
ditions is met: (1) when g(Qr) - At > 1, or (2) when gQqir exceeds a certain
threshold (gQmaif)- The first condition requires a smaller time step, since val-
ues of g(Q) - At > 1 indicate that the system is extremely sensitive and that
a smaller time step is required to optimally account for this sensitivity. For
this condition, the time step is reduced according to the following equation:

At

A= max(5, min(g(Qx) - 10, 50)), (515)

where the reduction in At is dependent on the size of g(Q2). We defined a
lower and upper limit to the time step reduction, to ensure that the solver
gains enough precision but does not spend too much time on a single time
step. Both upper and lower limits can be changed by the user. The second
condition is triggered when g(Q) covers several orders of magnitude in a
single time step. A threshold gQui is defined, describing how many times
g(Q) isallowed to deviate from g(Qu ). Ifthisthreshold is exceeded (gQqir >
gQmairr), @ smaller time step is required since RK4 is not able to accurately
solve the differential equation over this many orders of magnitude. The res-
ulting reduced time step is based on the following equation:

At

A = max(5, min(gQJ%F """, 50)), (516)

wherethereductionin Atis dependent on the difference between g(Q.;) and
g(Q:), raised to the power dt_reduction, and the same lower and upper limits
to the time step reduction are used. The RK4 scheme is used over these re-
duced time steps until the original time step (t,) is reached. This final value
is saved as output, and the intermediate steps are discarded. In Figure 5.6
step 3, we validate the adaptive time stepping scheme with an even finer
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5| A new hydrological model for high resolution simulations

time step (3&5), which we assume approaches the analytical solution, and we
conclude that the adaptive time stepping scheme yields reliable results. This
figure shows that the adaptive time stepping scheme avoided a large numer-
ical error (the difference between the two solutions: Q. ~ 10° mm h—1 vs
Qe ~ 10~ mm h~1).

During periods with low discharge and relatively high evaporation, the nu-
merical solver can result in negative discharge amounts. To prevent this from
happening, we define a threshold for discharge (which thus corresponds to a
threshold storage level), below which no evaporation is allowed to occur. This
mimics evaporation reduction during periods with low storage volumes, as
discharge and storage are directly linked. For the pixels where the discharge
is below this threshold, the evaporation rate is set to 0 mm h—!. The value of
the discharge threshold is currently set at 10~ mm h—! but can be altered
by the user. All model parameters can be found in Appendix B.

5.3.3 | Closure of the water balance

The concept of this model is based on the water balance, yet it does not expli-
citly solve the water balance as most hydrological models do. The water bal-
ance is indirectly solved by calculating changes in storage. To check whether
the model still respects the water balance, the closure of the water balance
is calculated using the following equation:

¢:Pt—Et—/i1Q—As, G17)
AS = S(Q) - S(Qu1), (518)

where ¢ is the error in the water balance for each time step t, which ideally
should result in a value of 0. The change in storage can be calculated using
thestorage atthe beginningand at the end of the time step. The integral over
Qindicatesthat one needsto consider the volume of water that is discharged
during the time step. This depends on how the variables are considered in
time within the model. Figure 5.7a explains how the different fluxes are po-
sitioned within the model. The model assumes that the precipitation and
evaporation values are summations of the entire duration of a single time
step. The resulting discharge values are, however, only representative at the
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Figure 5.7 | Closure of the water balance per time step. Panel a shows the timing of the
different variables. Red area under the dotted line indicates the total volume of water
discharged per time step. Panel b shows the average absolute error in the water balance
when the volume of water is estimated with smaller internal time steps (Qinternat), Where
the error is defined as the percentage of the total precipitation during the simulation
period.

end of the time step, not a summation over the time step. Due to the strong
non-linearity of the system, the total volume of water discharged during a
single time step cannot be represented by the discharge at the end of the
time step, as indicated by the dotted red line in Figure 5.7a.

To estimate the volume of water discharged during the time step, one needs
a discharge value that is representative for the volume of water discharged
during that time step. The easiest way to calculate this is to take the average
of the discharges at time steps t and t — 1. However, if the sensitivity func-
tion is strongly non-linear, this average might not be representative for the
volume of water discharged during that time step. To improve the volume
estimation, one can subdivide each time step and base the volume estim-
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ation on the mean discharge of the resulting shorter steps (Qintermal)- This
comparison is shown in Figure 57b. The grey bars represent the error in the
water balance when the total discharge volume is estimated using the dis-
charge averaged over time steps t and t — 1. This error does not reduce with
an increase in internal time steps, as the discharge prediction at t changes
only marginally. However, if the total discharge volume is estimated using
the discharge at each internal time step, the total error in the water balance
is reduced from 102 to 10~8%. This indicates that the model concept is able
to successfully close the water balance, given that the discharge volume per
time step is accurately accounted for. Please note that this example is to
show that the concept successfully closes the water balance at each time
step. The current version of the model only outputs discharge at the end of
the time step, as calculating Qjterma does not add to the numerical accuracy
of the discharge calculation at the end of the time step.

5.4 | Parameter sensitivity

We investigated the response of the model to the five main parameters («, 8,
71, € and t; excluding the snow parameters) by plotting the response surface
over realistic parameter ranges. These ranges are based on comparing the
shape of the resulting discharge sensitivity function with the previous stud-
ies that use the SDS approach. The results of this analysis are presented in
Figure 5.8. We selected the Kling—Gupta efficiency (KGE) as the performance
metric. We created a synthetic time series of observations based on parame-
ters that are in the middle of each subplot, which are used to calculate the
KGE. It is striking that the three discharge sensitivity parameters (a, g and )
show large regions with similar model performance (the dark blue regions),
and seem to be correlated, which Melsen et al. (2014) also showed for the
« and g parameters for a lumped application. However, based on theoreti-
cal considerations (Troch et al, 1993; Brutsaert & Lopez, 1998; Tague & Grant,
2004; Rupp & Selker, 2006; Lyon & Troch, 2007; Rupp & Woods, 2008, e.g),
we can conclude that at least the « and g parameters are required to op-
timally capture the discharge sensitivity and, based on other studies using
the simple dynamical systems approach (Kirchner, 2009; Teuling et al., 2010;
Krier et al, 2012; Adamovic et al,, 2015), that a third parameter (y in this case)
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Figure 5.8 | Response surface plots for all main parameter combinations with the Kling—
Gupta efficiency (KGE) as the performance metric for a synthetic experiment. The white
dot in the middle of each graph represents the location where KGE is equal to 1. Each
plot consists of 4900 model runs—where the model has 200 cells, and was run for 1year
on an hourly time step—and took 1 hour and 15 minutes to run on a normal desktop
(Intel Core i7-6700, 16GB RAM).

is required to capture the curvature in the g(Q) relation. These response
surface graphs indicate that local optimisation algorithms might struggle to
find the global maximum due to the large equifinality regions. We therefore
recommend not to use a single parameter combination, but rather to use
multiple parameter sets to account for equifinality.

Furthermore, we also analysed the parameter sensitivity according to Sobol’
(2007), Saltelli (2002) and Saltelli et al. (2010). The global sensitivity ana-
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lysis method is designed to analyse the sensitivity of different performance
statistics to each parameter. Sobol's sensitivity analysis works optimally in
a case where parameters are not correlated. Even though this condition is
not fully met in our model application, we use Sobol’ because it is the most
widely used method to investigate parameter sensitivity. Furthermore, the
aim of this sensitivity analysis is to give a first impression of the influence
of the parameters on performance metrics. To perform this analysis, a set of
n- (2k +2) parameter combinations is required, where k is the number of pa-
rameters and n is the number of samples that sample the parameter space.
We chose a sample of 1,000 and focused on the five main parameters («, g, v,
e and t; excluding the snow parameters) resulting in 12,000 parameter sets.
Usually, this is a rather computationally expensive method, but due to the
computational efficiency of this model we were able to run all parameter sets
in just under 6 hours (model with 100 cells, simulation period of 2 years on
hourly time step, on a normal desktop with an Intel Core i7-6700 and 16GB
RAM). The parameter boundaries were set to the same values as used in the
response surface plots. For each parameter combination, multiple perform-
ance statistics were calculated. Next, Sobol's sensitivity analysis is able to
extract the influence of each parameter on the variation in the performance
statistic caused only by that parameter (“main effect”), and the influence of
the parameter including all variance caused by interactions with other pa-
rameters (“total effect”) (Sobol, 2007; Saltelli, 2002; Saltelli et al, 2010). The
results from the analysis are presented in Figure 5.9.

It is clearly visible that parameter sensitivity depends on the performance
metric used. The Nash-Sutcliffe efficiency (NSE) and Kling—Gupta efficiency
(KGE) show roughly the same response, as is expected. The NSE calculated
on the logarithmic discharge values shows a very different response, with
being one of the most sensitive parameters. This is in line with our expect-
ations, as the o parameter describes the downward curvature of the g(Q)
function, where it mostly affects the lower discharge volumes. Additionally,
this parameter is not very prominently visible in the NSE and KGE sensitivity
plots, since these metrics tend to put more focus on higher discharges. These
graphs also show that there are some parameter interactions influencing the
results, indicated by the difference between the main and total effects. This
was already visible in Figure 5.8, where we see correlations between the three
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Figure 5.9 | Sobol' parameter sensitivity for a synthetic experiment, shown for different
performance statistics. The main effect presents the sensitivity induced by that para-
meter alone, and the total effect quantifies the sensitivity when parameter interactions
are taken into account as well. The top row (panels a, b, ¢) show three commonly used
performance metrics. The bottom row (panels d, e, f) shows the three components of
the Kling—Gupta Efficiency: Pearson correlation coefficient (KGE - r), ratio of variability
(KGE - &) and bias (KGE - p).

g(Q) parameters. Since this analysis is performed to give a first evaluation
of how the parameters affect model output, we will focus on the main effect.

The mostinteresting patternsarevisible in the bottom three subplots, where
the three components of the KGE are presented. The correlation coefficient
(KGE - r, Figure 5.9d) is most sensitive for the routing parameter 7, since this
parameter essentially deals with the timing of discharge peaks. The ratio
of variability (KGE - «, Figure 5.9e) does not show any individual parameter
to be most important, yet all parameters show some degree of sensitivity.
For the bias (KGE - g, Figure 5.9f), the evaporation parameter ¢ is by far the
most sensitive parameter, since it determines the total volume of water that
evaporates and thus the total volume of discharge. All other parameters can
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5| A new hydrological model for high resolution simulations

only control either the response of discharge to precipitation or the timing
of the peaks. Since the roles of the parameters ¢ and 7 are relatively clearly
defined, predominantly affecting the bias and correlation, respectively, we
hypothesise that these roles can be used for more efficient optimisation pro-
cedures by reducing the number of dimensions. One could optimise the e
parameter only on the bias of the simulations, followed by an optimisation
of the T parameter on the correlation. Finally, the three g(Q) parameters can
be optimised on either the ratio of variability or the total Kling-Gupta effi-
ciency. This reduces the optimisation from a five-dimensional problem to
two one-dimensional problems and a single three-dimensional problem.

5.5 | Example application

In this section, we apply the model to the Thur, a mesoscale basin (1700 km?)
in the Swiss Alps. This basin was selected since it contains many measure-
ment locations, where the catchment used by Teuling et al. (2010) is one of
the sub-basins. Since Teuling et al. (2010) showed that the SDS concept is
able to simulate the discharge at small scale, we take this opportunity to
see how the model performs at different spatial extents. The model was ap-
plied at a 1 km? resolution, using distributed forcing. We used the same for-
cing data as Melsen et al. (2016a), where the data are interpolated using the
pre-processing tool WINMET of the PREVAH modelling system (Viviroli et al.,
2009; Fundel & Zappa, 2011). For a more detailed explanation of the basin and
the data used, we refer to Melsen et al. (2016a).

For this application, we focus on three sub-basins in the Thur to validate the
model at three different spatial extents (see Figure 510a). We used a Monte
Carlo approach to generate 25,000 parameter sets to ensure good coverage
in the parameter space. The parameter boundaries are based on the ranges
used in Figure 5.8. We based the snow parameters on the study by Teuling
et al. (2010). To capture the spread in parameters as a result of equifinal-
ity, the 100 best runs based on the KGE are selected for each sub-basin. The
resulting discharge time series are presented in Figure 510b to Figure 5.10d.

In Figure 5.10b to Figure 510d the simulated discharge is compared with the
observed discharge for three different basins. The three basins are ordered
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Figure 5.0 | Application of dS2 to the Thur Basin in Switzerland. Panel a depicts the
stream network, and the catchments used in this example are highlighted in red: Rieth-
olzbach, Mogelsberg and Andelfingen. Panels b, ¢, and d present the model output in
the three basins, covering different orders of catchment size. The shaded orange region
shows the minimum and maximum discharge of the 100 best runs out of 25,000, se-
lected based on KGE value. Periods where more than 20% of the entire basin is covered
with snow are indicated with the grey background. Performance values show the stat-
istics for the best model run, with the value between brackets showing the model per-
formance when the routing module is disabled. Panel e shows how a single precipita-
tion event is translated through the different (sub-)basins, where the dotted line indi-
cates the observed discharge, the solid line represents the simulated discharge and the
dashed line represents the simulated discharge without a temporal delay induced by
the routing module. Note that the simulation result without routing for Rietholzbach
overlaps the simulation result with routing.
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from small to large. The simple dynamical systems approach has already
been applied to the Rietholzbach, the smallest of the three basins in Fig-
ure 510, by Teuling et al. (2010), but in a lumped fashion. We see that the
distributed version of this concept is able to correctly simulate the discharge
not only in this basin but also in the bigger basins. In the top left corner
of each subplot, four performance statistics are presented based on the run
with the highest KGE (maxKGE), Pearson correlation coefficient (r), ratio of
variability («), and bias (8). The KGE value within brackets represents the KGE
without the routing module. These metrics show that there is no substantial
decrease in model performance with increasing catchment size. This indi-
cates that the modelis able to correctly simulate the discharge, independent
of the catchment size. We do see, however, a clear decrease in the KGE val-
ues when no temporal delay is added via the routing scheme. In the smallest
basin, both KGE values show the same result, yet in the largest basin we see
a substantial decrease in model performance. This indicates, in line with ex-
pectations, that the routing module is required to optimally simulate larger
basins.

To elaborate this, we zoom in to a single event in Figure 510e. This graph
shows the discharge response of the three sub-basins, and the effect of the
routing module. For this event, we selected the one parameter set from the
100 sets that performed best over the period depicted in panels (b) to (d).
We see that, although the magnitude of the peak is not fully captured in the
Rietholzbach Basin, the timing of the peak is well simulated. Since this is a
very small basin, the time lag induced by the routing module is less than 1h,
meaning that the run without the routing module gave the same result. At
Mogelsberg, both the timing and magnitude of the discharge peak are well
simulated by dS2. The routing module adds a correct temporal delay to the
discharge peak. At the main catchment outlet (Andelfingen), we again see
that the model correctly simulates the timing of the discharge but struggles
to reach the correct magnitude. This is likely related to errors in the precip-
itation product rather than the model structure, as dS2 struggled to reach
good performance in two basins in the north-western part of the catchment
(Frauenfeld and Wangi). This, together with the too-low discharge peak in
the Rietholzbach Basin, might explain the lack of discharge passing Andelfin-
gen. Similar to Mogelsberg, the routing module does add a correct filter-
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ing of the discharge signal due to the distribution of the stream network.
Overall, the runs without the routing module indicate that the impact of
the routing module depends on the size of the catchment, where the dif-
ference between these runs is largest in the biggest catchment. The differ-
ences between these runs explain the reduction in model performance in
Figure 510b to Figure 5.10d, measured using the KGE without routing.

5.6 | Discussion

As stated in the Introduction, the aim of this chapter is not to present the
best or most comprehensive conceptual rainfall-runoff model, but to de-
velop a model that can more easily be used to perform studies that require
a large number of runs, such as uncertainty or sensitivity studies. As a res-
ult, this model concept has several limitations, either linked to the original
simple dynamical systems approach or linked to the (distributed) implemen-
tation of this concept.

A limitation of the simple dynamical systems approach is that it assumes
that the storage—discharge relation is the same on therising limb and on the
falling limb of the hydrograph. Studies have shown that hysteresis exists in
multiple basins, especially those dominated by a variable contributing area
(Spence et al, 2010; Fovet et al,, 2015). However, most common hydrological
models do not explicitly account for hysteresis and often struggle to cor-
rectly simulate the dry-to-wet transitions (de Boer-Euser et al, 2017). In this
chapter, the simple dynamical systems approach assumes a fixed storage—
discharge relation, with discharge being a function only of storage. In earlier
studies where the concept was applied in a lumped fashion, this did not limit
the performance of the concept, especially in the studies where the g(Q)
parameters were retrieved from the discharge observations (Kirchner, 2009;
Teuling et al, 2010). In our case study, this also did not seem to be a lim-
iting factor. We do expect the model performance to be affected in basins
exhibiting a strong hysteresis, yet we expect that one might define the g(Q)
function in a way that best captures the average behaviour of the rising and
falling limbs.

Surface runoff as a result of either infiltration excess or saturation excess is
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not explicitly accounted for. Surface runoff induced by over-saturated soils
is implicitly accounted for in the discharge sensitivity function, which will
reach high sensitivity values with high discharge (i.e. storage). During pre-
cipitation events with high intensity, surface runoff can also occur when the
soil's infiltration capacity cannot accommodate the precipitation intensity.
The model might therefore underestimate some discharge peaks resulting
from infiltration excess overland flow. However, we expect that the influ-
ence of this process is minor in humid catchments. Not accounting for this
process relates back to the purpose of this model, where we do not focus on
correctly representing catchments'’ internal fluxes but instead focus on sim-
ulating the total discharge in a computationally efficient manner. It does,
however, disqualify this concept for catchments with extreme precipitation
events and the corresponding overland flow processes.

Furthermore, this model relies on the user to provide accurate actual evapo-
transpiration values as input for the model. As can be seen in Equation (5.3),
evaporation is directly taken into account in determining the change in
storage. Due to the simplicity of the concept, the model does not contain
any evaporation reduction processes as a result of, for instance, soil mois-
ture stress. The model disables evaporation when discharge drops below a
threshold, behaving like an on—off switch, which is not how it is observed in
reality. This reduction is most importantly preventing the model from calcu-
lating negative discharge values, while trying to behave like a real process.

The vectorised implementation limits the ability to transfer water between
neighbouring pixels. This subsurface lateral flow is mostly driven by gravity,
and is therefore expected to be most important in regions with large elev-
ation differences. However, at the current recommended spatial-temporal
scale of application (~ 1km? and 1 h), we expect lateral subsurface flow to be
relatively unimportant. At smaller spatial scales or longer timescales, flow
between pixels can become more important. To stay in line with the original
scale of the simple dynamical systems approach, we do not recommend fur-
ther reducing the spatial resolution or further increasing the temporal resol-
ution. Furthermore, most common hydrological models also do not account
for flow between pixels (Liang et al, 1996; Arnold et al, 1998; Terink et al,
2015).
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As proposed by Kirchner (2009), this concept can be used to “do hydrology
backwards”: infer precipitation from the discharge time series. Unfortu-
nately, the distributed implementation of this concept complicates the use
of this model to infer spatially distributed rainfall maps. Since the result-
ing discharge is an average of the integrated catchment response, it is im-
possible to infer the location of the precipitation event. This will become
especially difficult in large basins, where the time lags induced by routing
will become larger. A study by Pan & Wood (2013) describes a method to infer
precipitation from streamflow observations, though it requires a relatively
large number of observations. This method can potentially be applied to the
model presented in this chapter.

Finally, the current technicalimplementation of the model implies two other
limitations. First, the routing scheme only induces a time lag on the dis-
charge peak, and it does not account for diffusion of the wave as it travels
through the river network. For smaller basins, the effect of diffusion is only
minor, but, when simulating larger basins such as the Rhine, diffusion of the
discharge wave will play a more important role. We recommend using a more
advanced routing scheme when applying the model to larger basins. The
model can output a NetCDF file with runoff generated in each pixel per time
step, which can easily be connected to other routing software such as SOBEK.
Secondly, the current version of the model does not (yet) support multi-
threading, meaning that the model currently only runs on a single thread.
Spreading the computational load over multiple threads is expected to fur-
ther reduce the time required to run the model, especially in large basins.
To make the model more efficient in single-thread mode, one can split the
entire basin into several smaller sections and simultaneously run the model
for each section. After the simulation is complete, the user can combine the
several resulting pixel-wise runoff maps and apply a routing scheme to the
entire basin.

5.7 | Conclusion

The distributed simple dynamical systems (dS2) model is a new rainfall-
runoff model that aims to simulate discharge in a computationally efficient
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manner. This model is based on the simple dynamical systems approach pro-
posed by Kirchner (2009) but has been modified to be applied in a distrib-
uted fashion, written in Python. In this way, the concept can be applied to
larger basins, while respecting the original spatial and temporal scale of the
concept, and also make use of high—-resolution data. We have extended the
concept with a snow module and a simple routing module. The snow module
can be turned on or off, depending on the basin of interest, and the routing
module is required to transport water through the basin towards the out-
let. The flexibility in the discharge sensitivity (g(Q)) function and the res-
ulting strong non-linearity make this model different from more common
“bucket-type” models. Asaresult, dS2 is able to quickly simulate hydrological
response at relatively high spatial (~1 km?) and temporal (~1 hour) resolu-
tion.

Synthetic examples demonstrate that, although dS2 solves the water bal-
ance implicitly, the model is able to accurately close the water balance. The
response surface plots for all parameter combinations show that there are
some correlations between the parameters, especially for the three dis-
charge sensitivity parameters. However, we also showed that the parame-
ters clearly influence different performance metrics, which provides the op-
portunity to reduce the calculation time of optimisation algorithms. Finally,
we have applied the model in the Thur Basin as a case study to validate the
performance of the model. Our model is able to correctly simulate discharge,
both atthelocalscale (e.g. the Rietholzbach catchment in Switzerland, 3 km?)
and at the mesoscale (entire Thur Basin in Switzerland, 1700 km?), without a
decrease in model performance as catchment size increases.

The dS2 model has several unique strengths compared to other rainfall-
runoff models: (1) it is computationally efficient even at high temporal and
spatial resolutions; (2) it only has five parameters to calibrate; (3) two para-
meters have a clearly defined influence on the discharge time series, mak-
ing them easy to identify; and (4) the Python model code is open source and
easily adjustable. The computational efficiency of this model creates the op-
portunity to answer different research questions. Since the model is able to
simulate regions in relatively short amounts of time, performing sensitivity
and uncertainty analyses with a large number of samples becomes feasible.
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5.7| Conclusion

Since the model is distributed, the sensitivity and uncertainty analyses can
be performed both on a spatial and temporal basis. Furthermore, this model
can be a valuable tool for educational purposes, to explain and directly show
the effects of modifying parameters in distinct groups (e.g. hydrological re-
sponse, snow, routing and evaporation). Overall, this makes dS2 a valuable
addition to the already large pool of conceptual rainfall-runoff models, both
for researchers and for practitioners interested in large sample studies.
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This study analyses how temperature-driven changes in evaporation and snow
processes influence the discharge in the Rhine basin. Firstly, we compared
two 10-year periods (1980s and 2010s) to determine how changes in dis-
charge can be related to changes in evaporation, snowfall, melt from snow
and ice, and precipitation. By simulating these periods, we can exchange
the forcing components (evaporation, temperature for snowfall and melt,
and precipitation), to quantify their individual and combined effects on the
discharge. Around half of the observed changes could be explained by the
changes induced by temperature effects on snowfall and melt (10%), tem-
perature effects on evaporation (16%), and precipitation (19%), showing that
temperature-driven changes in evaporation and snow (26%) are larger than
the precipitation-driven changes (19%). The remaining 55% was driven by
the interaction of these variables: e.g. the type of precipitation (interaction
between temperature and precipitation) or the amount of generated runoff
(interaction between evaporation and precipitation). Secondly, we exclude
the effect of precipitation and run scenarios with realistically increased tem-
peratures. These simulations show that discharge is generally expected to
decrease due to the positive effect of temperature on (potential) evapora-
tion. However, more liquid precipitation and different melt dynamics from
snow and ice can slightly offset this reduction in discharge. Earlier snow-
melt leaves less snowpack available to melt during spring, when it histor-
ically melts, and amplifies the discharge reduction caused by the enhanced
evaporation. These results are tested over a range of rooting depths. This
study shows how the combined effects of temperature-driven changes af-
fect discharge. With many basins around the world depending on melt-
water, a correct understanding of these changes and their interaction is vital.

“But rain replaces snow
and that's just pretty [...] lame”

—Chef'Special, Birds (2011)
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6.1 Introduction

6.1 | Introduction

Over the last decades, global temperatures have increased considerably
(Stocker et al, 2013). The resulting change in climate is generally expected
to intensify the hydrological cycle, with more frequent and more severe hy-
drological extremes (Huntington, 2006). As increased temperatures affect
water availability in large river systems in two important ways, it is vital to
understand their effects and interactions. Firstly, higher temperatures af-
fect the cryosphere: there will be less precipitation falling as snow, and there
is more energy available to enhance melt from snow and ice. As snow stores
are depleted earlier in the year, it affects the timing of the snowmelt peak in
the discharge signal (Jenicek & Ledvinka, 2020; Beniston et al, 2018; Baraer
et al, 2012; Huss, 2011; Hidalgo et al., 2009; Collins, 2008; Takala et al., 2009).
Since meltwater from “water towers” is vital for billions of people (Viviroli
et al, 2007), it is important to have a correct understanding of the expec-
ted changes in the cryosphere. Secondly, higher temperatures lead to in-
creased potential evaporation rates, since a warmer atmosphere accommod-
ates higher transport rates (Settele et al, 2015; Wild et al,, 2013; Wang et al,,
2010). With increased potential evaporation rates, discharge is expected to
decrease. Several recent studies have investigated the discharge response
to increased temperatures and generally expect lower discharges resulting
fromincreased evaporation and a shifted seasonality induced by the changed
snow dynamics (Milly & Dunne, 2020; Mastrotheodoros et al, 2020; Rottler
et al, 2020). However, the relative importance and the combined effect of
evaporation and snow processes (including snowfalland snowmelt, and melt
from glaciers) on discharge and its seasonal variability are currently not well
understood.

Europe has experienced significant changes in evaporation, snow depth, and
streamflow over the last decades. For example, Teuling et al. (2019) showed
that potential evaporation has increased by about 10% over the period 1960—
2010. Their study shows that both changes in precipitation and evaporation
had considerable effects on the streamflow. Additionally, a study by Fontro-
dona Bach et al. (2018) showed that snow depth has decreased over the ma-
jority of Europe since the 1950s. Europe contains several major river basins
of high socio-economic importance. One of these is the Rhine basin, with
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6 | The response of snow, evaporation, and discharge to higher temperatures

its headwaters originating from the Alpine region. This basin covers many
different types of land cover: from glaciers to lowland areas. Several stud-
ies have already investigated the response of this basin under different cli-
mate scenarios (e.g., Stahl et al, 2016; Linde et al, 2010; Hurkmans et al,
2010; Pfister et al,, 2004; Shabalova et al, 2003; Middelkoop et al., 2007). Yet,
none of the studies have investigated the separate and combined response
of evaporation and snow processes to rising temperatures.

Spatially distributed modelling becomes increasingly viable, due to the in-
creased computational power, gains in model performance when adding
spatial information (Comola et al, 2015; Lobligeois et al, 2014; Ruiz-
Villanueva et al, 2012), and increased availability of high resolution data (e.g,
Huuskonen et al,, 2013; Cornes et al, 2018; van Osnabrugge et al, 2017; Hers-
bach et al, 2018). However, the choice of spatial resolution can affect the
model parameters (Melsen et al, 2016a), and the sign of the simulated an-
omalies (see Chapter 4). Besides, when finer spatial resolutions are used, the
time step should be reduced as well, as the space and time dimensions are
linked (Bloschl & Sivapalan, 1995; Melsen et al, 2016a). However, simulations
run at high spatial (and temporal) resolutions usually greatly increase com-
putational demand (for example, the study by Mastrotheodoros et al. (2020)
on a 250 m resolution required more than 6 x 10° CPU hours). This not only
requires the use of high-performance clusters, but also has the undesirable
side-effect of increased power consumption (Loft, 2020). There is need for
innovative hydrological models which can run on high spatio-temporal res-
olution without excessive computational demands, such as the recently de-
veloped dS2 model (see Chapter 5).

This study investigates the hydrological response to temperature-driven
changes in evaporation and snow processes (snowfall and snowmelt, and
melt from glaciers). We test our main hypotheses that both seasonal changes
in snow processes and enhanced evaporation will aggravate low flows and
that the changes will increase with temperature under realistic warming. We
simulate the Rhine basin at high spatial (4 km) and temporal (1 hour) resol-
ution using a calibrated version of the computationally efficient dS2 model,
which is based on the simple dynamical systems approach (Kirchner, 2009;
Teuling et al, 2010). The model was run for 2 decades, and for several scen-
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arios with increased temperatures to understand both historic changes and
potential changes in the future. The simulations performed at this rather
unusually high temporal resolution ensure that diurnal variations—vital for
evaporation and snow processes—are correctly represented. By separating
the temperature-driven effects on evaporation and snow processes, we can
understand and quantify the relative importance and interaction of each
process.

6.2 | Methods

6.21 | Studyarea

This Rhine basin is one of the major basins situated in north-western Europe,
covering several countries (see Figure 6.1, also for typical climatic values). We
focus on the basin upstream of the Netherlands, as this river is of vital im-
portance for the country (e.g. agriculture, shipping). The basin includes part
of the Alps, including several glaciers. Despite this being only a small frac-
tion of the basin (as can be inferred from the digital elevation model in Fig-
ure 6.13), it has considerable effects on the discharge (Stahl et al, 2016). As
a result, a correct understanding of temperature-driven changes is import-
ant to provide reliable discharge predictions. Despite differences in hydro-
logical, climatic, and geological characterstics, the discharge of many basins
depends on meltwater from snow and ice (Immerzeel et al,, 2020). Therefore,
we expect results from this study to give insight into the general hydrological
response to higher temperatures.

6.2.2 | Models and data

We used the computationally efficient distributed dS2 model (see Chapter 5)
to simulate discharge in the Rhine basin. The model is based on the simple
dynamical systems approach (Kirchner, 2009), and is extended with snow
and routing modules. As dS2 requires actual evaporation data as input, we
ran a soil moisture model (BETA, Beta EvapoTranspiration Adjustment) prior
to the rainfall runoff model to simulate the translation from potential evap-
oration (PET; calculated using the Penman—Monteith equation (Monteith,
1965)) to actual evaporation (AET). Since root zone depth is an important yet
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Figure 6.1 | Digital elevation model of the Rhine, and hydro-meteorological changes
between the 1980s and the 2010s. Panel a shows the simulation domain, with white
lines indicating the main river branches. The red diamond indicates the location of the
main outlet, and the red star indicates the location of the Rietholzbach research catch-
ment using for validation. Inset shows the location of the basin within Europe. Panels b,
¢, and d show the yearly average values of the 1980s for temperature, precipitation and
potential evaporation respectively, and panels e, f, and g show the differences between
the 1980s and the 2010s.
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highly uncertain parameter, we included simulations with root zone depths
ranging from 25 to 125 cm, with increments of 25 cm. All simulations are per-
formed at aresolution of 4x4 kmand at an hourly time step. The two models
are explained in more detail below.

The input data were obtained from the ERAS reanalysis dataset (Hersbach
et al, 2018). This dataset is globally available at a 0.25x0.25° resolution and
at an hourly time step from 1979 to present. ERAS data were interpolated
to the model grid using bilinear interpolation. We selected two periods with
equal length based on the maximum distance between available decades of
ERAS data: 1980-1989 and 2009-2018, referred to as the 1980s and 2010s,
respectively.

Soil data were obtained from the European Soil Hydraulic Database (EU-
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SoilHydroGrids ver1.0, Toth et al,, 2017). As this dataset did not contain critical
soil moisture content needed by the model to distinguish between water-
and energy-limited evaporation regimes (Denissen et al, 2020), it was de-
termined as the mean between wilting point and field capacity. The hygro-
scopic moisture content was calculated from the moisture retention curve
based on Mualem-van Genuchten parameters at —10 MPa (Laio et al, 2007;
Téth et al, 2017). The clay content of the European Soil Hydraulic Database
was used to calculate the pore size distribution (b) through a linear fit of the
values found in Clapp & Hornberger (1978). For the depth of the root zone,
we chose a depth of 75 cm but also included simulations ranging from 25
to 125 cm with increments of 25 cm to account for the uncertainty of this
parameter. The potential evaporation input data were calculated using the
Penman—Monteith equation (Monteith, 1965), based on ERAS5 input data.

BETA

A simple soil moisture model (BETA, Beta EvapoTranspiration Adjustment) is
used to pre-process the evaporation input. This model simulates the root
zone, and determines evaporation reduction based on the amount of water
stored in the root zone. Actual evaporation is assumed to be a function of
the available soil moisture such that

ETactuaI = ETpotentiaI . ‘3(9), (61)

where g represents the evaporation reduction parameter as a function of soil
moisture 6. g is defined using three linear relations with 9, based on Laio et al.
(2001):

Bu if0 < 0,
W h
BO) =1 Bu+(1—Bu)ge  ifb, <0<6 (6.2)
1 if. <6 <6

where B, represents the evaporation reduction factor at wilting point (set to
0.1), 6, represents the hydroscopic point, 6, the wilting point, 6. the critical
soil moisture content, and 6; the saturated soil moisture content.

Leakage from the root zone is calculated to simulate the vertical movement
of water. This water is assumed to be gone from the root zone, as we do
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not simulate a layer below the root zone. The leakage is based on the unit-
gradient assumption in combination with the Clapp & Hornberger (1978)
model for unsaturated conductivity, integrated over a time step At:

1
&)*2"*2 (2b+2)ksAt| P72

Qleakage = L0y — Lbs |:<9 oL (63)

S

where L represents the depth of the root zone, 6; the soil moisture content
at time step t, b the pore size distribution, and k the saturated conductivity.
The value for b is calculated through the clay fraction (CF), using a linear fit
based on the values in Clapp & Hornberger (1978):

b =13.52- CF + 3.53. (6.4)

Finally, the water balance for the root zone is defined as follows:
9t+1 = et + At(Prain + Msnovv - ETactuaI - Qleakage)v (65)

where P,,;, is the rate of rainfall at time step t, Mq,ow the rate of snow melt at
time step t, both are inferred in the same way as in the dS2 model (see below
and Chapter 5).

ds2

A conceptual rainfall-runoff model is used to simulate the discharge in the
Rhine basin. The dS2 model (Chapter 5) is based on the simple dynamical
systems approach, as proposed by Kirchner (2009). This approach is based
on the assumption that discharge is a function of storage, such that changes
in storage can be related to changes in discharge via a discharge sensitivity
function:

Q=1(S), (6.6)

dQ _dQds _dQ,, __
T asar = s P-ET-Q), (67)
where Q represents the discharge, S the storage, P and ET the precipita-
tion and actual evaporation, respectively, and 92 the discharge sensitivity to

changes in storage, referred to as g(Q). This concept has been successfully
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applied and validated in several catchments across Europe (Kirchner, 2009;
Teuling et al, 2010; Krier et al, 2012; Brauer et al, 2013; Melsen et al, 2014;
Adamovic et al, 2015). Chapter 5 describes how this concept has been modi-
fied so it can be applied in a distributed way, to allow the simulation of larger
catchments, while respecting the original scale of development. A new equa-
tion to better capture the typical shape of the g(Q) relation is proposed in
Chapter 5, which contains three parameters:

2(Q) = e*tAIn(@+1/Q (6.8)

Additionally, the model has been extended with a snow module based on
Teuling et al. (2010). The snow module is based on a degree-day method, ad-
justed to the hourly time step. This snow module is conceptualised as follows
(as also described in Chapter 5):

dssnow

dt = Psnow — Msnow (69)
Piota If T <= T,

Psnow = otal | < 0 (610)
0 if T> T,

ddf - (T — T, if Msnow - A = Scnow
Menow = { ( o | s (611)

Ssnow i
At If Msnow : At > Ssnowr

where S;ow is the total snow storage in millimetres (mm), Ps,ow is the precip-
itation falling as snow in millimetres per hour (mm h=1), Mg,ow is the snow-
melt in millimetres per hour (mm h=1), T is the air temperature in degrees
Celsius (°C), Ty is the critical temperature for snowmelt in degrees Celsius
(°C), ddf is the degree-day factor in millimetres per hour per degree Celsius
(mmh~1°C-1),and At is the simulation time step in hours. We define separ-
ate melt factors for snow and glaciers. Partitioning of precipitation between
liquid and solid precipitation (rain and snow) and melt is based on the crit-
ical temperature (set to 0°C). Routing of water is based on the width func-
tion (Kirkby, 1976), which means that lakes and other hydraulic structures are
not explicitly simulated. More details on the routing module can be found in
Chapter 5.

To calibrate dS2, we optimized the three discharge sensitivity parameters,
the degree-day factor for both snow and glacier pixels, and an evaporation
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correction factor. The evaporation correction factorisincluded to correct any
bias errors in the forcing data. According to Boussinesq's theory of sloping
aquifers (Rupp & Selker, 2006) and the results found in Karlsen et al. (2019),
systems with higher slopes are expected to show higher discharge sensitiv-
ity values. Therefore, the discharge sensitivity parameters were defined as a
linear function of the slope of each pixel, based on the hypothesis that re-
gions with steeper slopes show a more responsive storage—discharge rela-
tion than regions with gentle slopes. This resulted in two fitting parameters
(slope and intersect) for each of the three discharge sensitivity parameters.
Latin hypercube sampling was used to gain parameter values evenly sampled
across the possible parameter space. The period 2004-2008 was used for
calibration. To ensure realistic model performance across the entire basin,
the Kling—Gupta efficiency (KGE; Kling & Gupta, 2009) was calculated at 13
discharge measurement stations within the Rhine basin (see Appendix C for
corresponding locations and performance metrics). KGE values across all sta-
tions are averaged, and the parameters from the run with the best average
KGE are selected. The resulting parameter values can be found in Appendix C.

6.2.3 | Experimental setup

We have split our analysis into two parts. Firstly, we compare two decades
to understand the relative impact of each forcing variable. Secondly, we in-
crease temperature values with 0.5 degree increments to understand how an
increase in temperature affects the hydrological response in the Rhine basin.
We explain both experiments in more details below.

Validation

A thorough validation is required in order to ensure that models simulate
the correct sign and magnitude of the trends (Melsen et al, 2018). There-
fore, we validated dS2 on three variables: discharge of the total catch-
ment and snow and evaporation dynamics. Additionally, the validation of
snow and evaporation is performed at two levels: local temporal validation
with point observations from the Rietholzbach research catchment (Senevir-
atne et al, 2012) in Switzerland (location is indicated with the red star in
Figure 6.1a) and spatial validation of evaporation and snow patterns using
GLEAM (v3.3, Martens et al, 2017) and the European Climate Assessment &
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Data Set (ECA8D; Klein Tank et al, 2002; Fontrodona Bach et al,, 2018). The
Rietholzbach research catchment was selected as the data are available at
a high temporal resolution (hourly), which matches our model setup. Snow
observations from both the Rietholzbach and ECA&D are reported as snow
depth, where dS2 simulates snow water equivalent. In the graphs, we as-
sume a transformation factor of 0.1 (where 10 mm of snow depth represents
1mm of snow water equivalent) but always show both axes. The ECA8D data-
set only contains point observations, and no stations in France are available.
Due to data availability limitations of the Rietholzbach catchment, we had to
resort to our calibration period. Since dS2 was only calibrated on discharge,
this can still be interpreted as validation.

Forcing swap

In the first experiment, we aim to understand how each forcing variable can
explain the resulting changes in discharge, and their relative importance. To
perform this, we set up the experiment according to the conceptual overview
presented in Figure 6.2. The first two simulations are straightforward: using
allforcing variables from either the 1980s or the 2010s to produce the corres-
ponding discharge time series (“1980s" and “2010s"). In order to investigate
how temperature influences evapotranspiration and snow processes separ-
ately, we perform model runs in which the total temperature change is sep-
arated into temperature effects on evapotranspiration (“Changed Tev,,") and
snow processes (“Changed Tquow"). In addition, another run is performed with
only changes in precipitation (“Changed P"), so that these individual runs can
be compared to a run where all changes in forcing are enabled (“2010s"). The
Changed Tey,p simulation changes the amount of evaporation which results
from the new temperature time series. For the Changed T, simulation, the
following snow processes are affected: type of precipitation (rain or snow),
melt from snow, and melt from glaciers. This experimental setup is, to our
knowledge, new and has not yet been applied in other studies. It allows us to
understand changes directly driven by a change in forcing, but quantifying
combined changes remains challenging (e.g. change in type of precipitation
due to the interaction of precipitation and temperature). The resulting sim-
ulated discharge is compared to the 1980s run, to determine the discharge
change. In this way, we can evaluate the relative impact of each forcing vari-
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Simulation Model input Discharge Discharge
name 1980s (solid), 2010s (dashed) change
P Tsnow Tevap

Changed Tgnow

Changed Teysp

H B
7

Changed P [:.:IQ»»_»
n
7

Sum A

Figure 6.2 | Conceptualisation of the forcing swap experiment, showing the different
simulations (rows) and steps in the analysis (columns). The different forcing variables
are visualised as coloured blocks, where the solid and dashed boxes indicate forcing
data from the 1980s and the 2010s, respectively.

able on the discharge.

We sum the discharge changes in the three forcing-swapped runs, to obtain
SumA (as time series):

SumA = AQp + AQT spow + AQT evap (612)

where AQ, represents the discharge difference of the forcing-swapped sim-
ulations. We can use this SumA to study how well it explains the 2010s run, by
comparing it to AQao10s- We hypothesise that when SumA is equal to AQao10s,
the effect of the forcing is additive and together explains all differences. We
will refer to this as the direct effects. In the case of a discrepancy between
SumA and AQaoios, this can be attributed to the interaction between the
three forcing components. We will refer to this as indirect effects. For ex-
ample, temperature and precipitation are linked as the type of precipitation
(rain or snow) is dependent on temperature (see Equation (6.10)): a precip-
itation event in the 1980s would be falling as snow with the temperature of
the 1980s (T1%8%). When we swap T198% with T7201% the same event could
be classified as liquid rain leading to a direct runoff response, as opposed to
the original snowfall event with snowmelt later in the year. This could also
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happen vice versa or with swapped precipitation time series. The forcing-
swapped simulations do not capture these interactions.

We define SumA to have explanatory value when it has the same sign as
AQao10s- We calculate the contribution of the direct effects (¢) using the fol-
lowing equation:

max(SumA,AQy)) '
0, if sign(SumA) # sign(AQ.n)

min(SumA,AQq) if sien(SumA) = sign(A
(p—{— if sign(SumA) = sign(AQay) (613)

This value can then be used to calculate the relative (direct) contribution of
each forcing variable, using the following equation:

_ abs(AQx)
Px= (abs(AQp) + abs(AQT snow) + abs(AQT evap))

where AQ, should be replaced by AQp, AQT snow, OF AQT evap-

$ (614)

Increased temperatures

In the second experiment, we raise temperature in 0.5°C increments to un-
derstand how the basin responds to higher temperatures. We use the 1980s
period as a baseline and increase the temperature until 2.5°C, to match real-
istic temperature projections. Similar to the previous experiment, we sep-
arate the effects of temperature on evaporation and snow processes: an
increase in Te.ap influences the resulting evaporation, where an increase in
Tsnow affects the type of precipitation and the melt from snow and glaciers.
By separating these effects, we can understand their relative importance for
each temperature increase. This is a simplified approach, as a recent study
by van der Wiel & Bintanja (2021) showed that a warming climate affects not
only the mean, but also the variability. The latter is not captured in our ap-
proach.

6.3 | Results

6.31 | Forcing comparison and validation

Afirst comparison of average temperature, precipitation and potential evap-
oration reveals considerable differences between the two periods (Figure 6.1).
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Over the entire Rhine basin, yearly average temperature has increased by
more than 1°C, from 8.1° Cto 9.3° C between the 1980s and 2010s. The largest
differences are found in the eastern Alps, where average temperature has
risen by 1.5° C (Figure 6.1b, e). Average precipitation is lower in the 2010s
over the majority of the Rhine basin, with the yearly average precipitation
sums decreasing from 1146 mm to 1066 mm (Figure 6.1c, f). Spatial differ-
ences in precipitation are, however, less homogeneous over the basin than
the changes in temperature and potential evaporation. As a result of the in-
creased temperatures, average potential evaporation also substantially in-
creased from 607 mm to 678 mm from the 1980s to the 2010s, with the
largest increases occurring in the northern parts of the basin (Figure 6.1d, g).

Discharge validation (Figure 6.3a) shows that dS2 simulates the discharge
with high KGE values in both periods. Panel b shows how the average dis-
charge differs between the two periods, with lower discharges in the 2010s
forthe majority of the year. Discharge during the 2010s does not show as high
discharge values in June, and shows lower discharge values occurring later in
the year. Kling—Gupta efficiencies for each period and several stations within
the basin can be found in Appendix C.

For the validation with data from the Rietholzbach catchment, we compare
simulated actual evaporation with observed evaporation from a lysimeter
and compare simulated snow storage with observed snow height measure-
ments in Figure 6.4. Both variables are correctly represented and show sim-
ilar variability as the observations, even at an hourly timescale. The simu-
lated evaporation generally shows a smoother signal than the observations.
Snow storage shows a very similar pattern. It has to be noted that snow
height observations cannot be directly converted into snow water equival-
ent, due to, e.g, compaction. Yet dS2 simulates melt and snowfall at mo-
ments corresponding with observations, as is confirmed by the contingency
table in panel b. Given that dS2 is not calibrated on these variables, and given
the difference in spatial scale of the input data, this shows that dS2 is able to
correctly simulate evaporation and snow processes.

This is confirmed in the spatial validation, where we compare the actual
evaporation results from the BETA model with results from GLEAM (Martens
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Figure 6.3 | Attribution of discharge changes between the 1980s and the 2010s. Panel
a compares simulated (dark colours) with observed (light colours) discharge values for
1 representative year in each period. Panel b and ¢ compare the monthly and yearly
(respectively) simulated discharge values between the two periods, where fully coloured
boxes are significantly different (p<0.05, based on independent t-test). Panel d shows
the difference of model simulations where on the forcing time series of the 1980s has
been swapped with the time series from the 2010s. Panel e shows the contribution
of direct effects (black line), and the contribution of each forcing variable, to the total
change between the two periods. Overall mean values of the time series in panel e are
presented in panel f.

etal,2017). We see some deviations in terms of magnitude, where BETA sim-
ulates slightly higher values than GLEAM. However, despite the differences
in spatial resolution, the patterns are well represented in BETA: higher val-
ues in the southern region of the basin, with lower values in the central or
northern regions. The simulated snow storage is compared with observa-
tions from the ECA&D dataset, provided by Fontrodona Bach et al. (2018). It
should be noted that the observations are measured as snow height, while
dS2 simulates snow water equivalent. The figure shows that dS2 simulates
snow cover with a similar pattern as is observed: with high values in the Alps
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Figure 6.4 | Temporal and spatial validation of evaporation rates (a, b, ¢) and snow stor-
age (d, e, f). Panels a and d show validation with observations from the Rietholzbach
research catchment (location can be found in Figure 61a), with the table in panel d
showing the contingency table with the percentage of occurrences with snow (S) and
with no snow (NS). Note that panel d has two y axes: snow storage for the simulation
and snow height for the observations. Panels b and ¢ show the annual mean actual
evaporation of 2005 as determined with both GLEAM and BETA (with a rooting depth
of 75 cm). Panels e and f show annual mean snow heights of 2005, as observed in the
ECA8D dataset (snow height in cm), and simulated with dS2 (snow storage in mm).

and south-eastern region, and low values in the central and northern parts
of the basin.

6.3.2 | Forcing swap

Investigating the differences between the “forcing-swapped” runs gives in-
sight into how each variable affects the discharge (see Figure 6.3d, e, and f).
Changing the precipitation (AQp) has substantial effects on the discharge
(Figure 6.3d), swinging from large negative discharge differences to positive
differences. This is not unexpected, as precipitation is the factor controlling
water input into the basin. Changing only the temperature related to snow
processes (AQTsnow, including the type of precipitation, and melt from snow
and glaciers) shows discharge differences mostly in the first half of the year.
ThereductionindischargeinJanuary and February is caused by overall higher
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temperatures: less precipitation has fallen as snow in the preceding months
(as inferred from the increased discharge at the end of the year), leading
to less snowmelt in January and February. From March to May, this simu-
lation shows higher discharge values resulting from a more direct discharge
response due to more rain (instead of snow) and enhanced melt from the
glaciers. From July onwards, discharge values converge back to the original
1980s simulation, indicating that the discharge regime becomes less domin-
ated by melt from snow and ice. The simulation with evaporation from the
20105 (AQtevap) Shows a discharge reduction over the entire year. The higher
PET leads to higher actual evaporation, decreasing the discharge.

The contribution of direct effects in Figure 6.3e-f gives an indication of the
amount of interaction between the three forcing variables. Values close to 1
indicate that thereis little interaction, as the sum of the differences is able to
explain all changes. The contribution of direct effects is lowest during March
and around October. During these periods, the storage conditions of the
basin largely control the discharge response, either through snow storage
or water available to generate runoff. Around March, changes in the avail-
able snow storage are the result of interactions between temperature and
precipitation. Around October, discharge is controlled by water that is avail-
able for runoff generation, which is controlled by interactions of precipita-
tion and evaporation. Additionally, since the response of a pixel is a function
of its storage (through the simple dynamical systems approach), this also
affects the runoff response. These interactions of forcing variables cannot
be captured by simply combining the individual discharge responses, hence
the relatively large contribution of indirect forcing effects during these peri-
ods. When taking the averages of the values in Figure 6.3¢, the results show
(Figure 6.3f) that, overall, it is possible to explain almost half of the 2010s
discharge scenario by the direct forcing effects. The temperature effects of
evaporation and snow (0.16 and 0.10, respectively, totalling 0.26) are just as
important as the changes induced by differences in precipitation (0.19), yet
due to the large role of interactions, no more than 45% can be explained us-
ing this simple addition.
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6.3.3 | Increased temperatures

In the second experiment, we investigate the role of temperature increases
in changes in discharge. Higher temperatures affect the hydrological cycle
through evaporation, snow processes (snowfall and melt from snow and ice),
or a combined effect of the two. Using the dS2 model, separate simulations
of temperature effects on evaporation (Qrevap), SNOW (QTsnow), and their com-
bined effect (Qrpown) allow us to understand which variable is causing the
main changes. These time series are presented in Figure 6.53, including the
1980s run as a reference. Throughout the year, we see a near-constant reduc-
tion in discharge, without clear seasonal patterns. To investigate this further,
we highlighted three periods representing typical discharge regimes: high
discharge during January and February, the meltwater peak during May and
June, and low discharge during September and October. For each of these
periods, the change in discharge shows a roughly linear relation with tem-
perature increase. This is in line with our hypothesis, that higher temper-
atures will lead to larger differences in discharges. The resulting near-linear
relation isinteresting, as both snow and evaporation processes are threshold
processes through their relation with temperature and soil moisture, respec-
tively. We expect to see a more non-linear response to temperature when
reaching more hydrological extremes.

Surprisingly, for the periods during January-February and September-
October (Figure 6.5b, d), the modified snow run shows behaviour that is
the opposite of both the modified evaporation run and the combined run.
In these cases, the increased discharge as result of a change in snow pro-
cesses (more liquid precipitation, and more meltwater production from the
glaciers) slightly offsets the negative discharge change induced by the in-
creased evaporation. This ensures that the combined reduction in discharge
is less severe than when only the reduction induced by evaporation is con-
sidered. However, during May-June (Figure 6.5c), both evaporation and snow
processes show a negative discharge change, enhancing the combined neg-
ative change in discharge. During this period, less snow was available to melt,
leading to a reduction in discharge. As a result, the discharge of the com-
bined run shows an even larger reduction in discharge, where even the peak
during June from the 1980s has been largely diminished (Figure 6.5a). The
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Figure 6.5 | Discharge sensitivity to temperature increase. Panel a shows the yearly
average discharge under a 2.5°C increase, and panel b shows changes during typical
discharge events with stepwise temperature increases. Typical discharge periods high-
lighted in panel a match the periods used to compare the mean discharges in panels
b, ¢, and d. Shaded orange areas indicate the uncertainty induced by effective rooting
depth (25-125 cm), where higher discharges match shallower depths and vice versa.

exact response of the type of precipitation, snow depth, cover, and melt, and
melt from glaciers for each temperature increase can be found in Appendix
C. A substantial influence of rooting depth on the evaporation simulation is
visible (shaded orange areas in Figure 6.5), yet the trend direction with in-
creasing temperatures remains equal. Shallower rooting depth valuesinduce
more soil moisture stress since less water is available, leading to higher av-
erage discharges.

To understand the cause of these changes, the change in generated runoff
per model pixel is shown in Figure 6.6a. This figure shows that the majority
of the basin produces less runoff for all three periods. Only the southern re-
gions of the basin show a different response. During January and February,
these regions produced more runoff, resulting from the increased snowmelt
and increased liquid precipitation. In the other periods, only a few pixels pro-
duced more runoff. These pixels correspond to the glaciers in the Alps, which
produced more meltwater resulting from the increased temperatures, and
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Figure 6.6 | Spatial differences in the Rhine basin under the +2.5°C scenario. Panel
a shows the differences in generated runoff for the three periods highlighted in Fig-
ure 6.5a. Panel b shows the fraction of the basin where 80% of the changes could be
explained by either evaporation or snowmelt and the average discharge change corres-
ponding to each process.

explain the positive discharge change in Figure 6.5d.

In Figure 6.6b, the fraction of the basin that is dominated by one of these
three options is plotted against the relative change in mean discharge for
each period. As expected, the majority of the basin is mainly influenced by
evaporation (84-94%). As aresult, the mean discharge is reduced by +17%. By
contrast, a limited fraction of the basin (1-6%) is mainly influenced by snow
processes, yet still has a considerable effect on the mean discharge, varying
between —3% and 6%, depending on the period. Pixels in the basin where
neither snow nor evaporation appeared dominant take up only a very small
fraction of the basin (<1%). Generally, these regions are at the transition
between snow-dominated and evaporation-dominated regions. Overall, the
change induced by T¢,,w—despite the small contributing area—substantially
affects the discharge. More details on the response for each temperature
increase can be found in Appendix C.

6.4 | Discussion

We compared two periods of 10 years to investigate the relative importance
of changes in temperature, evaporation, and precipitation. Over these peri-
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ods of 10 years, most interannual variability is averaged out, allowing us to
objectively investigate the effect of different temperatures on the hydrolo-
gical response. However, decadal variation remains present, but due to the
length of these periods, it is not possible to fully contribute these changes
to a change in climate.

When validating the model with data from the Rietholzbach, the simulated
evaporation in the Rietholzbach showed a smoother signal than the observa-
tions. Deviations between the observations and simulations could be caused
by the relatively coarse ERAS data. Especially in the spatially heterogeneous
Alps, a single ERAS pixel could miss some local variations (such as variations
in cloud cover, radiation, wind, and/or temperature), causing a smoother sig-
nalin the simulated evaporation. For the spatial evaporation validation with
GLEAM, it should be noted that this is not a true validation, since GLEAM is
not a completely independent observational dataset. Despite this, GLEAM is
often considered as a reference for spatio-temporal validation of ET. Addi-
tionally, BETA uses a single rooting depth value for the Rhine basin.

The choice of spatial model resolution is a balance between data availabil-
ity, computational time and underlying modelling concept. Here we selec-
ted a resolution of 4x4 km, so we can use the ERAS5 forcing data with bilin-
ear resampling (without adding more degrees of freedom, uncertainty, and
potential errors), have short run times (simulating 10 years including all in-
put/output operations takes just over 5 minutes on a normal desktop), and
apply the model at its proven spatio-temporal scale (10 km? at hourly time
step). By contrast, the study by Mastrotheodoros et al. (2020) used a much
finer spatial resolution but at the cost of enormous CPU times.

Several other recent studies have investigated the hydrological response to
increased temperatures via either changes in evaporation and/or snow pro-
cesses (snowfall and melt from snow and ice). Below, we compare our results
with the results found in three of these studies. Firstly, the study by Rottler
et al. (2020) showed a decrease in runoff seasonality in rivers fed by melt-
water from snow, over the period 1869-2016. They found higher discharges
during winter and spring and lower discharges during summer and autumn.
The authors conclude that reservoir construction in these snow-dominated
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rivers is likely to cause this redistribution of discharge. However, our tem-
perature experiment shows a similar change in discharge: with higher dis-
chargesin winterand spring and lower discharges during summer. As the dS2
model does not include dams and other reservoirs, this signal can be attrib-
uted to a change in discharge production. Secondly, a recent study investig-
ating the response of several basins in Czechia to changes in snowmelt, con-
cluded that snowmelt started earlier in the year, which also reduced summer
low flows via baseflow (Jenicek & Ledvinka, 2020). However, our study shows
that low flows during September and October actually increased when only
snow processes are considered. This can be explained by that fact that the
Rhine basin includes glaciers, which produce more meltwater with higher
temperatures (assuming the glacier is thick enough to facilitate this melt).
This increase in meltwater resulted in higher discharge volumes during sum-
mer. Thirdly, Milly & Dunne (2020) showed a reduction in discharge in the
Colorado river basin and conclude that this is driven by increased evapora-
tion. This increase in evaporation is attributed to a reduction in snow cover
and hence a decreased albedo. Despite the different basin, our study sup-
ports the conclusion that increased temperatures reduce discharge through
both changesin snow processes, and increased evaporation. Our model does
not account for changes in albedo but does allow areas previously covered
in snow to evaporate water. And while differences in climate zone between
the Colorado and Rhine basins make it challenging to compare the absolute
numbers, the sign of the trend is equal.

Musselman et al. (2017) concluded that there was a lowering of snowmelt
rates due to a shift in the melt season towards a period with lower avail-
able energy (spring instead of summer). They simulated the snowpack with
amore complex energy balance rather than our degree-day method. The dS2
model does not include the radiation-driven changes, but does simulate that
snowmelt occurs earlier in the year. This means that, under increased tem-
perature scenarios, snowmelt occurs on days where previously no melt was
possible. Additionally, dS2 does simulate earlier depletion of the snowpack,
which also reduces snowmelt rates. Despite our different aim and approach,
we believe that our study supports the findings of Musselman et al. (2017).

The glaciers used in our model are fixed in space, and no growing or shrink-
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ing of glaciers is simulated. While the approach is common for shorter-
timescale studies such as ours (van Tiel et al, 2018), it limits the interpret-
ation of our results several decades into the future. The study by Lutz et al.
(2014) included a glacier mass balance and showed that melt from glaciers in-
creased before the glaciers eventually disappear. Without glaciers, increases
in drought severity are expected, as less meltwater is produced during the
summers (van Tiel et al, 2018; Huss, 2011). After 2050, substantial changes in
summer flow resulting from the reduction in glacierised area are expected
(Huss, 2011). Until this period, we expect our results to be representative.

When comparing our results with results from studies perform in the Rhine
basin (e.g, Linde et al, 2010; Hurkmans et al, 2010; Pfister et al, 2004;
Shabalova et al, 2003; Middelkoop et al, 2001), we see similar results. These
studies focussed mainly on understanding and/or projecting the Rhine dis-
charge under climate scenarios. Yet all these studies agree that the snowmelt
peak will occur earlier in the year and that the basin is expected to transition
from a mixed rain- and snow-fed river to a mostly rain-fed river. Addition-
ally, all studies agree to expect higher evaporation rates, further reducing the
discharge. This is all in line with our study, despite the fact that we did not
investigate changes in precipitation in our temperature scenarios. Further-
more, the Rhine basin contains several hydraulic control measures, which
are currently not represented in our model structure. Despite this, we still
reach good model performance, suggesting that these structures currently
do not have a very large influence on the discharge dynamics at the basin
outlet. In the future, however, the management schemes and number of
structures can be altered to accommodate the changes in the hydrological
cycle. As these changes are a large unknown, we decided to only focus on the
natural hydrological response.

6.5 | Conclusions

Temperature, evaporation, and precipitation substantially changed from the
1980s to the 2010s in the Rhine basin, reflecting changes that are typical for
many larger basins around the world. In the 2010s, basin average temper-
ature was more than 1°C higher, potential evaporation was almost 70 mm
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higher, and precipitation decreased with 80 mm. Discharge between these
two periods was significantly different for 10 out of 12 months. Each indi-
vidual forcing variable can partly explain these discharge differences: 10%
can be explained by the changed snowfall and melt dynamics, 16% is ex-
plained by the changed evaporation, and 19% by the changed precipitation,
leaving 55% to be explained by the interaction of these variables. As differ-
ences in evaporation, snowfall and melt are driven by changes in temper-
ature, the temperature effect is larger (26%) than the changes induced by
changes in precipitation (19%).

With higher temperatures, discharge is expected to decrease, resulting from
the positive effect of temperature on (potential) evaporation. However, snow
processes (more liquid precipitation and enhanced melt from glaciers) can
partially offset the negative change in discharge during the low flows in
September-October, which was contrary to our expectations. The discharge
response during May-June matches our hypothesis that both changes in
snow processes and evaporation enhance the reduction in discharge. This
is a result of the combined effect of enhanced evaporation and a reduction
in snowpack leading to less snowmelt.

This study focusses on the Rhine basin, yet these results can provide insight
for the many different basins around the globe, which also depend on both
rain- and snowfall. With higher temperatures, changes in snow processes
slightly offset the discharge reduction from enhanced evaporation over the
majority of the year. However, the season where runoff generation is reduced
due to smaller snow stores (and potentially smaller glaciers) should be iden-
tified in each basin, as this part of the year is impacted the most. Many re-
gions rely on water towers for their year-round water availability (Immerzeel
et al, 2020), where the mountainous regions cover varying fractions of the
basin. In many basins, more of the discharge originates from these water
towers than in the Rhine basin, amplifying our results. Here, higher tem-
peratures would likely imply even stronger negative amplitudes in discharge
trends during the melt season. Enhanced melt from glaciers and a shift from
snow to rain can partially offset the negative change in discharge caused by
the increased evaporation but can enhance the negative change when snow
stores are eventually depleted earlier in the year.
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This chapter is based on:

Buitink, J,, Melsen, L. A, and Teuling A. J. (2021). Sensitivity of evaporation
and low flows to CO,-induced changes in temperature and vegetation



The increase in atmospheric CO, concentration is known to influence tem-
perature, which ultimately affects the hydrological response of a river basin
through changes in evaporation. Besides changes in temperature, an in-
crease in CO; concentration is also known to influence vegetation, affecting
the amount of transpiration from plants. We investigate the hydrological re-
sponse of the Rhine basin to CO,-driven changes in stomatal resistance, leaf
areaindex, and temperature. The summer drought of 2018 is used as baseline,
to understand how low flows are affected for a similar event but with elev-
ated CO, concentrations. We showed that potential evaporation is expected
to increase with all three factors enabled. Temperature is the most domin-
ant factor (decreasing the discharge with —17%), followed by stomatal resist-
ance (increasing the discharge with +4%). Increases in leaf area index have
only very minor effects on the hydrological response. Overall, discharge is
reduced over the entire year with —14%. This reduction was smaller during
the summer period. This is the result of water-limited conditions, causing
a relatively large reduction from potential to actual evaporation. A sensitiv-
ity study confirmed that these patterns are consistent over a range of differ-
ent responses of stomatal resistance, leaf area index and temperature. This
study highlights that the vegetation effects, in particular the increase in sto-
matal resistance, need to be considered in studies with elevated CO, concen-
trations. Not accounting for this process can lead to an annual overestim-
ation in potential evaporation of nearly 60 mm year—! (7% of average 2018
potential evaporation) and an annual average underestimation in discharge
of 57 m3 s7! (3% of the average 2018 discharge). This can have substantial
impacts on the estimation of future low flows in basins such as the Rhine.

“Will it flow into the river
Or will it go to waste?”

—Nothing But Thieves, Before We Drift Away (2020)
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The atmospheric concentration of carbon dioxide is an important factor in
maintaining Earth’s greenhouse effect, which is critical in supporting life.
Carbon dioxide is often referred to as a “greenhouse gas”, as it has the abil-
ity to absorb and re-emit long wave radiation (Hartmann et al, 2013). This
warms both the atmosphere and the earth’s surface. However, the concen-
tration of CO, in the atmosphere has increased significantly over the last
century, resulting from human activity (Stocker et al, 2013; Hartmann et al,,
2013). This increase in concentration enhances the greenhouse effects, lead-
ing to a warming of the planet, and is one of the main factors responsible
for climate change (Stocker et al, 2013). Additionally, the CO, concentration
is expected to further increase in the future, making climatic changes even
more prominent (Stocker et al, 2013). With this change in climate comes a
change in the response of hydrological systems. In general, the hydrological
cycle is expected to “intensify” (Huntington, 2006), meaning that hydrolo-
gical extremes occur more frequent and are more severe. Many studies have
been devoted to understand how these changes in climate affect the local
hydrological response. However, these studies generally only focus on the
changes in temperature (such as Chapter 6) and/or precipitation and do not
include the response of vegetation to an increased CO; concentration.

Prior to understanding the hydrological response, we first shortly discuss the
changes in vegetation and their effects on evaporation. Firstly, the physiolo-
gical response of vegetation to anincrease in atmospheric CO, concentration
is a long studied subject, and rather well understood. Two main changes in
vegetation to an increase in CO; concentration can be identified that are rel-
evant for the hydrological response: an increase in stomatal resistance and
an increase in leaf area index (LAI). Due to the increase in atmospheric CO;
content, plants’ stomata need to open less to capture the same amount of
carbon, and the density of stomata is reduced: both are effectively increas-
ing the stomatal resistance (Ball et al, 1987; Kimball et al,, 1993; Medlyn et al,,
2007; Ainsworth & Rogers, 2007; Lammertsma et al, 2011). As a result, less wa-
ter is transported from the leaf to the atmosphere. As the second response,
an increase in LAl is often observed. This is the result of higher carbon con-
tents in the atmosphere enhancing the growth of plants (Kimball et al,, 1993;
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de Graaff et al, 2006). These two responses in vegetation affect the amount
of transpiration: where the increased stomatal resistance reduces the tran-
spiration, the increased leaf area enhances the amount of transpiration and
rainfall interception.

The interaction of these two processes has also been widely studied across
varying study regions and with slightly different conclusions. Several stud-
ies agree that on a global scale, the increase in stomatal resistance and the
increase in LAl are in the same order of magnitude, and effectively counter-
act each other (Notaro et al, 2007; Kergoat et al, 2002; Betts et al,, 2000;
Douville et al, 2000; Levis et al, 2000). However, these results might not
be valid on a regional scale, indicating that one of the two components can
have a more pronounced impact on the resulting evaporation. For example,
Keenan et al. (2016) concluded that the direct effects of stomatal resistance
is much larger than the indirect effect of increased leaf area index. Addi-
tionally, Kruijt et al. 2008) compared the effects of stomatal resistance with
the temperature effects of an increased CO, concentration. They concluded
that the effects of stomatal resistance can slightly counteract the increased
evaporation resulting from the higher temperatures. These studies highlight
that the change in evaporation resulting from the combined response of in-
creased stomatal resistance and increased LAI, together with higher temper-
atures, is not trivial.

The water balance dictates that a change in evaporation affects the hydro-
logical response of a basin. Despite that the role of vegetation is rather well
understood, their response is not always accounted for in hydrological mod-
els. Wang & Dickinson (2012) explain that the response of vegetation to CO;
in land surface models is often based on short-term observations, meaning
that the plants might not yet have fully adapted to the new CO;, concen-
tration. Specifically, if the process of increased stomatal resistance is not
accounted for, potential evaporation estimates are likely too high (Milly &
Dunne, 2016). This has major implications for the resulting discharge es-
timates. Recent changes in vegetation associated with the increasing atmo-
spheric CO, concentration have showed to reduce the baseflow in Australia
(Trancoso et al, 2017). Some other studied tried to quantify the hydrological
response under potential future climate conditions. For example, Leipprand
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& Gerten (2006) studied the hydrological response under a doubled CO; con-
centration. They concluded that both the changes in stomatal resistance and
LAl seem to counter each other on a global scale, as they observed only very
minor changes in evaporation, soil moisture and runoff. However, they also
stress that the interaction between stomatal resistance and LAl can have a
strong (positive or negative) sign on the regional scale, indicating that more
detailed research is required. In an effort to focus on regional scales, Wu
etal. (2012) studied this interaction in the Upper Mississippi river basin. They
showed that, when increasing the CO, concentration, evaporation was re-
duced throughout the year (excluding the effect of temperature). A novel
approach was used by Yang et al. (2019) to extract the hydrological response
from Coupled Model Intercomparison Project Phase 5 models. They showed
that in these models, the increased evaporation resulting from higher tem-
peratures is almost fully offset by the increase in stomatal resistance. They
did, however, not include the response of LAl to the rising CO, concentra-
tions. The study by Singh et al. (2020) did include this increase in LAIl, and
showed that it counteracts the changes induced by the change in stomatal
resistance. In conclusion, a study investigating the sensitivity of changes in
stomatal resistance and LAl to changes in evaporation and discharge in a
mesoscale basin is—to our knowledge—lacking.

Due to the seasonal patterns in temperature and incoming radiation, evap-
oration is generally highest during the summer period. In regions without
strong seasonal variations in precipitation, such as northwestern Europe,
discharge values are generally lowest during the summer period. As a res-
ult, a change in evaporation during its peak values can have large implica-
tions on the resulting discharge, and therefore also on the low flows. Over
the past decades, Europe has experienced several widespread drought events
(e.g, 2002,2003, 2015) (van Hateren et al,, 2021). Just recently, northwestern
Europe experienced severe drought conditions during the summer of 2018.
This period was a combination of low precipitation, high temperatures, and
high incoming radiation, with high evaporation rates and low discharge val-
ues as a result, as can be seen in Figure 7.1. Vegetation was also shown to be
impacted by this drought, as was inferred from a reduction in net ecosys-
tem productivity (Bastos et al, 2020). This was mostly caused by reductions
in soil moisture values (see Chapter 3, Smith et al, 2020). Northern regions
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Figure 71 | Spatial and temporal characteristics of the 2018 summer drought. Panel a
shows the precipitation anomaly of June, July, and August of 2018 with respect to the
period 1980-2018 (based on the E-0BS v20.0e dataset; Cornes et al, 2018). Red outline
shows the catchment area of the Rhine basin. Precipitation (b), potential evaporation
(c), and discharge (d) of the Rhine basin in 2018 (solid black line) are compared with the
10-90% percentile distribution (shaded area) and the long term mean (dashed line)
over the period 1980-2018.

in Europe were also affected, where anomalies in precipitation, groundwater
levels and streamflow were observed (Bakke et al,, 2020). Combined with cli-
mate projections (Stocker et al, 2013), these drought conditions are expected
to occur more frequentin the future. As a result, it is vital to understand how
evaporation and low flows are affected by CO,-induced changes, especially
during summer droughts when potential evaporation values peak. Incorrect
evaporation estimates can lead to substantial errors in discharge (and water
level) projections.

In this study, we quantify the sensitivity of evaporation and low flows to CO,-
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induced changes in stomatal resistance (rs), leaf area index (LAI) and tem-
perature (T) in the Rhine basin. We focus on the Rhine basin, as this basin
is of major socio-economical importance to northwestern Europe, and cov-
ers several different land cover types. As the year 2018 provided an impres-
sion for potential future drought conditions, this year was used as a baseline
to understand how the basin responds to increased CO; levels, translated
to three factors (temperature, stomatal resistance, and LAl). This raises the
question of how the Rhine basin will respond to a similar event in terms of
atmospheric circulation and associated precipitation, but with an elevated
atmospheric CO; concentration. Simulations using the dS2 model allow us to
quantify the separate and combined effects of these factors on evaporation
and low flows. By using different values representing the relation between
increase in CO; concentration and r, LAI, and T, we quantify the sensitivity of
evaporation and low flows to these changes, and address the importance of
capturing these processes in long-term hydrological studies.

72 | Methods

721 | Study area

For this study, we focus on the Rhine basin, specifically at the catchment up-
stream of the Netherlands. This is one of the major basins in northwest-
ern Europe, and is of major importance for this region for industry, agricul-
ture, drinking water supply, and shipping. As a consequence, hydrological
extremes (both floods and droughts) can have significant economical con-
sequences. A correct understanding of the response of the Rhine basin under
elevated CO; conditions is vital to potentially avoid large economic losses in
water resources management, infrastructure, and transport.

72.2 | Models

For this study, we employed the same modelling setup as used in Chapter 6.
Prior to running the hydrological model (dS2), we run a simple soil model
(BETA) to calculate the actual evaporation. In the BETA model, potential
evaporation is determined using the Penman—Montheith equation (Mon-
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teith, 1965):

L., 900
T3

(A+7(1+2))

0.408A(R, — G) (es — €a)

Epot =

where E,. is the potential evaporation in mm h=1, A is the saturation
slope vapour pressure curve at T in kPa °C™!, R, is the net radiation in
MJm~=2hour~!, G is the soil heat flux in MJ m=2 hour~!, v is the psychromet-
ric constant in kPa °C~1, T is the air temperature in °C, u, is the wind speed
at 2 meter in m s, e is the saturation vapour pressure at T in kPa, e, is the
actual vapour pressure in kPa, r; is the surface resistance ins m=1, and r, is
the aerodynamic resistance in s m—1.

As this study is aimed specifically to understand the hydrological response
to three CO,-driven responses (rs, LAl, and T), we modified these variables to
include a dependency on atmospheric CO; concentration. The relation for rg
is based on the work of Yang et al. (2019), and was taken as inspiration for the
two other relations. The r relation was combined with the original definition
from Allen et al. (1998), to include LAl into the Penman—Montheith equation.
A similar relation was used for the increase in temperature. This resulted in
the following three relations:
r(CO,) = ﬁ + Ar, - ACO,,
LAI(COy) = LAl + ALAI - ACO,,

T(COy) = T+ AT - ACO,,

where r is the bulk stomatal resistance of the well illuminated leaf in s m—1,
LAl is the leaf area index, Ar is the change in rs as function of change in
CO, concentration in ppm (ACO,), ALAI is the change in LAl as function of
change in CO, concentration in ppm, AT is the change in T as function of
change in CO; concentration in ppm.

We used varying values for the Ar,, ALAI, and AT, inferred from the stud-
ies below. Both the rs and LAl slope values are based on the study by Yang
etal. (2019). The relation between CO; and temperature is based on the scen-
ario predictions made by IPCC (Stocker et al, 2013), matching the expected
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Table 71| Relation between vegetation characteristics, temperature and CO, concentra-
tion. Slope is defined as function of x,ew = x + slope - ACO,, similar to the approach of
Yang et al. (2019)

Slope Value at +400 ppm CO;
min mean max min mean max
At 1.67-10-2  500-10-2 833-.1072 | 6.67 20.00 33.33
A LAl | 1.02-10-% 3.06-10"* 510-10~* | 408-10"2 122-10"! 204-10!
AT 300-10% 9.00-103 150-10-2 | 120 3.60 6.00

temperature increase around 2100 according to the RCP 8.5 scenario. Sev-
eral values for each relation (ranging between the minimum and maximum
slope values in Table 71) are used to account of uncertainty in those values,
and to understand the sensitivity of the hydrological response. We set ACO,
to +400 ppm, to be in line with conditions around 2100 following the RCP8.5
scenario (Stocker et al, 2013). The resulting different PET time series are fed
through the BETA and dS2 model to quantify their effects on the hydrological
response.

72.3 | Data

Input data for both models were obtained from the ERAS reanalysis data-
set (Hersbach et al, 2018), which is globally available at a 0.25°x0.25° and
hourly resolution. This data was interpolated using bilinear interpolation to
the model grid (4 kmx4 km). We run simulations for the period 2016-2018,
such that 2016 and 2017 are used as a warm-up period, and we focus on the
year of 2018. As mentioned earlier, the dry conditions experienced during
2018 are expected to occur more frequent in the future (e.g. with higher
CO; concentrations), hence we focus on the response of the basin during this
year.

Soil data for the BETA model were obtained from the European Soil Hydraulic
Database (EU-SoilHydroGrids ver1.0, Téth et al, 2017). No critical soil mois-
ture content data were available in this dataset, so it was taken as the mean
between wilting point and field capacity. The moisture retention curve based
on Mualem-van Genuchten parameters at —10 MPa (Laio et al, 2001; Téth
et al, 2017) was used to calculate the hygroscopic moisture content. The clay
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content of the European Soil Hydraulic Database was used to calculate the
pore size distribution through a linear fit of the values found in Clapp & Horn-
berger (1978). We chose a depth of 75 cm for the rootzone, but varied it for
the sensitivity analysis (see below).

Discharge data for calibration and validation, and to determine the 10t per-
centile scores are obtained from the Dutch Directorate-General for Public
Works and Water Management (Rijkswaterstaat). The 10th percentile is cal-
culated for the main basin outlet (Lobith) based on monthly discharge data,
covering the period 1901-2018. The hourly simulated values are compared
with this threshold for each corresponding month.

7.2.4 | Simulation setup

Calibration and validation

A similar approach as used in Chapter 6 was used to calibrate dS2. We
selected the period 2004-2008 for calibration, and used Latin hypercube
sampling to create a sample of all required parameters. We sampled the
following parameters: three discharge sensitivity parameters, degree-day
factor for both snow and glacier pixels, and an evaporation correction factor.
The latteris to correct any bias errors in the forcing data. The three discharge
sensitivity parameters were defined as a linear function of slope, resultingin
two fitting parameters (slope and intersect) for each discharge sensitivity
parameter. As a result, a spatial parameter field as function of slope was cre-
ated for each discharge sensitivity parameter. The Nash—Sutcliffe efficiency
(NSE; Nash & Sutcliffe, 1970) was calculated based on the logarithm of the
discharge, to put emphasis on the model performance during low flows. The
NSE was calculated at 13 discharge measurement stations throughout the
Rhine basin, to ensure good model performance across all sub-basins. The
mean NSE across all stations was used to select the best performing para-
meter set. We validated the model for the year 2018, with a special focus on
the low flow simulations.

Hydrological simulations and metrics
We focus on the hydrological response over the year 2018. As this event had
major economic consequences, it is important to understand the effects of
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higher atmospheric CO, concentrations in the Rhine basin. As the aim of this
study is to quantify CO,-driven feedbacks in evaporation, we decided to only
change the evaporation time series. This allows us to elegantly quantify and
describe the hydrological response to each of the three considered feedbacks
in evaporation. This means that no changes in precipitation and temperature
(affecting snowfall and melt from snow and ice) are considered.

To understand how the Rhine basin responds to CO,-driven changes in r,
LAl and T, we investigate both the individual effects and the combined ef-
fects. We run five simulations: first without any CO,-driven changes (e.g. the
baseline), three simulations with each individual effect enabled, and lastly a
simulation with all changes enabled. This modelling setup allows us to in-
vestigate both the individual and combined response of the basin to each
change. Additionally, we can determine the relative contribution of each ef-
fect to the total changes, by using the following equations (similarly to the
approach used in Chapter 6). These equations are shown for discharge (Q),
butare similar for the calculation of contribution in PET and AET. The changes
in the three runs with each process separated are summed to obtain SumA
(as time series):

SumA = AQrs + AQal + AQT ()

where AQ, represents the discharge difference of each separate simulation
with respect to the original 2018 simulation. By comparing SumA with AQay
(the discharge difference between the simulation with all effects enables and
the original 2018 simulation), we can quantify how well this approach ex-
plains the simulation with all three factors simultaneously enabled. When
SumA is equal to AQay, we assume the individual effects to be additive, and
can together explain all differences (referred to as direct effects). When there
is a difference between SumA and AQjy, we attribute these differences to
the interaction between the three components, such as changes in rootzone
water content (referred to as indirect effects). To quantify the contribution
of each individual factor, we use the following equation. Firstly, we set SumA
to have explanatory value when it has the same sign as AQay:

o= %%, if sign(SumA) = sign(AQay) 72)
0, if sign(SumA) # sign(AQan)
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This value is used to calculate the direct contribution of each individual
factor (¢) according to the following equation:

abs(AQy)

(px - (abS(AQrs) + abS(AQLA|) + abs(AQT)) 4) (73)

where AQ, should be replaced by AQ/, AQual, OF AQT.

Sensitivity analysis

To account for uncertainty in the mean values as provided in Table 7., we per-
formed a sensitivity analysis on the slope defining the relation between each
process and CO, concentration. These values range between the minimum
and maximum values presented in Table 71, including completely disabling
the relation with CO,. Additionally, we step-wise increased all slope val-
ues simultaneously to understand the interactions of these processes over a
range of values. To account for uncertainty in the rootzone depth, all these
simulations are performed over four different rootzone depths: ranging from
0.50 m to 1.25 m, with steps of 0.25 m.

The effect on discharge is investigated through two discharge metrics: the
percentage of time that the simulated discharge of 2018 is below the long-
term tenth percentile discharge value, and the minimum flow during 2018.
For the spatial differences, we grouped the simulations by season, and com-
pare the simulations with all components enabled with the default 2018 sim-
ulation. We investigate the response during spring and summer, as these are
the periods with highest evaporation values.

7.3 | Results

7331 | Effect onthe hydrological response

In the first analysis, we compare the simulated discharge values with the ob-
served discharge values over the year 2018 (see Figure 7.2a). Overall, patterns
in the simulated discharge time series match the patterns found in the ob-
servations. The peak discharge during January was underestimated, yet this
can be explained by the focus on low flows during the calibration proced-
ure. The model did simulate somewhat high discharge values during Septem-
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ber, but did correctly capture the lowest flow during November. Overall, the
model reached a logarithmic Nash-Sutcliffe efficiency of 0.65 for 2018, indic-
ating realistic model performance. This panel also shows the discharge time
series when all three CO,-driven relations are taken into account (according
to the mean values in Table 7.1). This shows lower discharges throughout the
year, yet the biggest differences are found during the first four months of the
year.

The time series in Figure 7.2b show how each individual process affects the
resulting discharge, presented as relative changes. Overall, we see a very
limited influence of the increase in LAI, which only slightly reduces dis-
charge values (—6.68 m3 s1). The increase in stomatal resistance increases
the amount of water discharged through the Rhine (+841 m3 s, +4% on
annual average discharge), as was expected. Higher temperatures lead to
lower discharge values (—365.8 m3 s—!, —17% on annual average discharge),
and so does the combined response (—308.2 m3 s~1, —14% on annual av-
erage discharge). However, the combined response is lower compared to
the run where only temperature is taken into account (with a difference of
576 m3 s71, 3% of annual average discharge). This graph confirms that the
largest discharge differences—even when looking at the relative changes—
occur during the first four months, with the smallest differences during the
summer period. This latter can be attributed to relatively large AET reduction
factors (see Figure 7.2e), as explained below.

Potential evaporation (PET) time series show that, with all CO,-induced
changes, the evaporation is higher throughout the year (see Figure 7.2c).
This is confirmed in Figure 7.2d, where we see a rather constant increase
of 0.41 mm day~! throughout the year. Similarly to the discharge, we
see the limited influence of LAI, as the PET values are only increased by
0.01 mm day—!. The effect of r, is in line line with expectations, showing a
decrease of 0.14 mm day—!. The largest increase is caused by the increase in
temperatures, which show an increase of 0.57 mm day—!. This does highlight
that when the effect of vegetation is not taken into account, PET estimates
will be on average about 016 mm day~! too high (almost 60 mm year—1, or
6%).
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Figure 7.2 | Temporal dynamics of discharge (a), potential evaporation (c), and ac-
tual evaporation reduction factor (e) in response to an increase in CO, concentration
(+400 ppm). Panels on theright (b, d, f) show the difference induced by the separate and
combined effects of the three CO,-driven relations. Evaporation values are smoothed
using a moving average of 2 weeks to improve visualisation of the patterns. Numbers on
the right hand side show mean difference over the full year with respect to the original
2018 conditions.
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Figure 7.3 | Contribution of each component to the total change. Black numbers repres-
ent the total explained fraction, and coloured numbers the contribution of each vari-
able.

When looking at the actual evaporation values (AET), we see a completely
different response. Firstly, during the period July—November, we see rather
high actual evaporation reduction factors (where this factor is defined as AET
= factor - PET). With all CO,-driven feedbacks enabled, this factor is higher
than the baseline 2018 conditions. This indicates more water stressed con-
ditions. Despite the increase in PET, the resulting AET is lower with all CO,-
driven feedbacks enabled (see Figure 7.2f), due to this higher reduction factor.
When looking at the individual responses in Figure 7.2f, we again see that
temperature is the largest contributing factor. Due to the increase in sto-
matal resistance, the AET around July is actually higher than the original 2018
time series. This can be explained by the fact that actual evaporation was
lower during the preceding months, meaning that the basin was less water-
limited during this period.

73.2 | Relative contributions

From the differences induced by the individual components, we can infer the
contribution of each component to the total change. The results are presen-
ted in Figure 7.3, and are separated for discharge, potential evaporation, and
actual evaporation. The total direct contribution in each variable is rather
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Figure 7.4 | Spatial differences during spring (a, b, ¢) and summer (d, e, f) between the
current situation and a simulation with +400 ppm CO,. Differences are shown for gen-
erated runoff (a, d), potential evaporation (b, e), and actual evaporation (c, f).

high, indicated by the black numbers in Figure 7.3. This means that there is
limited interaction between the three components, such as a change in stor-
age conditions leading to a different response. When this would be the case,
the total direct effect would deviate further from one. Actual evaporation
has the lowest total direct contribution with 0.78. This is not unexpected,
as AET is highly dependent on the amount of water available in the rootzone.
Therelatively low direct contribution indicates that there is more interaction
(indirect effects) between the three components that in the discharge and
PET time series. Furthermore, these results show that temperature is by far
the largest contributing factor, as was expected from the results in Figure 7.2.
This is followed by the increase in stomatal resistance, and the increased LAl
only has a very minor effect on the total change.

Spatial differences show some interesting patters across the three different
output variables (Figure 7.4). We see a reduction in generated runoff for both
seasons. However, the reduction is largest during spring. The pixels in the
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middle of the basin show a smaller reduction. This part of the basin has
very low (or close to zero) terrain slope angles. Following from the calibra-
tion procedure, where discharge values were related to terrain slope angles,
this resulted in discharge sensitivity parameter such that these pixels have
extremely low discharge sensitivity values. Consequently, a change in stor-
age conditions leads to only a very minor change in generated runoff, hence
the low values in this region.

During the summer period, generated runoff is also decreased, yet not as
much as during spring. Some very small regions even generated slightly more
runoff than during the original 2018 conditions. Potential evaporation shows
amore homogeneous pattern, with increases of around 10% across the basin.
This is in line with the time series presented in Figure 7.2. Interesting pat-
terns appear in the actual evaporation maps. During spring, we again see an
increase in actual evaporation, yet not as large as the increase in potential
evaporation. However, during the summer period, we see contrasting pat-
terns across the basin. The majority of the basin shows a decrease in AET,
but the southernmost region of the basin (the Alps) show an increase in AET,
despite an overallincrease in PET. This can be explained by the water availab-
ility, similarly to the response in Figure 7.2f. The majority of the basin—except
the southernmost region—is water limited, meaning that the soil could not
meet the evaporation demand set by the increased PET. Additionally, since
more water already evaporated during spring, less water was available for
evaporation, leading to this overall reduction in evaporation. Interestingly,
despite lower AET values, generated runoff values (and hence discharge, see
Figure 7.2a, b) were still lower during the summer, also resulting from a re-
duction in water availability during this season.

73.3 | Sensitivity analysis

A sensitivity analysis was performed to understand the hydrological re-
sponse across varying changes in stomatal resistance, LAl, and temperature.
These results are presented in Figure 7.5. The increase in stomatal resistance
seems to have only a limited effect on the fraction of time where discharge
is below the tenth percentile (Q10). However, higher values generally do lead
to lower fractions. A more pronounced effect is visible in the minimum flow,
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Figure 7.5 | Discharge sensitivity to each variable based on a +400 ppm CO, concentra-
tion. Left column of panels (a, ¢, e, g) shows the effect of each component to the fraction
of time that the 2018 discharge is below Q10. Right column of panels (b, d, f, h) shows
how the minimum flow changes resulting from each component. The bottom row (g,
h) shows the results of step-wise increases of the values determining the relation with
CO; concentration, starting from no relations at all (0) to the highest value for each re-
lation (5). Different coloured lines indicate different depths for the rootzone, ranging
from 0.50 m (darkest) to 1.25 m (lightest) in 0.25 m intervals.

170



7.4 | Discussion

where higher relation values lead to higher minimum discharge values. Sim-
ilarly to previous results, the increase in LAl has only very minor effects on
the discharge. It very slightly increases the fraction of time where discharge
drops below Q10, and very slightly lowers the minimum flow. Temperature
shows again a substantial influence on the discharge. However, higher slope
values in the CO; relations seem to reach a plateau. After a temperature in-
crease of around 3.5°C, the fraction of time below Q10 stabilises just below
0.4. The minimum flow does decline with higher temperature slope values,
yet the reduction gets smaller with higher slope values. This plateau-effect
can be attributed to the AET reduction: with higher temperatures, PET be-
comes so large that most rootzone water is evaporated. As a result, the AET
is strongly reduced, having only a minor influence on the resulting discharge.
The combined response looks similar to the response to only temperature
for both the fraction of time below Q10 and the minimum flow. However,
the values are slightly reduced (with respect to temperature only) due to the
reduction induced by an increase in stomatal resistance.

74 | Discussion

Overall, the results show that potential and actual evaporation are expected
to increase with elevated atmospheric CO, concentrations. This can largely
be attributed to the resulting increase in temperature. However, an increase
in stomatal resistance partially counters the increase induced by temperat-
ure. Contrary to our hypothesis, the increase in leaf areaindex only had a very
minor influence on the resulting evaporation and discharge. The amount of
water available in the rootzone caused the actual evaporation to decrease
around July. Despite this, discharge remained lower with all CO,-driven feed-
backs enabled than the original benchmark simulation. Our results show
that uncertainty in the exact relation between each variable and CO; con-
centration can have substantial influence on the resulting discharge values.
However, the patterns and relative contributions of the different variables
showed to be consistent.

We employed a simple approach to implement the response of vegetation
to an elevated CO, concentration. Despite that this approach has been used
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before in hydrological sciences, it is a simplified representation of vegeta-
tion. We separated the effects of rs and LAI, while in reality, a plant regulates
both factors simultaneously (Zheng et al, 2019). Furthermore, other mod-
els put more emphasis on the interaction of leaves with incoming radiation
(de Arellano et al,, 2012), something that is not directly included in our mod-
ified Penman—Monteith equation. Additionally, with more extreme drought
conditions resulting from higher temperatures, plants could potentially die
from a lack of water (Schuldt et al., 2020). This is currently not accounted for.
This can lead to a reduction in transpiration, and hence have a positive effect
on discharge.

Comparing our results with other studies, we see similar conclusions. For
example, the study by Milly & Dunne (2016) stated that PET estimations
without the stomatal resistance effect are likely to be too high. We con-
firmed this in our study, and showed that PET estimates would be on average
016 mm day—! too high (almost 60 mm year~1) in the Rhine basin. Our res-
ults show that enhanced evaporation over the majority of the year reduces
generated runoff, which is in line with the conclusions from Trancoso et al.
(2017). However, some effects were not accounted for in our study. For ex-
ample, Bounoua et al. (2010) argued that increases in evaporation will have
a cooling effect (partitioning between latent heat and sensible heat). We
did not account for this interaction between evaporation and temperature.
Question remains whether this has any noticeable effects on a scale such as
the Rhine basin. Additionally, Bounoua et al. (2010) stated that increases in
evaporation will ultimately lead to changes in precipitation patterns (which
was also mentioned by Notaro et al, 2007). In our study, we deliberately
chose not to include changes in precipitation, in order to get a clear under-
standing on the importance of the specific vegetation-driven feedbacks in
evaporation. As changes in precipitation patterns come with large uncer-
tainties, getting a clear understanding on how changes in vegetation will in-
fluence the hydrological response would become too clouded. Furthermore,
it has been stated that growth of plants could be stimulated when less water
is required through the increase of stomatal resistance (Kruijt et al, 2008).
However, we show that the effect of temperature remains dominant, lead-
ing to an overall increase in evaporation. As the CO;-induced effect on LAl
showed to be very small, we expect this effect to be even smaller (if present
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at all).

In a global study, Gedney et al. (2006) concluded that an increasing trend
in long-term runoff time series could not be explained by only a change in
climate. They claimed that, as a result of higher CO, concentrations, tran-
spiration in plants was reduced through the increase in stomatal resistance,
and that this effect could be detected in river runoff. Their results, however,
have been criticised. Peel & McMahon (2006) had some concerns regarding
the gap-filling method, and whether the reference stations were represent-
ative. Two years later, Huntington (2008) argued that a reduction in transpir-
ation was not the explanatory variable, and that actually increases in annual
actual evapotranspiration are observed. Huntington (2008) concludes that
the observedincrease in runoffis more likely to be caused by increasesin pre-
cipitation, and enhanced melting from ice and snow. Despite not including
changes in precipitation and enhanced melting from snow and ice, our res-
ults seem to confirm this conclusion. The increase in CO, concentration of
+400 ppm is far larger than the change in CO, concentration over the period
in the study by Gedney et al. (2006) (+60 ppm). With smaller increases in
CO; concentration, the vegetation effects become smaller, and hence their
effects on discharge. Despite this, our results show that the changes in ve-
getation are important to account for in future studies.

Our results confirm and quantify the importance of CO,-induced feedbacks
on the Rhine discharge. This does, however, raise the important question
on how to move forward when predicting the hydrological response on the
long term. We believe that the increase of stomatal resistance should be con-
sidered inthese types of studies, as it has shown to be a very important factor.
It will likely not change the trend or sign of the our current predictions, as
temperature remains the most dominant factor. The inclusion of this factor
will likely lead to a reduction in PET estimates, which could have important
implications for the predictions of hydrological extremes. Especially when
droughts such as the summer drought of 2018 occur more frequently in the
future, itisimportant to have a clear understanding on the role and response
of vegetation. The relations used in our study as function of increase in CO;
concentration contain some uncertainty. More detailed studies are therefore
required to improve our understanding on how vegetation in basins such as
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the Rhine respond to elevated atmospheric CO, concentrations. It could po-
tentially mean that our current estimates of low flows are too low.

7.5 | Conclusions

In this study, we investigate the sensitivity of evaporation and low flows in
the Rhine basin to three main CO,-driven changes in evaporation. We sim-
ulate the year 2018 as baseline, and compare these conditions to a “future”
2018 where the atmospheric CO; concentration is increased with 400 ppm,
in line with predictions of around 2100 following RCP8.5. It is known that
an increase in atmospheric CO, concentration will lead to higher temperat-
ures, but also affect vegetation through increased stomatal resistance and
increased leaf area index. While the increased temperatures and increased
leaf areaindex will raise the potential evaporation values, increased stomatal
resistance will decrease the potential evaporation values. We quantified the
individual and combined responses of these three processes in the Rhine
basin.

We showed that with all three processes accounted for, PET is expected to
increase with 150 mm year—!. Temperature is the most dominant factor of
the three, responsible for a fraction of 0.68 of the total change in discharge
(0.70 and 0.56 for PET and AET, respectively). The increase in stomatal resist-
ance partially countered the increase induced by the higher temperatures,
and was responsible for a fraction of 0.23 of the total change in discharge
(0.22 and 0.21 for PET and AET, respectively). The response of AET showed to
be more complex, as it is also highly dependent on the amount of available
water in the rootzone. As a result, AET values were increased throughout the
year, except around July. Prior to this period, most water from the rootzone
was already evaporated, leaving little water available for evaporation around
July. Despite this change, discharge remained lower throughout the year.

A sensitivity analysis on the discharge response to each factor showed that
our results are consistent across a range of rootzone depths and values de-
scribing the relation between each factor and increase in CO, concentration.
The fraction of time where discharge is below the (long-term) tenth percent-
ile score did seemto reach a plateau ataround 0.35 atatemperature increase
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of +4°C. Overall, this study showed that discharge is expected to decrease
with 14% as a result of CO,-induced changes in stomatal resistance, leaf area
index, and temperature. When the effects of vegetation are not taken into
account (especially the increase in stomatal resistance), PET values are over-
estimated by almost 60 mm year—! (7% of average over baseline 2018 condi-
tions), and discharge is underestimated by more than 57 m3 s—! (3% of aver-
age discharge over baseline 2018 conditions). Therefore, a correct represent-
ation of the response of vegetation, with special attention to the increase in
stomatal resistance, is of vitalimportance in order to make reliable discharge
estimates in a situation with elevated atmospheric CO, concentrations.
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“I walked across an empty land
I knew the pathway like the back of my hand
| felt the earth beneath my feet
Sat by the river and it made me complete”

—Keane, Somewhere Only We Know (2004)

Several levels of hydrological variability are highlighted throughout this
thesis, both in spatial and temporalaspects. The chapters range from analys-
ing past events to simulating the hydrological response under potential fu-
ture conditions. The aim of this thesis is to improve understanding of spatial
and temporal aspects of hydrological variability, and how this ultimately in-
fluences the hydrological response. In this chapter, the main findings of each
individual chapter are discussed first, which are also very briefly summarised
in Figure 8.1. The conclusions per chapter are followed by general conclusions
and how these conclusions can be interpreted in a broader sense.

81 | Main findings

811 | Hydrological variability during droughts

Firstly, the hydrological response to droughts is analysed in Chapter 2. This
chapter showed how variability between different components of the hy-
drological cycle influenced drought frequency in the province Gelderland,
the Netherlands. The five different variables considered (precipitation, soil
moisture, vegetation, groundwater and surface water levels) all showed dif-
ferent drought responses. The variables showed different temporal dynam-
ics on monthly timescales, where drought in one variable did not guaran-
tee drought in other variables. The different dynamics can be attributed to
the differences in typical processes and response times within each vari-
able. Additionally, spatial variability within each variable also meant that
droughts could occur in only a part of the region. This spatial variability
caused droughts to occur more frequently (27-38% of the time, depending
on the variable) than the drought definition (20% of the time) would sug-
gest. During 73% of the time, at least one variable was in drought conditions.
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Figure 8.1 | Visual summary of the main findings in this thesis. Numbers in the top left
corners represent the corresponding chapters.

Only when 3-4 variables are simultaneously in drought conditions, the ac-
tual drought frequency matches the definition. This chapter shows that the
drought definition can lead to a false perception of actual drought frequency,
highlighting the importance of routine drought monitoring.

The hydrological variability during droughts was further explored by invest-
igating the interaction between vegetation productivity and soil moisture
content. In Chapter 3, satellite-derived vegetation indices are compared with
in situ soil moisture observations for the summer drought of 2018. The ve-
getation indices showed that vegetation productivity was reduced between
two and three weeks after soil moisture anomalies started. This highlights
the lagged response of vegetation to a lack of water. Furthermore, a piece-
wise linear fit showed the transition point between stable and reduced ve-
getation productivity, representing energy-limited and water-limited condi-
tions, respectively. This transition point is typically described as the critical
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soil moisture content. This linear fit was applied for soil moisture observa-
tions at several depths, and showed that the critical soil moisture content
increased linearly with integration depth. Additionally, this critical soil mois-
ture content at increasing depths was reached later in the year. While soil
moisture content is often considered to be a constant value, this chapter
highlights that the integration depth needs to be considered when quan-
tifying this value.

81.2 | Simulating the hydrological response

Spatial model resolution is an important factor in capturing hydrological
variability. In Chapter 4, the results of a conceptual rainfall-runoff model
(SPHY) at low resolution are compared with the results of SPHY at high res-
olution on a seasonal scale. The high resolution model showed that both ex-
tremely positive and extremely negative anomalies could occur simultane-
ously within a basin. This variability is largely driven by the type of land cover,
which was not captured by the coarse resolution model. A novel metric is
proposed (the density-weighted distance, DWD), that can compare the single
value from a coarse resolution simulation with the range of values from the
high resolution model. This metric showed that the coarse resolution model
missed on average two standardised anomalies during seasonal extremes.
This value was higher in the Alpine (glacierised) catchments compared to the
pre-Alpine (non-glacierised) catchments. These results highlight the import-
ance of high resolution models, and that simulations from a model at coarse
resolution cannot be easily transformed to represent variability that occurs
within a single pixel.

In an effort to develop a distributed rainfall-runoff model, that is able to ef-
ficiently perform high resolution simulations, the dS2 model was introduced
in Chapter 5. The dS2 model is based on the simple dynamical systems ap-
proach, which was extended with two modules to account for snow processes
and flow routing. The implementation of a robust yet efficient numerical
solver ensures that simulations on high spatial and temporal resolutions can
be performed with low computational requirements. This ensures that typ-
ical spatio-temporal scales are respected, as many models still use daily time
steps regardless of spatial resolution. Simulating the discharge response of
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a mesoscale basin in the Swiss Alps proved that dS2 is very capable in rep-
resenting the hydrological response in a region with high spatial variability.
This model is used to simulate the Rhine basin in order to improve our un-
derstanding on the hydrological response to changes in temperature and CO;
concentration in Chapter 6 and Chapter 7, respectively.

81.3 | Contrastinginteractionsin response to a changing climate

The dS2 model is used to simulate how the Rhine basin responds to
temperature-driven changes in evaporation and snow processes (see
Chapter 6). Simulations were performed for two decades, the 1980s and the
2010s. By swapping the individual forcing variables with those of the more
recent observation period, it was possible to quantify the direct effect of
each forcing variable on the discharge. As expected, precipitation played an
important role in controlling the discharge patterns, but the temperature-
driven changes in evaporation and snow processes were equally important.
Interactions between the different variables (such as the division of precip-
itation between snow and rain) were responsible for most of the changes
between the decades. When increasing the temperature with 2.5°C, dis-
charge was reduced throughout the year, resulting from an increase in evap-
oration. Additionally, higher temperatures resulted in differences in the sea-
sonal response of the snow processes: less precipitation was falling as snow,
snow was melting earlier in the year, and the glaciers melted more during
summer. The enhanced melt of the glaciers partially offset the discharge
reduction resulting from the increased evaporation. However the original
melt peak during spring was reduced and shifted to an earlier momentin the
year, leading to an even bigger reduction in discharge. These results highlight
the importance of a correct understanding of the interplay of two common
variables—evaporation and snow—on the resulting discharge, especially in
scenarios with increased temperatures.

The effects of CO,-induced changes in vegetation and temperature on the
discharge in the Rhine basin are quantified in Chapter 7. By using the dS2
model, multiple simulations were performed to investigate the hydrological
response to the CO,-induced effects on stomatal resistance, leaf area index
and temperature. The importance of each factor is quantified by comparing
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the individual and combined responses of each factor on the resulting dis-
charge. This showed that the increase in temperature is the most important
factor (reducing the average discharge with 366 m3 s, —17% of the average
discharge during 2018), followed by the increase in stomatal resistance (in-
creasing the average discharge with 84 m3 s™, +4% of the average discharge
during 2018). The increased leaf areaindex only had very minor influences on
the hydrological response (with a reduction of 7 m3 s™). Overall, the results
show a decrease of 308 m3 s (—14% of the average discharge during 2018) on
the average discharge. These results are confirmed by a sensitivity analysis,
where the hydrological response is tested over a range of values determin-
ing the response of each factor. While temperature effects are often correctly
accounted for, the change in stomatal resistance is not. Since stomatal res-
istance partially counters the effects of higher temperatures, not including
this effect can potentially cause underestimations of the discharge during
low flows. This chapter therefore highlights the importance of accounting
for vegetation dynamics in hydrological simulations.

81.4 | General conclusions

The different chapters in this thesis show how hydrological variability is
present across the Rhine basin. The combined conclusions from all chapters
show how detailed process understanding, together with a more detailed un-
derstanding of several feedback mechanisms, can contribute to improve our
understanding of the hydrological response under a changing climate. When
extrapolating the conclusions according to the potential changes in the fu-
ture, itis expected that discharge in the Rhine will, on average, decrease. This
is largely driven by the increase in temperature, leading to changes in snow-
fall and -melt dynamics, and enhanced evaporation. The increase in evapor-
ation is, however, slightly countered by the increase in stomatal resistance
in vegetation. Furthermore, despite enhanced melt from glaciers being able
to partially compensate for this increase in evaporation, a change in snowfall
and -melt seasonality means potentially large reductions in discharge during
(late) spring.

The previous conclusions rely on model simulations, where spatial resolution
is shown to be an important factor for correct representation of spatial vari-
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ability. The comparison of two distinct model resolutions showed that both
spatial resolutions are able to represent the discharge response. Despite this,
the spatial variability is largely underrepresented when using a too coarse
model resolution. Ideally, a critical model resolution should be found, as de-
scribed by Liang et al. (2004) and Melsen et al. (2016a). Both studies found
no substantial model performance improvements at spatial resolutions finer
than about 10 km x 10 km. Zappa (2002) found a finer critical resolution for
a different model at 500 m x 500 m, so it is expected that the critical res-
olution depends on the model, but likely also on the catchment. While this
thesis did not explored the critical resolution of dS2 in the Rhine basin, the
selected resolution falls between the two previously mentioned resolutions
(at 4 km x 4 km). Given the correct spatial patterns observed in the valida-
tion with evaporation and snow storage in Chapter 6, it appears that spatial
patterns across the Rhine basin are represented at this spatial resolution.

As droughts were already occurring frequently in the downstream areas of
the Rhine basin, the expected reduction in discharge means that low flows
will occur more frequently. Especially in regions such as Gelderland, these
reductions in discharge can amplify local droughts, as less water is available
for drought measures such as irrigation. Furthermore, the increases in evap-
oration affects water availability throughout the basin, potentially further
impacting vegetation productivity, and ultimately crop yield. In order to per-
form detailed simulations on the response of vegetation during droughts,
the interaction between vegetation and soil moisture needs to be correctly
implemented. Common methods use a single value to represent the crit-
ical soil moisture content, but it was shown that this value needs to be con-
sidered in relation with the depth of the root zone. Additionally, if models
are employed for long term discharge predictions, it is vital to correctly rep-
resent the response of vegetation to a rising CO, concentration. Despite that
the effect of rising temperatures is largest, the effect of an increase in sto-
matal resistance is still substantial. These two points nicely lead to the les-
sons learned from this thesis, and their implications.
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8.2 | Lessons learned and implications

Whereas this thesis has focused at hydrological variability in the Rhine basin,
the conclusions drawn in Section 81 are applicable in a broader spectrum.
These are divided into three main topics: how to improve the capturing of
hydrological variability, opportunities for hydrological models, and the im-
plications for water management. Each topic is explained in more detail be-
low.

8.21 | The best practises to capture hydrological variability

High resolution observations are ideally available to optimally capture spa-
tial hydrological variability. The availability of data is often described as a lim-
iting factor in hydrological studies. This is because almost every hydrological
process is difficult to measure due to its spatial variation, as is also described
by Sivapalan (2003). Many observations locations are required to optimally
capture their full spatial variability. As an example, many rain gauges are
scattered across the globe, with varying densities in different regions. How-
ever, a study by Kidd et al. (2017) estimated that the total area of the orifices
of all rain gauges in the Global Precipitation Climatology Project cover only
half a football field. Although rain gauge measurements should be repres-
entative for a larger area than only their orifice, this estimation gives a good
perspective on the limited coverage of our measuring network. From all hy-
drological variables, discharge is one of the easiest to quantify. Since all wa-
ter passes through a river, only a single measurement location can measure
the discharge of a larger region. However, geological features cause ground-
water flow to cross catchment boundaries, potentially making discharge ob-
servations not directly representative for their upstream area (Bouaziz et al,,
2018). On a global scale, however, many basins are ungauged, highlighting
that even one of the easier hydrological variables is lacking in coverage. As a
result, performing meaningful simulations of ungauged basins is limited, as
the vast majority of hydrological models needs to be calibrated (i.e. require
discharge observations) in order to provide reliable estimates. Luckily, as ad-
vances are made in new interpolation techniques (such as van Osnabrugge
et al, 2017), or in improved reanalysis products (such as the ERA5 dataset,
Hersbach et al,, 2018), or even in the number of in situ observations, we can

184



8.2 | Lessons learned and implications

increase the area covered with reliable data. This means that we can provide
reliable estimates for regions that are not covered with in situ sensors.

New interpolation techniques and reanalysis products are still limited by
in situ observations. Fortunately, new space-borne sensors and new tech-
niques are developed to improve the coverage and resolution of observa-
tions made by satellites (Schmugge et al, 2002). | believe that remote sens-
ing is the way forward to get global coverage of the most important hy-
drological variables, such as precipitation (Sorooshian et al, 2011), evapor-
ation (McCabe et al, 2019), and potentially discharge (provided that estim-
ates will improve in accuracy, Birkinshaw et al, 2014). Through the devel-
opment of novel algorithms and filtering techniques, the spatial coverage of
space-borne sensors can hopefully be improved even further. The temporal
coverage and resolution of many satellites unfortunately remains a limiting
factor. Despite this, the resulting high-resolution data can be a useful source
to quantify and understand hydrological variability.

Additionally, opportunistic sensing methods can be employed to improve
coverage of observations. Several studies already investigated the added
value of crowd-sourced data (e.g. Strobl et al, 2020; van Emmerik et al., 2020;
Vos et al, 2020). This has the potential to hugely expand the observation
network, especially in densely populated areas. These increases in observa-
tions help to improve our understanding of variability within the hydrolo-
gical cycle, and how this relates to e.g. local characteristics. Ideally, these new
insights can eventually lead to new model concepts, to extend the current
suite of hydrological models. However, there is less control on the quality of
the acquired observations, meaning that special filter algorithms need to be
applied in order to ensure reliable observations. A combination of in situ and
remotely sensed observations can potentially be used to validate and correct
the crowd-sourced data points. Furthermore, not all types of crowd-sourced
data lead to timeseries with consistent temporal resolutions. Despite this,
it can still provide insights into the spatial variability during different condi-
tions, especially when combined with other datasets. This increased spatial
coverage can be used to improve interpolation techniques, in an effort to
create a gridded dataset with a consistent temporal resolution.
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8.2.2 | The role of simple hydrological models

This thesis showed that a computationally efficient hydrological model such
as dS2 can be very useful to study the hydrological response. | want to high-
light several topics/research directions that are important for the hydrolo-
gical modelling community: the importance of new concepts, the benefit of
efficient models, the added value of linking parameters to catchment char-
acteristics, and the role of vegetation dynamics in hydrological simulations.

The majority of hydrological models are conceptual models. These models
essentially simplify hydrological processes using reservoirs and interactions
between these reservoirs, and are sometimes referred to as “leaky-bucket”
models. Several examples of these bucket-based models are: HBV (Lind-
strom et al, 1997), GR4J (Perrin et al, 2003), SPHY (Terink et al, 2015), and
Flex-TOPO (Savenije, 2010). These models are based on varying representa-
tion of a catchments, and recent research has focused on trying to under-
stand how these different conceptualisations and different model compon-
ents affect model simulations (e.g. Bouaziz et al, 2021; de Boer-Euser et al,
2017; Clark et al,, 2008). However, as they are all based on the same philo-
sophy, | do argue that this "bucket-based" modelling is a limiting ideology,
and potentially restricts the development of novel hydrological models. A
similar point was also discussed by Hrachowitz & Clark (2017), who encour-
aged the hydrological community to make use of the different modelling
strategies in order to find new or improved implementations. An example
of a different modelling strategy is the simple dynamical systems approach
(Kirchner, 2009). This concept is unique in that it defines a new way of
conceptualising the hydrological cycle, without representing a hydrological
basin by a combination of linked buckets. Additionally, this concept is based
directly on discharge observations, in contrast to other bucket-based mod-
els. New concepts such as the simple dynamical systems approach can not
only lead to new insights, it can also lead to new and efficient model im-
plementations. An example of this is the vectorised approach in dS2, which
allows for computationally efficient hydrological modelling at high spatio-
temporal resolutions. The latter is more easily achieved with simpler hydro-
logical models, as they require less equations (and therefore calculations) to
be solved.
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Computationally efficient hydrological models have a clear benefit. As re-
cently pointed out by Loft (2020), large amounts of energy are required to
run high-resolution earth system models. Due to the large computational
demand of these models, large computation clusters or supercomputers
are required. The electricity needed to maintain the clusters or supercom-
puters lead to large carbon dioxide emissions, unless the energy is provided
through renewable sources. As more and more hydrological simulations are
pushed towards high-performance computing, this will eventually lead to
an increase in greenhouse gas emissions. With more efficient hydrological
models, simulations need less powerful computers, reducing the power con-
sumption. Efficient models allow to perform larger ensemble runs and/or
sensitivity studies without increasing the computational demand, and the
associated power consumption. Additionally, uncertainty and/or sensitivity
studies can even be performed on normal desktops, lowering the threshold
to perform these types of studies.

As mentioned earlier, most hydrological models (including dS2) require cal-
ibration before they can provide reliable discharge estimates. However, since
the majority of basins across the global are ungauged (Bloschl et al, 2013a),
the use of models that require calibration is limited. As a result, potential
consequences of climate change in these basins are unknown. Some ef-
forts have been made to use remotely sensed data to estimate discharge
(Birkinshaw et al,, 2014), but this is prone to substantial errors. Therefore,
looking for models that do not require discharge data for calibration might
be the solution to this problem. Imhoff et al. (2020) showed how parame-
ters in a conceptual hydrological model (wflow_sbm) can be estimated from
physical characteristics by using pedo-transfer functions. They reached good
model performance, indicating that this approach could be used in many
other basins across the globe. It is worthwhile to explore whether parame-
ters from other models can be estimated with a similar approach. Naturally,
this needs to be tested in basins with sufficient data availability, but it would
provide many possibilities if more models can be setup without the need for
calibration. For example, in Chapter 6 and Chapter 7, parameters in the dS2
model were calibrated using the slope of each pixel. This was based on other
research highlighting how the simple dynamical systems approach could be
related back to slope values (Rupp & Selker, 2006; Karlsen et al,, 2019). More
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research on trying to link the discharge sensitivity parameters with catch-
ment characteristics (such as soil or geological characteristics) would be be-
neficial to dS2, as it would mean that it can be used to simulate many more
basins, including ungauged basins, without a large computational cost.

Regardless of whether simulations are performed with a simple or complex
hydrological model, this thesis has shown that several components need
to be properly accounted for. Two clear examples are the resolution of the
model, and the representation of vegetation in models. Firstly, Chapter 4
showed the importance of spatial resolution when simulating complex re-
gions. If the aim of the study is to quantify changes in local hydrological
response, it is important to select a spatial resolution that is appropriate to
capture these changes. Consequently, selecting atemporal resolution appro-
priate for this spatial resolution is essential for correctly capturing the rel-
evant processes (Melsen et al, 2016b). Secondly, vegetation showed to play
an important role in the hydrological system. Both through the interaction
with soil moisture, but also through the increase in stomatal resistance as a
result of elevated CO, concentrations. | believe that both factors are espe-
cially important for land surface models, but the interactions between soil
moisture and vegetation are less important for hydrological models, due to
their (typical) simplified representation of vegetation. However, the increase
of stomatal resistance in response to elevated CO, concentrations showed
to be very important, especially when simulating climate change scenarios.
Without including this process, potential evaporation estimates are likely to
be too high, leading to unreliable estimations of the hydrological response.
Itis therefore important that the change in CO, concentration is provided as
input in to hydrological models, such that these processes can more easily
be implemented.

8.2.3 | Implications for water management

Research on hydrology extends beyond the scientific aspects. The practical
aspect of hydrology, via water management, is vital as it plays an important
rolein providing and protecting society, especially in a country as the Nether-
lands. Therefore, | want to highlight two topics that | believe are import-
ant for water management: the usage of models, and the communication of
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droughts between academic and operational sectors.

Simple hydrological models can also play animportant role in water manage-
ment. While | do not think that this should replace current operational mod-
els, simple models can be a useful tool for quick and low cost simulations.
To achieve this, | believe that it is useful for water management to focus on
running several hydrological models simultaneously. When relying on per-
forming simulations on only a single model, the results can be constricted
by (potentially unknown) limitations of this model. Comparing output from
multiple models can give an insight in the reliability of the model results, and
therefore highlight potential flaws in one of the models. Model comparison
is already often performed in scientific studies, and | believe that water man-
agement can benefit from implementing a method to simultaneously run
several models. Running several models can be achieved more easily when a
flexible modelling environment is used, where different model concepts and
equations can be run simultaneously. Transitioning to a flexible modelling
environment does come with increased costs through the setup and main-
tenance, but | believe the benefits will outweigh the costs. A flexible model-
ling environment allows for easy testing and comparing of different concepts
and/or equations. By including a selection of different models, these models
can easily be validated with the observations, as well as providing an addi-
tional estimate on the reliability of the discharge predictions. Furthermore,
decisions need to be made on which processes have to be included in the op-
erational forecasts (short-term), and which are essential for projections for
policy changes (long-term). As showed in this thesis, changes in vegetation
characteristics can have a large impact on the long-term. The crossover time
where this process becomes dominant enough that one should include this
process is something that requires more research. A possible solution is to
include this process also in short-term simulations, but this might require
additional calibration and validation.

For the communication on the occurrence of droughts, Chapter 2 has shown
that drought is a complex phenomenon, and different drought definitions
make it even more challenging. Droughts are often associated with low wa-
ter levels in lakes or rivers, but can occur in many parts of the hydrological
system. Theoretical examples show how drought propagates through the
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hydrological cycle, and typically start with a lack of precipitation (van Loon,
2015). However, this example does not always fully comply with reality, as dif-
ferent parts of the hydrological cycle could have different spatio-temporal
dynamics and/or different origins of water. As a result, the occurrence of
drought is not as straightforward. A potential solution to this issue would
be to define a metric that combines all the different types of droughts, to
determine whether action from the water managers is required. However,
this requires arbitrary weighing of the different drought types. Another solu-
tion, albeit more demanding, would be to have around the clock monitoring
of droughts across all components of the hydrological cycle (e.g. soil mois-
ture, groundwater levels, surface water levels), to determine which stake-
holders are affected and which actions need to be taken. While more work,
this can lead to quicker and more localised measures, as this solution takes
the impacts of droughts into account. With the aim to minimise these im-
pacts across all components of the hydrological cycle, all end users could ul-
timately experience less impacts of droughts on a larger scale.

The chapters in this thesis showed how hydrological variability is influen-
cing the hydrological response of the Rhine basin. It is shown that vari-
ability is present on many scales, both spatially and temporally, and that
it needs to be correctly represented to provide reliable discharge estima-
tions. While scientific studies should focus on improving hydrological under-
standing, communication with water management should be considered as
an equally important role. Close collaborations and/or frequent interactions
should provide water management sufficient insights to make decisions on
potential new observation networks and/or model concepts. This way, we can
ensure that hydrological variability is correctly captured, to improve how hy-
drology can support a safer environment.
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Appendices

A | Additional results of Chapter 4

Generated runoff
Dec 1994 Jan 1995 Feb 1995 Mar 2007 Apr 2007 May 2007

‘Al

Nov 2002

Sep2002
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Figure Al | Spatial distribution of monthly anomalies of generated runoff, during the
months of the selected season. Each box represents an area of £40 km x40 km.

Actual ET

Figure A.2 | Spatial distribution of monthly anomalies of actual evapotranspiration, dur-
ing the months of the selected season. Each box represents an area of £40 kmx40 km.
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B | Overview of all dS2 parameters

Table B.1 | List of dS2 parameters. All parameters after rdf only influence either the
numerical stability and/or the 10 operations of the model, not the model output.

Name Description Example value  Unit

o« gQ parameter - intersect 25 -

B gQ parameter - slope 085 -

% gQ parameter - curvature -0.010 -

€ Reduction factor for evaporation 089 -

T Travel speed of water through the catchment 2 mst

TO Critical temperature 0 °C

ddf Degree day factor for snowmelt 2 mmday t°C?t
rdf Conversion factor for energy to snowmelt 026 mmday ! (W/m?)~t
Qt Threshold below which evaporation is set to zero 10 mmh!

dt Size of time step (At) 1 h

max_RAM Maximum RAM the model is allowed to use 1024 MB
size_one_value Size of a single value 4 bytes

LB Factor controlling lower boundary for solver, where Q; < Q:—; - LB 104 -
max_gQ_difference  Maximum allowed difference in gQ values 2 -

dt_reduction Factor controlling the At reduction 015 -
min_extra_dt Number of minimum extra At per At 5 -
max_extra_dt Number of maximum extra At per At 50 -
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C | Additional results of Chapter 6

This supplement contains additional information to support the descrip-
tions and explanations in Chapter 6. We include the parameter values res-
ulting from the calibration procedure. We show metrics for both the calibra-
tion and validation period in all subbasins used in this study. Additionally, we
explain how evaporation and snow variables responded to each incremental
temperature increase, as Chapter 6 only shows the most extreme case.

C1 | dS2 calibration results

Calibration from the 1250 Latin hypercube sampling resulted in the following
parameters (note that the three g(Q) parameters are defined as a function of
slope):

« = 0.002472¢ — 3.725,
B = 0.06915¢ + 0.2666,
¥ =0.0316¢ — 0.1622,
€e=1.196 ],
dffgnow = 3.207 [mm °C~day 1],
dffglacier = 5.523 [mm °C 1day™],

where g, B, and y are the three g(Q) parameters, ¢ represents the terrain slope
in degrees, e represents the the evaporation correction factor, and ddf rep-
resents the degree factor for snow and glaciers, respectively. The slope is
based on Jarvis et al. (2008), and is calculated at the original resolution of
+80 m. The resulting slope map is resampled to the model resolution.

In Table C1, we show the Kling-Gupta efficiencies (KGE) for all basins used in
the calibration. The location of these basins within the Rhine is presented
in Figure C1. We also included the KGE for both the 1980s and 2010s period.
Due to some limitations in data availability, not all discharge observations
covered the entire period. We sliced the time series to include most of the
available data, yet for some stations it remained impossible to calculate the
KGE.

196



Appendices

Switzerland
Rhine Valley
Neckar
Maine

Nahe
Middle Rhine
Moselle
Lahn

Upper Rhine
Sieg

Ruhr

Lippe

Lobith

Figure C1| Names and areas corresponding to the (sub-)basins of the Rhine used in this
study. The white line indicates the location of the main river network.

Table C1| Model performance statistics over all subbasins in the Rhine basins. Not all
basins had sufficient data to cover the simulation periods, the percentage shows frac-
tion of the period covered by the observations.

Basin Area (km?)  KGE calib KGE1980s  KGE 2010s
Lobith 168,448 0.90 (100%) 0.84 (18%) 0.83 (73%)
Lippe 5520 0.44(100%) 0.32 (9%) 0.45 (74%)
Ruhr 4320 0.80(100%) 0.63 (2%) 0.87 (76%)
Sieg 3,008 073(100%) 0.80 (9%) 0.86 (74%)
Upper Rhine 145,984 0.87(100%) - 0.88 (73%)
Lahn 5648  0.59 (99%) 0.49 (9%) 0.73 (72%)
Moselle 28272 0.62(100%)  0.45(9%) 0.70 (73%)
Middle Rhine 108,672  0.87 (100%) - 0.81(73%)
Nahe 4032 0.64(100%) - 0.76 (76%)
Maine 28,800 0.74 (100%) 0.82 (9%) 0.81(73%)
Neckar 13,456 074 (99%) - 0.78 (73%)
Rhine Valley 53,872  0.77 (100%) - 0.75 (73%)
Switzerland 38,832 0.71(19%) - 0.68 (69%)
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C.2 | Temperature induced changes on evaporation and snow

As shown in Chapter 6, higher temperatures substantially affect the res-
ulting discharge, where the differences induced by changes in evaporation
and snow processes are not constant over the year. To further understand
how these processes influence the discharge, the changes in evaporation and
snow storage are plotted in Figure C.2 and Figure C.3, respectively.

In Figure C.2, it is visible that potential evaporation will increase with higher
temperatures. Despite this, the resulting actual evaporation is not bound
to be higher than the 1980s, due to limitations in available soil moisture.
This is clearly visible around August 17. Additionally, higher temperatures
sometimes hardly change the resulting actual ET, as is the case around Au-
gust 20. Finally, when sufficient moisture is available for evaporation, higher
temperatures will lead to higher actual evaporation rates, as is visible around
September 2. The evaporation reduction parameter, indicating the amount
of water stress, shows consistently increased reduction with higher temper-
atures, resulting from the reduced water availability. For most pixels, this
relation is non-linear, as it changes from unstressed conditions to water-
stressed conditions with higher temperatures.

When investigating the response of snow processes (snowfall and melt from
snow and ice) to increased temperatures, results are in line with the expecta-
tions, see Figure C.3. Less precipitation is falling as snow (Figure C.3a), which
means that more precipitation is falling as rain. This has a more direct re-
sponse to discharge, which explains the increased discharge during winter.
Consequently, both the amount of water stored as snow and the fraction the
basin covered with snow are reduced (Figure C3b, c). Snow storages are not
only reduced in terms of total water stored, but also depleted more than one
month earlier (mid May 1988 versus late June 1988).

With a reduction in snow cover and snow depth in response to higher tem-
peratures, we also see a reduction in basin-averaged snow melt rates (see
Figure C.3d). This is the result of a smaller area covered with snow, and hence
we see a reduction in basin-averaged snow melt rates. However, the pixels
that are covered with snow melt at a faster rate due to the higher temperat-
ures, as can be inferred from the degree-day method to determine snowmelt.
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Figure C.2 | Evaporation differences under increased temperature scenarios. Top half
shows potential (dashed) and actual (solid) evaporation, bottom half shows the ratio
between actual and potential evaporation. All values are averaged over the entire basin.

This latter effect is visible in the melt from the glaciers (Figure C.3e). With
each temperature increase, more meltwater is produced from these glaciers.
Eventually, this will lead to a reduction in glacier area and volume, and hence
areductionin glacier meltwater production, but thisis currently notincluded
in the model.
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Figure C.3 | Changes in all considered snow processes under increased temperature
scenarios. Panela shows the amount of snowfall with respect to the total precipitation.
Panel b shows the average amount of water stored as snow in snow-covered pixels, and
panel ¢ shows the fraction of the basin covered with snow. Panel d and e show the melt
rates of snow and ice, respectively, averaged over the entire basin.
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Summary

Variability is present on multiple levels in the hydrological cycle, both spa-
tially and temporally. Spatial variability can be caused by variations in catch-
ment characteristics and by changes in dominant hydrological processes.
Temporal variability occurs as a result of typical variations in diurnal and sea-
sonal cycles, but also on longer time scales resulting from a change in cli-
mate. Spatial and temporal variability across a basin ultimately affects the
hydrological response. This thesis describes how variability in different com-
ponents of the hydrological cycle (precipitation, runoff generating processes,
and evaporation) influence the hydrological response in the Rhine basin. The
studies cover three important steps in hydrological research: understanding
past events through analysis of observations (Chapter 2 and Chapter 3), con-
ceptualising hydrology through testing and developing models (Chapter 4
and Chapter 5), and understanding the hydrological response under chan-
ging conditions (Chapter 6 and Chapter 7). The results in this thesis improve
how hydrological variability resulting from variability within and across dif-
ferent components of the hydrological cycle is captured.

The response of five major components of the hydrological cycle to drought
conditions is investigated in Chapter 2. With a special focus on the Dutch
province of Gelderland, the responses of precipitation, soil moisture, vegeta-
tion, groundwater levels, and surface water levels are quantified. Droughts
are defined based on a frequency-of-occurrence approach, and the actual
drought frequency is tested against this definition. It is showed that each
variable is more frequently in drought conditions (27-38% of the time) than
expected based on the drought definition (20% of the time). This is a dir-
ect result of spatial variability within each variable. At least one variable is
in drought conditions for 73% of the time, and 3—4 variables need to be sim-
ultaneously in drought conditions to have a match between actual drought
frequency and the definition. This chapter shows how the drought definition
does not reflect actual drought occurrence in a spatial heterogeneous region.

The interaction between soil moisture content and vegetation productivity
during the summer drought of 2018 is described in Chapter 3. This chapter
compares in situ soil moisture observations at several depths with satellite
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derived vegetation productivity indices. It was shown that the anomaly in
vegetation productivity lagged between two and three weeks behind the an-
omaly in soil moisture content. Furthermore, it was shown that the crit-
ical soil moisture content (indicating the transition point between energy-
limited and water-limited conditions) increased linearly with integration
depth. This chapter highlights the complex interaction between vegetation
productivity and soil moisture content.

While it seems obvious that high spatial resolutions are required to optim-
ally represent the spatial variability, this is not always possible. Limitations
in data availability and/or computational power restrict models to be ran
on high spatial resolutions. Chapter 4 compares simulations at low resolu-
tion with simulations at high resolution, using the SPHY model. While both
the high and low resolution models correctly simulated the discharge, local
differences were present. The high resolution model showed that both ex-
tremely positive and extremely negative anomalies can occur simultane-
ously in the same basin during seasonal extremes. This was not captured by
the coarse resolution model. A newly proposed metric, the density-weighted
distance, showed that the coarse resolution model missed on average two
standardised anomalies when compared with the results from the high res-
olution model. This difference was larger in the basins with glaciers than in
basins without glaciers. In conclusion, it was shown that results from a coarse
resolution model cannot easily be translated to the results from a high res-
olution model.

The dS2 model is introduced in Chapter 5. This distributed rainfall-runoff
model is based on the simple dynamical system approach (Kirchner, 2009),
and is developed with an emphasis on computational efficiency. This allows
simulations to be performed at high spatial and high temporal resolutions,
without high computational costs. Snow and flow routing modules were ad-
ded to ensure that the model can be applied to mesoscale basins. The dS2
model is tested to a basin in the Swiss Alps, a subbasin of the Rhine, and
showed that it is able to simulate the hydrological response with high accur-
acy. This model is used for the simulations in the next two chapters.

The role of increasing temperatures on the discharge is described in
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Chapter 6. This chapter shows how temperature-driven changes in evap-
oration and snow processes influence the hydrological response. Simula-
tions of two decades (1980s and 2010s) were performed to quantify the con-
tribution of precipitation and temperature-driven changes in evaporation
and snow processes on the discharge. This showed that temperature-driven
changes in evaporation and snow processes were just as important as the
precipitation-driven changes. Step-wise temperature increases showed that
increases in evaporation reduced discharge throughout the year, and that
snow processes caused a different seasonal pattern. Higher temperatures
reduced the amount of snowfall and caused the snowpacks to melt earlier in
the year. Additionally, melting of the glaciers was increased over the entire
year. Overall, the discharge was reduced throughout the year, and the change
in snow seasonality caused a large discharge reduction during late spring and
early summer. This chapter showed the importance of these temperature-
driven changes on discharge simulations, as they can both counteract and
amplify changes in discharge.

Chapter 7 describes how CO;-induced changes in vegetation and temperat-
ure affect evaporation and discharge in the Rhine basin. The relative im-
portance of CO,-induced changes in stomatal resistance, leaf area index, and
temperature are quantified. Increases in evaporation caused by temperat-
ure reduced the discharge with 17% (with respect to the average discharge
over 2018). Higher stomatal resistance led to reductions in evaporation, ef-
fectively increasing the discharge with 4%. The increase in leaf areaindex had
only a very limited effect on the discharge. Overall, discharge is expected to
decrease with 14% as a result of these CO,-induced changes. These results
are confirmed in a sensitivity study. While changes in temperature are typ-
ically accounted for in hydrological studies, the changes in vegetation (and
especially the increase in stomatal resistance) are not. This chapter high-
lights that the response of vegetation need to be accounted for, otherwise it
is likely that evaporation is overestimated, and discharge is underestimated.

By combining data-analysis studies with simulation studies, this thesis
showed how spatial and temporal variability influence the hydrological re-
sponse. The complex interactions between different components of the hy-
drological cycle, as well as the contrasting responses to changing climate
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conditions, need to be represented correctly in order to provide reliable dis-
charge estimates. The results from this thesis give insight on how to capture
the hydrological variability, in order to improve how hydrology can support
and protect society.
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De hydrologische cyclus is variabel in de ruimte en in de tijd. Variabiliteit in
de ruimte kan ontstaan door variaties in eigenschappen van een stroomge-
bied en door variaties in hydrologische processen. Variabiliteit in de tijd kan
ontstaan dag- of seizoen-cycli, maar ook op langere tijdschalen door veran-
deringen in het klimaat. Variabiliteit in de ruimte en tijd beinvloedt uitein-
delijk het hydrologische gedrag van een stroomgebied. Dit proefschrift be-
schrijft hoe variabiliteit in verschillende hydrologische componenten (neer-
slag, afvoer-producerende processen en verdamping) de hydrologische res-
pons beinvloeden, met een focus op het stroomgebied van de Rijn. De hoofd-
stukken omvatten drie belangrijke stappen in hydrologisch onderzoek: het
analyseren van gebeurtenissen in het verleden door middel van observaties
(Hoofdstuk 2 en Hoofdstuk 3), het conceptualiseren van hydrologische pro-
cessen door middel van modellen (Hoofdstuk 4 en Hoofdstuk 5), en het on-
derzoeken van de hydrologische respons als gevolg van veranderingen in het
klimaat (Hoofdstuk 6 en Hoofdstuk 7). De resultaten en conclusies uit dit
proefschrift vergroten de kennis over hydrologische variabiliteit veroorzaakt
door variaties in en tussen de verschillende hydrologische componenten.

Het gedrag van vijf belangrijke componenten van de hydrologische cyclus tij-
dens droogtecondities is beschreven in Hoofdstuk 2. Het hoofdstuk analy-
seert het verloop van neerslag, bodemvocht, vegetatie, grondwater- en op-
pervlaktewaterniveaus binnen de Nederlandse provincie Gelderland. Dit on-
derzoek toont aan dat de theoretische definitie van droogte niet altijd over-
eenkomt met hoe vaak een droogte daadwerkelijk voorkomt. Elke variabele
bevindt zich namelijk vaker in droogtecondities (27-38% van de tijd) dan is
verwacht op basis van de definitie (20% van de tijd). Dit is een direct gevolg
van de ruimtelijke variabiliteit in elke variabele. Voor bijna driekwart van de
tijd (73%) bevindt minstens één variabele in Gelderland zich in droogtecondi-
ties. Pas wanneer drie tot vier variabelen zich gelijkertijd in droogtecondities
bevinden, komt de droogtefrequentie in Gelderland overeen met de definitie.
Dit hoofdstuk laat zien dat de definitie van droogte niet goed de werkelijke
droogtefrequentie representeert in een gebied met ruimtelijke variabiliteit.

Hoofdstuk 3 beschrijft de interactie tussen bodemvocht en de productiviteit
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van vegetatie tijdens de droogte van 2018. In dit hoofdstuk worden in situ
observaties van bodemvocht op verschillende dieptes vergeleken met satel-
liet observaties van vegetatieproductiviteit. Deze analyse liet zien dat er een
vertraging van twee a drie weken zit tussen een afwijking in bodemvocht en
een afwijking in vegetatieproductiviteit, waarbij de vegetatie trager reageert.
De bodemvochtobservaties lieten zien dat het kritische bodemvochtgehalte
(het transitiepunt tussen energie-gelimiteerde en water-gelimiteerde con-
dities) lineair toeneemt met de integratiediepte. Dit hoofdstuk benadrukt de
complexe interactie tussen bodemvocht en de productiviteit van vegetatie.

De ruimtelijke resolutie van een hydrologisch modelis essentieel om ruimte-
lijke patronen goed weer te geven. Echter is het niet altijd mogelijk om hoge
ruimtelijke resoluties te gebruiken, bijvoorbeeld door beperkingen in de be-
schikbaarheid van data of door berperkingen in de rekenkracht van compu-
ters. Hoofdstuk 4 vergelijkt de resultaten van een model (SPHY) met een
lage ruimtelijke resolutie met de resultaten van hetzelfde model met een
hoge ruimtelijke resolutie. Hoewel beide simulaties de afvoer goed simule-
ren, zijn er grote verschillen in de ruimtelijke patronen binnen het stroom-
gebied. Het model met hoge resolutie laat zien dat zowel extreem negatieve
als extreem positieve afwijkingen gelijktijdig voorkomen binnen een stroom-
gebied. Het model met lage resolutie was niet in staat om dit te simuleren.
Een nieuwe index, de density-weighted distance, kwantificeert dat het mo-
del met lage resolutie gemiddeld twee genormaliseerde standaarddeviaties
mist ten opzichte van het model met hoge resolutie. Deze verschillen zijn
groter in de stroomgebieden met gletsjers dan in de gebieden zonder glet-
sjers. Dit hoofdstuk benadrukt dat de resultaten van een model met lage
resolutie niet eenvoudig vertaald kunnen worden naar de resultaten van een
model met hoge resolutie.

In Hoofdstuk 5 wordt het dS2 model geintroduceerd. Dit is een ruimtelijk
gedistribueerd regen-afvoer model, welke gebaseerd is op de simple dyna-
mical systems approach (Kirchner, 2009). Door de efficiénte manier van re-
kenen kunnen simulaties van dit model snel en met weinig computerkracht
worden uitgevoerd. Een direct gevolg hiervan is dat simulaties op een hoge
ruimtelijke en temporele resoluties uitgevoerd kunnen worden, zonder dat
hier enorme rekentijden tegenover staan. Modules met sneeuw en water-
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routing processen zijn toegevoegd, zodat het model ook toegepast kan wor-
den in grote stroomgebieden. Het dS2 model is getest op een stroomgebied
in de Zwitserse Alpen, een sub-stroomgebied van de Rijn. Deze test liet zien
dat het modelin staat is om de hydrologische respons accuraat te simuleren.
Het dS2 model is gebruikt om de analyses in de volgende twee hoofdstukken
uit te voeren.

Het effect van temperatuur op de afvoer is beschreven in Hoofdstuk 6. In
dit hoofdstuk worden temperatuurgedreven veranderingen in verdamping
en sneeuwprocessen onderzocht, en hoe deze de hydrologische respons van
de Rijn beinvloeden. Twee decennia (1980’s en 2010’s) zijn gesimuleerd met
het dS2 model. In drie andere simulatie van de 1980’s zijn de tijdseries van
(1) temperatuur met alleen effecten op de sneeuwprocessen, (2) tempera-
tuur met alleen effecten op de verdamping en (3) neerslag, vervangen door
de tijdseries uit de 2010's. Hierdoor is mogelijk om de effecten van deze drie
variabelen op de afvoer te kwantificeren. De simulaties lieten zien dat de
temperatuurgedreven veranderingen net zo belangrijk waren als de neer-
slaggedreven veranderingen. Stapsgewijze toenames in temperatuur lieten
zien dat een toename in verdamping leidt tot lagere afvoerwaardes. Hogere
temperaturen hadden verschillende effecten op de sneeuwprocessen: min-
der neerslag valt als sneeuw; de sneeuw die nog valt, smelt eerder in het jaar;
en er wordt gedurende het hele jaar meer smeltwater geproduceerd door
de gletsjers. De effecten van verdamping en sneeuwprocessen samen zorg-
den voor een afname in de afvoer. Extra grote verschillen waren zichtbaar in
het eind van de lente en begin van de zomer, door het verschuiven en afne-
men van de afvoerpiek door smeltwater van sneeuw. Dit hoofdstuk laat zien
dat deze temperatuurgedreven processen erg belangrijk zijn voor afvoersi-
mulaties, omdat deze elkaar zowel deels kunnen opheffen als elkaar kunnen
versterken.

Een toename in CO; concentratie zorgt zowel voor hogere temperaturen als
veranderingen in de vegetatie. De huidmondjes van bladeren openen min-
der ver, waardoor er minder water verdampt. Tegelijkertijd kunnen planten
ook meer bladeren groeien doordat er meer CO; in de atmosfeer aanwezig
is, wat zorgt voor meer verdamping. Ook de hogere temperaturen kunnen
voor meer verdamping zorgen. Hoofdstuk 7 beschrijft hoe deze effecten de

233



Samenvatting

afvoer van de Rijn veranderen. De toenames in verdamping als gevolg van
temperatuur verlaagden de afvoer met 17% (ten opzichte van de gemiddelde
afvoer over 2018). Veranderingen in de huidmondjes zorgen voor een afname
in verdamping, en daardoor een toename in de afvoer van 4%. De toename
in bladoppervlak had een zeer gering effect op de afvoer. Wanneer deze ef-
fecten gecombineerd werden, nam de afvoer af met 14%. Deze resultaten
zijn bevestigd in een gevoeligheidsanalyse. Veranderingen in temperatuur
als gevolg van een toename in CO, worden bijna altijd meegenomen in hy-
drologische onderzoeken, maar de veranderingen in vegetatie meestal niet.
Dit hoofdstuk laat zien dat als de veranderingen in vegetatie niet meegeno-
men worden, het waarschijnlijk is dat verdamping overschat wordt, met een
onderschatting van de afvoer als gevolg.

Door de combinatie van analyses op basis van observaties met analyses op
basis van simulaties, laat dit proefschrift zien hoe ruimtelijk en temporele va-
riabiliteit de hydrologische respons kan beinvloeden. De complexe interac-
ties tussen de verschillende componenten van de hydrologische cyclus, zoals
de contrasterende reacties op een veranderend klimaat, moeten correct wor-
den gerepresenteerd om betrouwbare afvoerinschattingen te kunnen ma-
ken. De resultaten van dit proefschrift geven inzicht in hoe de hydrologische
variabiliteit gerepresenteerd moeten worden: een beter hydrologisch begrip
verbetert hoe hydrologie de samenleving kan ondersteunen en beschermen.
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“I thought it was impossible,
But you make it possible”

—Nothing But Thieves, Impossible (2020)

"

Ondanks dat het schijven van een proefschrift vaak als een eenzame “reis
beschreven wordt, is het een reis die alleen dankzij ondersteuning van an-
deren haalbaar is. Zonder deze mensen zou ik nooit deze reis begonnen zijn,
plezier hebben gehad gedurende de reis, en/of deze reis succesvol kunnen
afronden. Graag wil ik in dit hoofdstuk even stil staan bij deze mensen, om
ze te bedanken voor hun wijze woorden, ondersteuning, en/of ontspanning.

Allereerst wil ik graag mijn directe begeleiding, Lieke en Ryan, bedanken voor
hun ideeén, suggesties en tijd wanneer ik weer eens vastgelopen was. Ik
kreeg altijd erg veel energie en nieuwe ideeén van onze meetings, ondanks
dat (of misschien juist doordat.?) we ook de nodige zijstapjes maakten en
roddels bespraken. Een goede kop koffie en een gebakje konden natuurlijk
niet ontbreken. Ryan, bedankt dat jij mij het doen van een PhD serieus hebt
laten overwegen: zonder jouw woorden aan het eind van mijn masterscriptie
hadden de afgelopen jaren er voor mij waarschijnlijk compleet anders uit-
gezien. Lieke, ondanks dat je niet vanaf het begin (direct) betrokken was,
ben ik je heel dankbaar voor jouw altijd positieve feedback en waardevolle
suggesties.

Naast mijn (co-) promotoren zijn er nog een aantal personen die een cruciale
rol hebben gespeeld gedurende mijn promotie-traject. Remko, onwijs be-
dankt voor je betrokkenheid als leerstoelhouder van HWM en jouw bijdrage
aan mijn eerste paper. Paul, bedankt voor jouw ondersteuning en voor-
beelden bij de ontwikkeling van scripts. Ook bedankt voor de afleiding via
mooie plaatjes of leuke dingen “om even in Google in te tikken.” James Kirch-
ner and Martin Clark, thank you both for your quick responses to help finding
and solving the “numerical deamons” in the dS2 model. | am sure that the dS2
model would not be in it's current state if it wasn't for both of your sugges-
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tions and expertise. Een aantal hoofdstukken in dit proefschrift hadden er
totaal anders uitgezien zonder het (voorbereidend) werk van Anne, Tessa en
Christoph. Anne, bedankt dat ik jouw werk kon overnemen en bedankt voor
alle uitleg om jouw MATLAB scriptjes uit te pluizen. Tessa, ondanks dat we on-
der een behoorlijk krappe planning stonden voor het “droogte paper”, heel
erg bedankt dat je zo snel hebt kunnen bijspringen om de data aan te lev-
eren en het paper kritisch hebt kunnen aanpassen. Christoph, jouw master
thesis bleek uiteindelijk een cruciaal onderdeel te worden van de laatste twee
hoofdstukken in dit proefschrift. Bedankt voor jouw scherpe en nauwkeur-
ige analyses, zonder het BETA model waren deze twee hoofdstukken een stuk
lastiger geworden!

Dit project was niet mogelijk geweest zonder de financiering van Rijkswa-
terstaat. Ik wil graag de commissie vanuit Rijkswaterstaat (in het bijzon-
der Eric Sprokkereef, Hendrik Buiteveld, Wim Werkman, Henk Looijen, Jasper
Stam, Klaas Groen en Charlotte Schmidt) bedanken voor hun feedback en
suggesties tijdens onze voortgangsbijeenkomsten. Ondanks dat deze bijeen-
komsten maar één keer per jaar waren, was het altijd heel prettig om jullie
reacties, ideeén en suggesties te horen. Ik denk dat het onwijs belangrijk
is om de connecties met universiteiten op deze manier in stand te houden,
omdat beide partijen veel van elkaar kunnen leren.

Naast de inhoudelijke samenwerkingen, wil ik ook graag iedereen bedanken
die de hele “reis” leuker, gezellig en plezierig hebben gemaakt. De lJsland-
dreamteams uit 2017, 2018 en 2019 kunnen hierbij niet ontbreken: Roel|,
Ryan, Victor, Lotte, Monica, Tjitske, Lieke, Tessa en Bram, bedankt dat wij
samen de studenten door het prachtige lJsland konden begeleiden. We
hebben er een hoop mooie verhalen aan overgehouden: van allerlei auto-
problemen tot mysterieuze ingrediénten in het avondeten. Sony, who would
have thought that the plans we made at the start of our contracts actually
happened? Thanks for joining me for a week to cruise around the United
States in a Mustang, it really was an amazing experience.

0ok kunnen mijn kantoor-kamergenoten niet ontbreken: Tommy, Timo, Tjit-
ske, Femke, Linda en Iris. Tommy, bedankt voor alle gezelligheid, discussies
en het delen van slechte emails. Timo, het was gezellig om samen met jou
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aan het zelfde bureau-eilandje te zitten en om je (bijna) elke maand ervan te
overtuigen om de kalender op de goede maand te zetten. Tjitske, onwijs be-
dankt voor de gezellige tijd op kantoor en daarbuiten. Ook bedankt voor jouw
perspectief en adviezen zowel in persoonlijke als werkgerelateerde situaties.
Ik hoop dat we nog een keer een herkansing krijgen voor de walvistour, zodat
jemijniet meer de schuld hoeft te geven voor het missen daarvan (onterecht,
het parkeren in Reykjavik was misschien niet voor herhaling vatbaar, maar
het was wel efficiént). Hopelijk was je mij nog niet zat als collega, want ik kom
ook gezellig naar het “verre westen”. Ik hoop dat we samen nog veel hapjes
gaan eten en veel kilometers samen op de fiets zitten. Ik vind het fijn dat mij
als paranimf wilt bijstaan! Femke, bedankt voor de thee, gezellige praatjes en
gekke huppeltjes. De avontuurlijke expedities door Wageningen samen met
Linda en mij, of de verhalen van jouw bushcraft-avonturen, waren altijd fant-
astisch. Linda, heel erg bedankt voor alle offline en online koffiepauzes, bel-
wandelingen, hardlooprondjes en vooral slechte woordgrappen. Bedankt dat
ik jou altijd kon lastig vallen voor feedback op tekst, grafieken, of infograph-
ics. Ik ben blij dat je mijn paranimf wilt zijn! Iris, ondanks dat we ruim een
jaarin hetzelfde kantoor zaten, hebben we maar korte tijd ook daadwerkelijk
tegelijkertijd in hetzelfde kantoor gewerkt. Bedankt voor de gezelligheid en
de kritische blik op mijn pomodoro timer (hoewel de kookwekker uiteindelijk
voor meer afleiding zorgde dan serieus gebruikt werd). Het was zelfs zo gezel-
lig dat we regelmatig allebei met noise-cancelling koptelefoons op zaten te
werken. Verder wil ik ook graag alle andere HWM-collega's bedanken voor
alle lunches, borrels en HWM uitjes. Ik kijk ook nog vaak met plezier terug
naar de schrijfweek, in het bijzonder naar het maken van de stapels tosti's
samen met Jelte. Het was fijn om in een hechte en gezellige groep collega’s
te werken. Ik wens de hele groep veel succes toe en ik ben benieuwd wat de
toekomst brengt.

I would also like to thank Annemerel, Job, Kamonashish, and Viola for the two
and a half years that we spend together representing the PhD candidates of
WIMEK via the WIMEK PhD Council. It was a very enjoyable and valuable ex-
perience to re-establish the WIMEK PhD Council within WIMEK, push import-
ant issues to the board of WIMEK, organise documentary evenings and bar-
becues, and start the logo competition. Our monthly meetings always were
a nice break from the “regular PhD stuff”
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Ook wil ik graag iedereen bedanken die voor de nodige ontspanning buiten
de werkuren heeft gezorgd. Allereerst wil ik de hele Ciao Bella-club bedanken
voor alle weekendjes weg, feestjes, borrels, (mannen)dagen. Ik kijk uit naar
het volgende weekendje weg! Uit deze groep zijn er een paar mensen die
ik in het bijzonder wil bedanken. Allereerst Erwin, bedankt dat we elkaar
altijd konden lastig vallen met goede muziek, Fiesta-dingen, lekkere biertjes
en alle klus-avonturen. Ook wil ik jou en Maaike bedanken voor alle gastv-
rijheid en relaxte dagen samen. Uiteraard kan Frederik ook niet ontbreken.
Bedankt voor de vele leuke gesprekken en discussies, maar natuurlijk ook be-
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