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Abstract

Over the last decades macro-scale hydrological models have become common tools to
provide a comprehensive view on the state of global renewable freshwater resources.
Today, macro-scale hydrological models are applied to answer a wide range of research questions, e.g. to quantify the degree of human interference on the natural
hydrological regime or to assess impacts of global and climate change on various aspects of the hydrological cycle including renewable (ground-)water resources, flood
risk, droughts, and water stress and scarcity. Their development has tremendously
benefited from the recent progress in computational resources as well as from the
growing availability of earth observation data and derived data products that can
be utilized to force and constrain macro-scale simulations. As any macro to global
scale modelling approach, macro-scale hydrologic simulation is subject to substantial uncertainties which (i) originate from spatially distributed input data in terms
of both atmospheric forcing and land surface parameters and, (ii) in particular, the
(often) simplified physical process representation. Given these large uncertainties,
it is indispensable to assess the actual applicability and predictive capability of any
macro-scale model under various climatic and physiographic conditions. However,
many evaluation studies have limited the comparative evaluation of model performance to a small set of large scale river basins, or have focused on continental-scale
fluxes. In contrast, many applications rely on and draw conclusions from simulated
states and fluxes at distinctively smaller spatial scales.
This thesis extensively evaluates the general applicability of the global hydrological
model WaterGAP3 to simulate monthly streamflow dynamics as well as low-flow
and high-flow characteristics in the period 1958–2010 on the basis of more than
2400 observed streamflow records. The corresponding river basins are distributed
over a wide range of climatic and physiographic conditions with basin sizes ranging from 3000 to several million square kilometers. The aim of model evaluation
here is two-fold: First, model performances obtained in the analysis should serve
as a benchmark any further model improvements can be tested against. Second,
an approach should be developed and tested that facilitates the evaluation of the
WaterGAP3 model in a diagnostic manner, i.e. it should point towards possible
options of model improvement if model performance is unsatisfactory. To this end,

complementary measures of model performance are linked to a set of nine catchments descriptors which quantify the climatic and physiographic settings in each
study basin as well as the degree of human interference on the natural hydrologic
regime.
The WaterGAP3 model is found to perform comparatively well in reproducing observed monthly streamflow dynamics as well as low-flow and high-flow characteristics; however the analysis revealed distinct spatial patterns of model performance.
Among the nine catchment descriptors considered, catchment aridity and average
slope show the strongest impact on model performance. The model is found to overestimate total streamflow volume with increasing aridity which is characteristic to
many macro-scale hydrological models and is attributable to the insufficient representation of processes related to runoff generation and concentration in water-limited
environments. In steep-sloped catchments, monthly flow variability and timing are
less accurately captured accompanied by a deterioration of low-flow and high-flow
performance. This observation points toward a need for improving (i) the partitioning of total runoff into slow and fast component, and (ii) the calculation of flow
velocity in the river segment.
The approach to diagnostic model evaluation developed in the scope of the
thesis—linking complementary measures of model performance to catchment
characteristics—is exemplarily tested for the WaterGAP3 model and is proven to
be an effective tool to explain spatial patterns in model performance and to identify
deficiencies in model structure. The general approach is applicable to any hydrological model, but is especially relevant for macro-scale models and large sample studies
as it can partly compensate for the lack of any catchment specific knowledge and
targeted field measurements that typically inform model improvement in catchment
scale modelling.

Zusammenfassung

In den letzten Jahrzehnten haben sich makroskalige hydrologische Modelle als wichtige Werkzeuge etabliert um den Zustand der globalen erneuerbaren Süßwasserressourcen flächendeckend bewerten können. Sie werden heutzutage eingesetzt um eine
große Bandbreite wissenschaftlicher Fragestellungen zu beantworten, insbesondere
hinsichtlich der Auswirkungen anthropogener Einflüsse auf das natürliche Abflussregime oder der Auswirkungen des globalen Wandels und Klimawandels auf die Ressource Wasser. Diese Auswirkungen lassen sich durch verschiedenste wasserbezogene
Kenngrößen abschätzen, wie z.B. erneuerbare (Grund-)Wasserressourcen, Hochwasserrisiko, Dürren, Wasserstress und Wasserknappheit. Die Weiterentwicklung makroskaliger hydrologischer Modelle wurde insbesondere durch stetig steigende Rechenkapazitäten begünstigt, aber auch durch die zunehmende Verfügbarkeit von
Fernerkundungsdaten und abgeleiteten Datenprodukten, die genutzt werden können, um die Modelle anzutreiben und zu verbessern. Wie alle makro- bis globalskaligen Modellierungsansätze unterliegen makroskalige hydrologische Simulationen
erheblichen Unsicherheiten, die (i) auf räumliche Eingabedatensätze, wie z.B. meteorologische Größen oder Landoberflächenparameter, und (ii) im Besonderen auf
die (oftmals) vereinfachte Abbildung physikalischer Prozesse im Modell zurückzuführen sind. Angesichts dieser Unsicherheiten ist es unabdingbar, die tatsächliche
Anwendbarkeit und Prognosefähigkeit der Modelle unter diversen klimatischen und
physiographischen Bedingungen zu überprüfen. Bisher wurden die meisten Evaluierungsstudien jedoch lediglich in wenigen, großen Flusseinzugsgebieten durchgeführt
oder fokussierten auf kontinentalen Wasserflüssen. Dies steht im Kontrast zu vielen
Anwendungsstudien, deren Analysen und Aussagen auf simulierten Zustandsgrößen
und Flüssen in deutlich feinerer räumlicher Auflösung (Gridzelle) basieren.
Den Kern der Dissertation bildet eine umfangreiche Evaluierung der generellen Anwendbarkeit des globalen hydrologischen Modells WaterGAP3 für die Simulation von
monatlichen Abflussregimen und Niedrig- und Hochwasserabflüssen auf Basis von
mehr als 2400 Durchflussmessreihen für den Zeitraum 1958–2010. Die betrachteten
Flusseinzugsgebiete repräsentieren ein breites Spektrum klimatischer und physiographischer Bedingungen, die Einzugsgebietsgröße reicht von 3000 bis zu mehreren
Millionen Quadratkilometern. Die Modellevaluierung hat dabei zwei Zielsetzungen:

Erstens soll die erzielte Modellgüte als Bezugswert dienen gegen den jegliche weiteren Modellverbesserungen verglichen werden können. Zweitens soll eine Methode
zur diagnostischen Modellevaluierung entwickelt und getestet werden, die eindeutige
Ansatzpunkte zur Modellverbesserung aufzeigen soll, falls die Modellgüte unzureichend ist. Hierzu werden komplementäre Modellgütemaße mit neun Gebietsparametern verknüpft, welche die klimatischen und physiographischen Bedingungen sowie
den Grad anthropogener Beeinflussung in den einzelnen Einzugsgebieten quantifizieren.
WaterGAP3 erzielt eine mittlere bis hohe Modellgüte für die Simulation von sowohl
monatlichen Abflussregimen als auch Niedrig- und Hochwasserabflüssen, jedoch sind
für alle betrachteten Modellgütemaße deutliche räumliche Muster erkennbar. Von
den neun betrachteten Gebietseigenschaften weisen insbesondere der Ariditätsgrad
und die mittlere Gebietsneigung einen starken Einfluss auf die Modellgüte auf. Das
Modell tendiert zur Überschätzung des jährlichen Abflussvolumens mit steigender
Aridität. Dieses Verhalten ist charakteristisch für makroskalige hydrologische Modelle und ist auf die unzureichende Abbildung von Prozessen der Abflussbildung und
–konzentration in wasserlimitierten Gebieten zurückzuführen. In steilen Einzugsgebieten wird eine geringe Modellgüte hinsichtlich der Abbildung von monatlicher
Abflussvariabilität und zeitlicher Dynamik festgestellt, die sich auch in der Güte der
Niedrig- und Hochwassersimulation widerspiegelt. Diese Beobachtung weist auf notwendige Modellverbesserungen in Bezug auf (i) die Aufteilung des Gesamtabflusses
in schnelle und verzögerte Abflusskomponente und (ii) die Berechnung der Fließgeschwindigkeit im Gerinne hin.
Die im Rahmen der Dissertation entwickelte Methode zur diagnostischen Modellevaluierung durch Verknüpfung von komplementären Modellgütemaßen und Einzugsgebietseigenschaften wurde exemplarisch am Beispiel des WaterGAP3 Modells erprobt.
Die Methode hat sich als effizientes Werkzeug erwiesen, um räumliche Muster in der
Modellgüte zu erklären und Defizite in der Modellstruktur zu identifizieren. Die
entwickelte Methode ist generell für jedes hydrologische Modell anwendbar. Sie ist
jedoch insbesondere für makroskalige Modelle und multi-basin Studien relevant, da
sie das Fehlen von feldspezifischen Kenntnissen und gezielten Messkampagnen, auf
die üblicherweise in der Einzugsgebietsmodellierung zurückgegriffen wird, teilweise
ausgleichen kann.
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CHAPTER

Introduction

1.1 Background and problem outline
In the last two decades, macro-scale hydrological modelling has become a key tool to
understand and assess the current state of global freshwater resources. It facilitates
quantifying the degree of human interference on the natural hydrological regime
and helps to assess impacts of global and climate change on various aspects of
the hydrological cycle including renewable (ground-)water resources [Arnell, 1999;
Sperna Weiland et al., 2012; Portmann et al., 2013], flood risk [Hirabayashi et al.,
2008; Verzano, 2009; Arnell and Gosling, 2014], droughts [Lehner et al., 2006; van
Huijgevoort et al., 2014; Wanders and Wada, 2015], and water stress and scarcity
[Alcamo et al., 2007; Schewe et al., 2014]. Macro-scale hydrological modelling
approaches have tremendously benefited from the recent progress in computational
resources as well as from the growing availability of earth observation data and
derived data products that can be utilized to force and constrain macro-scale
simulations, e.g. meteorological forcing products [Joyce et al., 2004; Sheffield et al.,
2006; Miralles et al., 2011; Balsamo et al., 2015] or land surface characteristics
[Strugnell et al., 2001; Ganguly et al., 2008; USGS, 2008]. As a consequence, various
modelling systems have been developed in recent years [Sood and Smakhtin, 2014;
Bierkens, 2015].
The modelling of the global terrestrial water cycle has evolved from two disciplines:
Land surface models (LSMs) compute the energy and water balance at the land
surface to provide the lower boundary conditions for the atmospheric component
of general circulation models. The incorporation of a lateral routing component
allowed these model to simulate river flow accumulation on the land surface. Global
hydrological models (GHMs) were developed in the field of hydrological modelling,
primarily to provide global, spatially explicit estimates of blue water availability.
They often use conceptual approaches to simulate the characteristic behaviour
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of the global terrestrial water cycle and feature a less detailed level of process
representation compared to LSMs [Harding et al., 2011; Bierkens, 2015]. Since both
types of models simulate land-surface water storage and fluxes, they will be jointly
referred to as macro-scale hydrological models (MHMs) in the remainder of this
thesis.
Today the majority of MHMs operates at 0.5◦ spatial resolution in the global
domain, yet hyper-resolution global hydrological modelling at 1 km spatial scale
globally has been defined as the grand challenge to be met by the global hydrological modelling community in the next years [Wood et al., 2011, 2012; Bierkens,
2015]. As any global scale model, MHMs follow a top-down approach in that
global data-sets are utilized to draw regional conclusions. Several studies have
shown that global data-sets feeding the simulations are associated with substantial
uncertainty. For example, uncertainty in global gridded precipitation products was
shown to have a significant impact on discharge estimates, and that uncertainty in
precipitation translates to the same or even higher relative uncertainty in discharge
estimates [Biemans et al., 2009; Fekete et al., 2004]. Using the WaterGAP model
at half-degree spatial resolution, Müller Schmied et al. [2014] have examined the
impact of two global land cover products on simulated states and fluxes. While
differences were found to be insignificant at the global scale, there were considerable
variations in grid-cell simulated fluxes (evapotranspiration, runoff and groundwater
recharge) depending on the land cover product used. In a pre-modelling analysis,
Kauffeldt et al. [2013] have tested the accuracy of global hydrographic datasets and
found that discrepancies in basin area may be as large as 70% irrespective of the
data-set used.
A critical assumption of any global scale model is that of model generality, i.e.
it is presupposed that one single model structure is globally valid. By testing
several alternative model structures, regional scale modelling studies have shown
that model performance in individual catchments can differ significantly between
model structures, and that the most appropriate model structure (or the number
of appropriate model structures) depends on catchment setting [Coxon et al., 2014;
van Esse et al., 2013; Clark et al., 2008]. In addition, most global hydrologic and
land surface models either perform no basin-specific calibration or apply generic
calibration routines, i.e. the the simulation is based on a priori parameter values.
Parameter perturbation experiments are rare in large scale modelling due to their
high computational demand, yet the few existing studies [Chaney et al., 2015;
Gosling and Arnell, 2011; Widén-Nilsson et al., 2009] have highlighted the large
uncertainty in parameter estimates. For a previous version of the WaterGAP
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model, Kaspar [2004] found that simulated river discharge is most sensitive to
evapotranspiration parameters and land cover specific attributes.
Given the large uncertainties outlined above in terms of input data, model structure
and process parameters, it is indispensable to assess the actual applicability and
predictive capability of any global hydrologic model under various climatic and
physiographic conditions. However, many evaluation studies have based the comparative evaluation of model performance to a small set of large scale river basins
(usually larger than 105 km2 ) [e.g. Candogan Yossef et al., 2012; Hanasaki et al.,
2008; Nijssen et al., 2001, among others], under the assumption that (grid-scale)
errors level out over larger spatial domains, or have focussed on continental-scale
fluxes [Wisser et al., 2010; Gerten et al., 2004]. In contrast, many applications
rely on and draw conclusions from simulated states and fluxes at distinctively
smaller spatial scales for e.g. flood forecasting [Candogan Yossef et al., 2012; Alfieri
et al., 2013], hydrological drought forecasting [Nijssen et al., 2014] and projections
[Wanders et al., 2014], water scarcity analysis [Hanasaki et al., 2013; Hoekstra
et al., 2012], and water quality assessments [Reder et al., 2015; Voß et al., 2012].

1.2 Model evaluation
The term model evaluation in its broadest sense refers to the process of confronting
a model with observations in order to test whether the simulated system’s behaviour
conforms with the observed one. Model evaluation in most cases aims to proof the
adequacy of a modelling system for a certain purpose, hence to provide evidence
that the model is fit-for-purpose to be applied to answer a certain research question.
Since all models are simplified representations or approximations of the real world
system, their validation can only be conditional depending on the specific purpose
and the available data [Beven and Young, 2013; Young, 2001]. In the simplest case,
model validation is based on graphical techniques plotting observed against simulated values [Moriasi et al., 2007], however remains subjective since the decision of
whether the model performs well or poor lies with the modeller. To objectively quantify the agreement between simulation and observations, a large number of model
performance measures has been proposed which according to Bennett et al. [2013]
can be classified into methods comparing summary statistics, concurrent comparison techniques, methods focussing on the data pattern, and data transformation
methods. The choice of an appropriate measure clearly depends on the scope of the
study and the model objective, but also on the availability and quality of observed
data.
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In the vast majority of studies, model evaluation or validation is performed as a
necessary step to proof that a particular model is “fit for purpose” and to justify
the use of the modelling system to answer a specific research question. In contrast,
Gupta et al. [2008] argue that the purpose of model evaluation must be diagnostic.
Rather than emphasizing the similarity between model and data, evaluation should
focus on what remains wrong, i.e. where model behaviour does not agree with observations. The authors further argue that an efficient approach to model evaluation
should be capable to clearly point towards the components of the model that need
to be improved. Diagnostic evaluation is especially relevant for large sample studies
(one model applied in a large number of catchments) and for global modelling approaches in which the same model structure is applied in a wide variety climatic and
land surface conditions and the modeller in most cases lacks any catchment specific
knowledge [Gupta et al., 2014].

1.3 Research questions and thesis outline
This thesis aims to provide a comprehensive evaluation of WaterGAP3 with respect
to the ability of the model to reproduce monthly streamflow dynamics as well as
low-flow and high-flow characteristics. The analysis builds on an extensive data
set of more than 2400 observed streamflow records and the associated river basins
represent a wide range of climatic and physiographic conditions. The objective of
model evaluation here is two-fold: On the one hand, model performances obtained
in the analysis should serve as a benchmark any further model improvements can be
tested against. On the other hand, an approach should be developed and tested that
facilitates the evaluation of the WaterGAP3 model in a diagnostic manner, i.e. it
should point towards possible options of model improvement if model performance
is unsatisfactory.
Along these objectives, the thesis aims to answer the following four research questions:
• Research question 1: How can the evaluation of model performance most
efficiently inform further model development?
• Research question 2: What are the controls on WaterGAP3 performance in
monthly streamflow simulation?
• Research question 3: What are the controls on WaterGAP3 performance in
low-flow and high-flow simulation?
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• Research question 4: Is model performance sensitive to spatial model resolution?
This thesis comprises seven chapters including the introduction and each chapter
addresses at least one of the main research questions listed above. The following
chapter 2 gives a general overview of the WaterGAP hydrology model in its current version WaterGAP3.1 in terms of model structure, main governing equations,
parametrisation and underlying spatially distributed input data.
Chapter 3 provides an extensive evaluation of WaterGAP3 with respect to the
ability of the model to reproduce monthly streamflow dynamics over a wide range
climatic and physiographic conditions. Based on a global set of more than 2400 river
basins, model performance in simulating monthly streamflow regimes is characterized by two aggregate measures of model performance and three complementary
performance metrics quantifying the agreement between simulation and observation
in certain aspects of the hydrograph. The model performances obtained are intended
to provide a benchmark any further model developments can be evaluated against.
The chapter closes with first conclusions on regional patterns of model performance.
In order to explain spatial patterns in model performance found chapter 3 and
to identify controls on model performance, chapter 4 develops an approach to
systematic model evaluation applicable at the global scale which is based on the
catchment similarity concept. For each river basin, a set of nine catchment descriptors is calculated which quantify climatic and physiographic conditions as well as
the degree of human interference in the individual basins and serve as proxies for
dominant processes governing runoff generation and concentration in the individual
basins. Grouping the basins according to similar characteristics allows to identify
catchment settings in which WaterGAP3 shows (un)satisfactory performance in reproducing the observed streamflow regime. Chapter 5 focuses on the ability of
WaterGAP3 to reproduce general low-flow and high-flow characteristics with the
regional scope of Europe. The analysis is based on low-flow and high-flow indices
derived from the flow duration curve. High-flow and and low-flow performance is
again linked to the set of catchment descriptors developed in chapter 4 to identify
climate and catchments controls on model performance.
Chapter 6 examines the question whether model performance is sensitive to model
spatial resolution. To answer this question, the simulation results of two WaterGAP versions are compared: WaterGAP3 operating on 5 arc minute spatial resolution and WaterGAP2 operating on 0.5◦ spatial resolution. The analysis builds on
the methodologies and data sets developed in the previous chapters, and compares
model performances obtained from the two model resolutions both with respect to
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the monthly streamflow regime and in terms of low-flow and high-flow indices.
Finally, the main results of the thesis are summarized and discussed in chapter
7 in the context of the four research questions motivating the thesis. Further, an
outlook for further research on this topic is given.
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CHAPTER

The WaterGAP3 hydrology model

The WaterGAP3 hydrology model is one major component of the WaterGAP modelling framework which additionally comprises five sectoral water use models [Flörke
et al., 2013; aus der Beek et al., 2010; Döll and Siebert, 2002] and a large scale water
quality model [Voß et al., 2012; Reder et al., 2015]. WaterGAP was developed in
the late 1990’s [Döll et al., 2003; Alcamo et al., 2003] as a grid-based, integrative
assessment tool to examine the current state of global freshwater resources and to
assess potential impacts of global change in the water sector. The tool allows to
identify and analyse imbalances between human water demand and natural water
availability in a spatially explicit way. This includes (in)sufficient supply and quality of water for various purposes as well as the human imprint on the hydrological
cycle through flow regulation and water abstraction. WaterGAP has been applied
in a wide range of global change impact studies on e.g. floods and droughts [Lehner
et al., 2006], river flow regimes [Schneider et al., 2013; Döll and Müller Schmied,
2012], water stress [Alcamo et al., 2007], as well as in-stream water quality [Voß
et al., 2012].
The WaterGAP hydrology model is a global, spatially-distributed rainfall-runoff
model that represents the terrestrial part of the global hydrological cycle by a sequence of storage equations. Since its initial implementation, the model was subject
to several improvements in terms of hydrologic process representation. Originally
developed to operate on a half-degree global grid (WaterGAP2.x family), one of the
main advancements in further developing the model was increasing spatial resolution to 5 by 5 arc minutes (WaterGAP3.x family). The following sections provide a
description of the main modelling concepts of the revised version WaterGAP3.1. A
schematic overview of the model is given in Figure 2.1.
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Figure 2.1.
Schematic of the WaterGAP3 hydrology model
[Müller Schmied et al., 2014]

Spatially distributed input data
WaterGAP3 distinguishes 16 land cover types based on the global vegetation classification of the International Geosphere Biosphere Programme (IGBP). Each gridcell is assigned a dominant land cover type derived from resampling the MODIS
(Moderate-resolution Imaging Spectroradiometer) land cover product MOD12Q1
for the year 2004 (1 km spatial resolution, global coverage up to 80◦ N) to 5 arc minutes. The secondary land cover type was assigned in case of “water” or “urban and
built-up” as primary land cover class as these types are treated by additional input
files. Model parameter values determined by land cover type are listed in Table 2.1
and will be referred to in the following sections. The fraction of built-up area in
each grid cell is adapted from the IMAGE model [Alcamo et al., 1998].
Grid cell elevation is derived from the GTOPO30 global digital elevation model
[USGS, 1996] by resampling from the original 30 arc second spatial resolution to 5
arc-minute and to 1 arc-minute horizontal spacing. The latter is required by routines operating on 1 arc-minute subgrid scale.
Each grid-cell is assigned one dominant soil type based on the FAO/UNESCO
Digital Soil Map of the World [FAO, 2003]. Soil-type dependent available water
capacity (in mm m-1 ) is derived from Batjes [1996]. In addition, one of the soil
texture classes “coarse”, “medium” and “fine” is assigned according to qualitative
information provided by FAO [2003].
Due to the lack of global-scale spatially distributed information on subsurface per-
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Table 2.1. WaterGAP3 land cover types and associated model parameters
Land cover class

rD

α

αsn

DF



Lmax

fd,lc

ce,lc

dinit

Evergreen needle leaf forest
Evergreen broadleaf forest
Deciduous needle leaf forest
Deciduous broadleaf forest
Mixed forest
Closed shrubland
Open shrubland
Woody Savanna
Savanna
Grassland
Permanent wetland
Cropland
Cropland/natural vegetation
mosaic
Snow and ice
Barren or sparsely vegetated
Cropland/permanent crops

2.0
4.0
2.0
2.0
2.0
1.0
0.5
1.5
1.5
1.0
1.0
1.0
1.0

0.11
0.07
0.13
0.13
0.12
0.13
0.20
0.20
0.30
0.25
0.15
0.23
0.18

0.278
0.300
0.406
0.558
0.406
0.700
0.700
0.558
0.700
0.700
0.200
0.376
0.300

1.5
3.0
1.5
3.0
2.0
3.0
4.0
4.0
4.0
5.0
4.0
4.0
4.0

0.9956
0.9956
0.9900
0.9900
0.9928
0.9837
0.9541
0.9932
0.9932
0.9932
0.9920
0.9813
0.9830

4.02
4.78
4.63
4.49
4.34
2.08
1.88
2.08
1.71
1.71
6.34
3.62
3.62

0.00
0.00
1.00
1.00
0.25
0.50
0.50
0.50
0.50
0.00
0.00
0.00
0.50

1.00
0.80
0.80
0.80
0.80
0.80
0.80
0.30
0.50
0.50
0.00
0.10
0.50

1
1
10
10
10
10
10
10
10
10
10
10
10

1.0
0.1
2.0

0.60
0.35
0.13

0.700
0.700
0.376

6.0
6.0
3.0

0.9999
0.9412
0.9830

0
1.31
3.62

0
0
0.50

0
1
0.50

0
10
10

rD : rooting depth [m]; α: surface albedo [-]; αsn : snow albedo [-]; DF : degree-day factor [mm d-1 ◦ C-1 ];
: surface emissivity [-]; Lmax : maximum leaf area index [-]; fd,lc : fraction of deciduous plants [-];
ce,lc : LAI reduction factor for evergreen plants [-]; dinit : initial days to start/end growing season [d]

meability and porosity, hydrogeological setting is represented by a qualitative
classification which distinguishes Cenozoic and Mesozoic sediments with high hydraulic conductivity, Paleozoic and Precambrian sediments with low hydraulic conductivity, and non-sedimentary rocks with very low hydraulic conductivity [Döll and
Flörke, 2005].
The spatial extend of permafrost is obtained from the Circum-Arctic Map of Permafrost and Ground-Ice Conditions [Brown et al., 1997]. Permafrost conditions in
the individual grid-cells are described by four (qualitative) classes: continuous, discontinuous, sporadic, and isolated patches.
The location and extend of surface water bodies (SWB), i.e. lakes and wetlands,
is derived from the Global Lakes and Wetlands Database (GLWD) [Lehner and Döll,
2004]. Information on location and surface area of dams and reservoirs is obtained from the Global Reservoir and Dam Database (GRanD) [Lehner et al., 2011]
which additionally specifies the main purpose and storage capacity for each entity.
River routing is based on a 5 arc minute drainage direction obtained from the
HydroSHEDS database [Lehner et al., 2008]. The direct flow length to the next
(down-stream) grid cell is adjusted by a meandering factor representing river sinuosity derived from the same data-set.
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Radiation budget and potential evapotranspiration
The energy available to evaporate water, daily average net radiation Rn [W m2 ], is
calculated from:
Rn = (1 − α)Rs + Rl −  · σ · T 4

(2.1)

with Rs = downwelling shortwave radiation [W m2 ], Rl = downwelling longwave
radiation [W m2 ], σ = Stefan-Boltzmann constant (5.67×10-8 W m-2 K-4 ) and T =
air temperature [K]. Surface emissivity  [-] and surface albedo α [-] are specified
as function of land cover type (cf. Table 2.1). Since surface reflective properties
change under snow-covered conditions, Verzano [2009] introduced snow albedo values for each land cover type, αsn , which are applied if snow water equivalent exceeds
3 mm.
Potential daily evapotranspiration Epot [W m2 ] is estimated according to the
Priestley-Taylor approach [Priestley and Taylor, 1972] by the equation:
Epot = αP T

∆
(Rn − G)
∆+γ

(2.2)

where ∆ [Pa K-1 ] is the rate of increase of the saturation vapour pressure with temperature and γ is the psychrometer constant (∼65 Pa K-1 ). The soil heat flux G
[W m2 ] is assumed to be neglectable on a daily time scale and thus set to zero. The
empirical Priestley-Taylor coefficient αP T [-] accounts for the aerodynamic component of the evaporation process. αP T is regionalised based on Köppen climate zones
[Weiß, 2009] and varies between 1.0 in polar climates and 2.0 in tropical climates and
deserts. For further calculations, Epot is converted from W m2 to mm d-1 applying a
temperature dependent factor (∼ 0.035 at 20◦ C).
Interception
Canopy storage capacity Sc,max [mm] is estimated by multiplying the actual leaf area
index (LAI, dimensionless) with the maximum storage capacity per unit LAI which
is fixed at 0.3 mm regardless of plant or precipitation type. Daily precipitation P
[mm] will be intercepted until Sc,max is reached, the remainder part is passed as
throughfall Pt [mm d-1 ] to the snow and soil routines. Canopy storage is assumed
to be depleted solely by canopy evaporation Ec [mm d-1 ] which is a function of Epot
and actual canopy storage Sc [mm];
Ec = Epot

Sc

!2/3

(2.3)

Sc,max
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The change in canopy storage over time t is thus given by:
δSc
= P − Pt − E c
δt

(2.4)

LAI values can vary between the maximum value Lmax determined by land cover
class and the minimum value Lmin given by:
Lmin = 0.1fd,lc + (1 − fd,lc )ce,lc Lmax

(2.5)

with fd,lc = fraction of deciduous plants [-] and ce,lc = LAI reduction factor for
evergreen plants [-] (Table2.1). The growing season is initiated once temperature
rises above 8 ◦ C for a defined number of days (dinit , Table 2.1) and the cumulative precipitation amount exceeds 40 mm. Subsequently, LAI increases linearly and
reaches Lmax after 30 days. Senescence is initiated if the growing condition (precipitation and temperature) is not fulfilled anymore, and LAI declines to Lmin within
30 days.
Snow
Snow accumulation and melt are simulated on a 1 arc minute sub-grid following a
degree-day approach [Schulze and Döll, 2003]. Air temperature is disaggregated
from 5 to 1 arc minute according to the elevation difference between each 5 arc
minute cell and its corresponding sub-grid cells assuming an adiabatic lapse rate of
0.6 ◦ C per 100 m.
At sub-grid air temperatures below the threshold temperature Tcrit (set to 0 ◦ C
globally), total throughfall Pt [mm d-1 ] falls in solid phase (Psn [mm d-1 ]) and
accumulates, i.e. no mixed precipitation occurs. At sub-grid temperatures above
Tcrit , the snow pack melts applying land-cover dependent degree-day factors (DF ,
cf. Table 2.1):

M=



(Tair − Tcrit ) · DF

if Tair > Tcrit


0

otherwise

(2.6)

where M is the amount of meltwater [mm d-1 ] and Tair is sub-grid air temperature [◦ C]. Sublimation loss from the snowpack, Es [mm d-1 ], is assumed to occur
at the rate of potential evaporation (latent heat of sublimation = 2.835 MJ kg-1 ).
Accordingly, the change in snow storage Ssn [mm] over time t is given by:
δSsn
= Psn − M − Esn
δt

(2.7)

11

Chapter 2. The WaterGAP3 hydrology model

Soil water balance
Plant available soil moisture is represented by a single-layer storage. The total available soil water capacity within the effective root zone, i.e. the maximum storage
capacity, Ss,max [mm] is determined by multiplying the profile available water capacity [mm m-1 ] derived from soil maps with the land cover dependent rooting depth rD
[m] (Table 2.1). Actual evapotranspiration from the soil Ea [mm d-1 ] is computed as
a function of potential evapotranspiration from the soil (Epot − Ec ), the actual soil
water content in the effective root zone Ss [mm] and Ss,max :
Es = min Epot − Ec , (Epot,max − Ec )

Ss

!

Ss,max

(2.8)

where Epot,max is maximum daily evapotranspiration rate, set to 10 mm d-1 in humid
areas and 20 mm d-1 in arid areas.
Total runoff from land Rl [mm d-1 ] is a function of effective precipitation Peff (M +
Pt − Psn ), soil saturation (Ss over Ss,max ), the non-linearity parameter Cr and the
fraction of built-up area fb [-] within the grid cell. It is assumed that over built
up areas 50% of effective precipitation directly contributes to immediate runoff Qi
[mm d-1 ] regardless of soil saturation;
Rl = (1 − 0.5 · fb )Peff

Ss

!Cr

(2.9)

Ss,max

The change in soil water storage Ss over time t is given by
dSs
= (1 − 0.5 · fb ) · Peff − Rl − Es
dt

(2.10)

Rl is partitioned into fast surface runoff and groundwater recharge Rg [mm d-1 ]:
Rg = min(Rg,max , fg · Rl )

(2.11)

where Rg,max is a soil texture dependent maximum daily groundwater recharge rate
set to 7.0, 4.5, and 2.5 mm d-1 for sandy, loamy and, clayey soils, respectively. fg
denotes a groundwater recharge factor ranging between 0 and 1 which represents
the effect of relief, soil texture, hydrogeology and the occurrence of permafrost and
glaciers on groundwater recharge rates [see Döll and Fiedler, 2008]. The residue (Rl −
Rg ) is passed as fast surface runoff Qs [mm d-1 ] to the routing scheme. Groundwater
recharge under surface water bodies (lakes, wetlands and rivers) is neglected.
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Groundwater
Since there is a lack of information on total groundwater resources worldwide, WaterGAP3 only accounts for the renewable groundwater resource in each grid-cell
which is conceptualized as a single linear reservoir fed by groundwater recharge and
drained by baseflow Qg [mm d-1 ]. The latter is produced in proportion to the actual
storage Sb [mm] as:


kb Sb

Qg = 
0

if Sb > 0

(2.12)

otherwise

where kb = baseflow coefficient [d-1 ], fixed at 0.01 globally. The groundwater recharge
of a cell is assumed to discharge as baseflow into the same cell, i.e. transport between
cells is assumed to occur only as river discharge.
The change in groundwater storage over time t is thus given by:
dSg
= Rg − Qg − NAg
dt

(2.13)

where NAg [mm d-1 ] denotes the net abstractions from groundwater. Actual storage
Sb is allowed to fall below 0 as a consequence of an imbalance between abstractions
and long-term recharge to mimic the process of groundwater overuse and depletion.
Lateral transport
Before contributing to river discharge, local runoff (Qs +Qg +Qi ) is routed through a
series of surface water bodies in the following order: local lakes, local wetlands, global
lakes, reservoirs, global wetlands (cf. Figure 2.1). Lakes are defined as “global” if
their surface area exceeds 50 km2 while wetlands are defined as “global” if they are
connected to a major stream. Global lakes are treated as continuous water bodies;
if they cover more than one grid cell, the water balance is calculated at the outflow
cell. In the modelling, only reservoirs with a storage capacity of at least 0.1 km3 are
considered, reservoirs smaller than this threshold are treated as local lakes.
All SWB types are recharged by precipitation and local runoff, the global types
as well as reservoirs additionally receive discharge from upstream cells. Potential
evaporation is calculated according to the Priestley-Taylor approach with open water
albedo set to 0.08. Surface water extent in each grid cell is constant, i.e. surface area
does not change with water level. In order to mimic the reduction in evaporation
that occurs at low water levels due a decline in surface area, Hunger and Döll [2008]
introduced the evaporation reduction factor r which is a function of actual storage
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St [m3 ] at time step t;
|St − Smax |
r =1−
m × Smax

!p

(2.14)

Maximum storage Smax [m3 ] is computed by multiplying the surface area with an
maximum active storage depth of 5 m for lakes and 2 m for wetlands. Reservoir
storage capacities could be directly derived from GRanD. The reduction exponent
p is fixed at 3.32 for lakes and wetlands, and 2.81 for reservoirs. The dimensionless
constant m is set to 2.0 for lakes and to 1.0 for wetlands. At a relative actual storage
of 0.5, this parametrisation results in a reduction of evaporation (compared to the
potential rate) of 1%, 10% and 14% for lakes, wetlands and reservoirs, respectively.
Outflow Qout [m3 d-1 ] from local lakes and wetlands is calculated as a function relative
storage content
St
1
= St
k
Smax


Qout

q

(2.15)

with the storage coefficient k fixed at 100 [d]. The exponent q is globally uniform
set to 1.5 for local lakes and 2.5 for local wetlands.
Global lakes and wetlands are conceptualized as linear-storage elements (Eq. 2.16)
for which the storage coefficient k is fixed at the value 80 [d].
Qout =

1
St
k

(2.16)

The equation of continuity (dS/dt = Qin − Qout ) is solved analytically such that
storage St is given by:
−t



−t

St = St0 · e k + k · Qin · 1 − e k



(2.17)

with St0 = storage [m3 ] of the previous time step and Qin = inflow [m3 ].
The regulating effect of reservoirs on river discharge is simulated by a two-purpose
operation scheme distinguishing irrigation and non-irrigation reservoirs [Döll et al.,
2009] which is based on the algorithm proposed by Hanasaki et al. [2006]. Operating rules are set individually for each reservoir as a function of mean annual inflow
and water demand in lower reaches. Non-irrigation reservoirs are operated with the
objective of providing constant release throughout the year. In the case of irrigation reservoirs, monthly release is governed by downstream water demand, i.e. the
cumulative monthly net abstraction in the next 20 downstream grid cells.
Outflow from global wetlands (the SWB type last in series, cf. Figure 2.1) is passed
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to the river network. Discharge to the next downstream cell is computed according to Eq. 2.17 with the exception that k is not a constant but is calculated at
each time step as the ratio between flow length l [km] and flow velocity v [km d-1 ].
Verzano et al. [2012] implemented an algorithm to calculate flow velocity in the river
reach as a function river bed roughness, river bed slope and hydraulic radius of the
channel according to the Manning-Strickler equation. Average river bed roughness
is parametrized based on physiographic parameters and information on urban/rural
areas, and river bed slope is derived from the 1 arc minute elevation sub-grid. River
bed geometry is derived from empirical relationships between channel width/depth
and bankfull discharge, the latter is approximated with the annual maximum flow
that has an average recurrence interval of 1.5 years [Schneider et al., 2011].
Water flow between grid cells is restricted to river discharge which is routed through
the river network to the basin outlet based on a 5 arc minute drainage direction
map.
Water abstractions
Spatially explicit time series of water withdrawal and water consumption are provided by the WaterGAP water use models [Flörke et al., 2013; aus der Beek et al.,
2010] for five sectors: Domestic use (households and small businesses), manufacturing industries, thermal power plant cooling, irrigated agriculture and livestock
farming. Sectoral water demands can be abstracted from surface water (rivers,
reservoirs and lakes) and groundwater resources. Water demands for thermoelectric power plant cooling and livestock farming are assumed to be exclusively abstracted from surface water. Water withdrawals from the remaining sectors are
allocated to groundwater and surface water abstractions according to sector- and
cell-specific temporally constant groundwater use fractions derived from national
and sub-national statistics, a detailed description of the data sources used is given
in Döll et al. [2012]. Return flows, i.e. the water withdrawn but not consumed,
from all sectors except irrigation are assumed to discharge into surface water irrespective of the source of abstraction. In the case of irrigation, a part of the return
flow recharges groundwater with the remainder part discharging to surface water.
The share of return flow to groundwater is calculated as a function of the fraction of
artificially-drained irrigated area in each grid cell [Döll et al., 2012] with information
on drainage provided by Feick et al. [2005].
For each grid cell and time step, net abstraction from groundwater (NAg ) is calculated as the difference between total withdrawal from and total return flow to
groundwater. Net abstraction from surface water (NAs ) is calculated accordingly.
NAs can be abstracted from various surface water storages in the grid cell in the

15

Chapter 2. The WaterGAP3 hydrology model

following order of preference: river segment, global lakes/reservoirs, local lakes. If
water availability in these storages is insufficient to satisfy the demand, water can
also be abstracted from surface water storages in neighbouring cells. NAg are not
re-allocated.
Calibration and parameter regionalisation
WaterGAP3 is calibrated by adjusting one free parameter, the runoff coefficient Cr
(cf. Eq. 2.9), of all cells within a basin such that simulated long-term average discharge is within 1% of the observed one. Cr is allowed to vary between 0.1 and 5. In
basins where adjusting Cr does not provide an acceptable runoff estimate, i.e. the
deviation from observed discharge remains larger than ±1%, the runoff correction
factor CFA, allowed to range between 0.5 and 1.5, is assigned to each cell within
the basin (same value for each cell). CFA effects all water balance components;
if simulated discharge is too low, runoff will be increased and evaporation will be
reduced and vice versa. This procedure is aimed to ensure a closed water balance,
hence mass conservation, within the individual basin.
In order to transfer the calibrated Cr values to ungauged basins, the parameter is
regionalized using a multiple linear regression approach relating the natural logarithm of the calibrated Cr values to the following basin descriptors: mean annual
temperature, mean available soil water capacity, fraction of open water bodies, mean
basin land surface slope, fraction of permanent snow and ice, and the aquifer-related
groundwater recharge factor. In uncalibrated basins, the correction factor CFA is
set to 1 (=no correction).
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CHAPTER

Benchmarking the WaterGAP3 model for monthly
streamflow simulation

3.1 Introduction
Over the last decades macro-scale hydrological models have become common tools
to provide a comprehensive view on the state of global freshwater resources. As
any large to global scale modelling approach, macro-scale hydrologic simulation is
subject to substantial uncertainties which originate from spatially distributed input
data in terms of both atmospheric forcing [Fekete et al., 2004; Biemans et al., 2009;
Sperna Weiland et al., 2015] and land surface parameters [Müller Schmied et al.,
2014; Kauffeldt et al., 2013] and, in particular, the (often) simplified physical process
representation. In addition, most macro-scale modelling approaches are constrained
by the implicit assumption that one single model structure is globally valid. This
study aims to extensively evaluate the WaterGAP3 model’s general applicability
to simulate monthly streamflow dynamics in the period 1958–2010 on the basis of
2446 observed streamflow records. The corresponding river basins are distributed
over a wide range of climatic and physiographic conditions with basin sizes ranging
from 3000 to several million square kilometers. Model performance is evaluated by
two aggregate performance measures and with respect to the ability of the model
to reproduce three distinct characteristics of the observed streamflow hydrograph:
average flow, flow variability and flow timing.
This chapter is organized into four main sections. First, the WaterGAP3 calibration and simulation setup is described including the underlying forcing data and
the observed streamflow data-set, and the model performance metrics used are introduced. Section 3 presents WaterGAP3 model performance derived for the basin
set and compares model performances in the calibration and validation period. A
discussion of the results in the context of previous large scale modelling studies and
recommendations for further research are given in Section 4.
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3.2 Data and Methods
3.2.1 Observed discharge data and basin selection
Time series of monthly river discharge were provided by the Global Runoff Data
Centre (GRDC). The GRDC archive provides observed discharge time series for
more than 9000 gauging stations globally. All time series received from GRDC
were screened for errors and co-registered to the WaterGAP3 5 arc minute drainage
direction map [Lehner et al., 2008]. In contrast to a number of other large-sample
studies that limited their analysis to near-natural catchments [Gudmundsson et al.,
2012a; Newman et al., 2014, among others], heavily impacted river basins were kept
in the sample as WaterGAP3 is explicitly designed to account for human impacts
on the hydrological cycle through flow regulation and water abstractions. To be
included in the final simulation setup, stations provided by GRDC had to fulfil the
following criteria:
- The total upstream catchment area had to be at least 3000 km2 . This threshold, corresponding to approx. 35 contributing grid cells at the equator and
50 contributing grid cells at ±45◦ latitude, was chosen for two main reasons:
Firstly, uncertainties in spatially distributed model input data (e.g. land cover,
soil properties, drainage direction) are large on the grid cell level, but are likely
to average out over larger spatial scales. Donnelly et al. [2013] evaluated catchment areas derived from two global drainage direction maps against GRDC
reported catchment areas in Europe and found large relative errors especially
for small catchments. For HydroSHEDS [Lehner et al., 2008], which the WaterGAP3 river network is based on, they recommend a minimum catchment
size of 5000 km2 . For this study, a lower threshold was chosen to increase the
number of stations contemplable for analysis. However, stations that could not
be co-registered to the WaterGAP3 river network due to a mismatch between
modelled and reported catchment area were excluded from the set. Secondly,
Donnelly et al. [2013] point out that minimum catchment size should be limited by precipitation input resolution. In this study, WaterGAP3 was forced
with the 0.5◦ WFD/EI data-set which corresponds to a maximum grid-cell
size of 3077 km2 (at the equator) and further confirms the lower threshold of
3000 km2 as minimum catchment size.
- The inter-station additional catchment area to the next upstream station(s)
had to be at least 5000 km2 to ensure sufficient information gain between
stations.
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Available time series [yrs]

Figure 3.1. River discharge stations included in the analyses, indicated by record length
in the study the period 1958–2010. Inset shows summary statistics on the available time
series for calibration and validation.

- The streamflow record had to contain at least 5 (complete) years. Years containing missing values were excluded from analysis.
This selection procedure yielded a set of 2446 station records (cf. Fig. 3.1).
Monitoring-network density varies considerably between the different regions. A
dense network of streamflow observations is especially found in North America, Central and Northern Europe, and parts of the Russian Federation while station density
is low in large parts of Asia (except the Russian Federation), Central America and
large parts of Africa. Furthermore, those regions with an overall sparse monitoring
network often provide only short time series.
3.2.2 Meteorological forcing
A continuous forcing for the period 1958–2010 was derived by concatenating two
state-of-the-art global gridded meteorological forcing data sets: WATCH forcing
data (WFD) [Weedon et al., 2010, 2011] and WATCH forcing data methodology
applied to ERA-Interim (WFDEI) [Weedon et al., 2014]. Both data-sets provide
eight meteorological variables at a spatial resolution of 0.5◦ for the periods 1958–
2001 (WFD) and 1979–2010 (WFDEI).
WFD are based on the ERA-40 reanalysis product [Uppala et al., 2005] which was
downscaled from 1◦ to 0.5◦ and bias-corrected against the observational data-sets
CRU TS2.1 and GPCCv4. The WFD methodology [Weedon et al., 2011] includes a
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correction for snowfall-undercatch after Adam and Lettenmaier [2003]. WFDEI were
derived by applying the same methodology to the ERA-Interim reanalysis product
with updated observational data-sets, CRU TS3.1/TS3.21 and GPCCv5/v6. The
data-sets were concatenated in 1979, i.e. WFD were used for the period 1958–1979
and WFDEI were used for the period 1979–2010. In the following, the concatenated
data-set will be referred to as “WFD/EI”.
Out of the eight meteorological variables provided, five are required to force WaterGAP3: air temperature, long-wave downwards surface radiation flux, short-wave
downwards surface radiation flux, rainfall rate and snowfall rate. All variables were
aggregated from sub-daily to daily time steps. Rainfall and snowfall rate were
summed to total precipitation as WaterGAP3 calculates daily snowfall fractions internally as a function of air temperature.
Though WFD and WFDEI are based on a similar methodology and comparable input data sets, Müller Schmied et al. [2014] found a systematic offset in net radiation
between the two products which causes an increase in WaterGAP simulated actual
evapotranspiration of 5000 km3 yr-1 when switching from WFD to WFDEI. Accordingly, simulated runoff decreases by approximately the same amount. Consequently,
WFD downwelling shortwave and longwave radiation flux were bias-corrected to
WFDEI following the approach of Haddeland et al. [2012]. Monthly correction
factors for each variable and grid cell were derived from mean monthly values for
the overlapping period of both data-sets (1979–2001) and were applied to WFD as
follows:
Vbc (d, m) = Vwf d (d, m) ×

V wf dei (m)
V wf d (m)

(3.1)

where Vbc is the bias corrected variable for day d in month m, Vwf d is WFD radiation
flux, V wf dei (m) is WFDEI mean radiation flux for month m averaged over the period
1979-2001 and V wf d (m) is WFD mean radiation flux for month m averaged over the
period 1979–2001.
3.2.3 Model calibration and validation
Model calibration and validation were performed as a split-sample test by dividing
the available observed discharge record into independent calibration and validation
periods [Klemeš, 1986]. The split-sample test is considered a minimum requirement
for the evaluation of calibrated models as it proves the transferability of calibrated
parameter values in time [Andréassian et al., 2009; Refsgaard, 1997].
There is no commonly agreed standard on the minimum number of years required
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for calibration as the sensitivity of model parameters and model performance to the
length of the calibration period strongly depends on model type and complexity.
However, the calibration period ideally includes wet, average and dry years [Moriasi
et al., 2007]. Calibration to short time series, which are likely to contain less diverse
hydrological conditions, often yields better model performances in the calibration
period at the expense of a decrease in model performance in the validation period
[Merz et al., 2009]. Perrin et al. [2001] demonstrated, that this drop in model performance when moving from calibration to validation period increases with the number
of calibrated model parameters.
Ideally, for each station the same observational periods are assigned to calibration
and validation, respectively. In the global data-set used in this study, time series
length and observation period vary considerably among the stations. Consequently,
a set of flexible rules was developed to assign calibration and validation period with
the priority to maximise the calibration period to 15 years (see also Tab. 3.1). The
most recent 15 years of observations were used for calibration, the remaining (preceding) years were used for validation. In the ideal case of at least 30 years of
observations, the 15-year period preceding the calibration was chosen. If less than
15 years of observations were available, the entire record was used for calibration
which precludes any validation for these stations. Additionally, if less than 5 observational years remained for validation, no validation was performed. Out of the
2446 stations included in the study setup, 1353 provided a sufficient record for 15
years of calibration and validation, respectively. No validation could be carried out
for 618 stations due to insufficient record length. Finally, the validation period was
shorter than 15 years (and hence the calibration period) for 475 stations.
3.2.4 Model performance measures
Model performance was assessed with the Nash-Sutcliffe efficiency (NSE; Nash and
Sutcliffe 1970) and the Kling-Gupta efficiency (KGE; Gupta et al. 2009; Kling et al.
2012). NSE is the most widely used and reported model performance measure
in hydrological modelling studies. The metric was designed as a relative index
of agreement between simulation and observations that can be compared across
catchments and time periods by normalizing the sum of square error by the observed
variance (Eq. 3.2). Subtracting from unity bounds the metric between 1 (indicating
perfect agreement) and −∞.
N
P

N SE = 1 −

(Qobs (t) − Qsim (t))2

t=1
N
P

t=1

(3.2)
2

(Qobs (t) − µobs )
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Table 3.1. Rules applied to split the available time series of observed discharges into
calibration and validation period
Time series
length [yrs]

Rule

Calibration
[yrs]

Validation
[yrs]

Number of
stations

5 - 14

The entire time series is used for calibration, no validation possible

<15

-

380

15 - 19

The most recent 15 years of observed
data are used for calibration, the remaining time series (less than 5 years)
is too short to perform a model validation

15

-

238

20 - 29

The most recent 15 years of observed
data are used for calibration, the preceding years are used for validation

15

<15

475

≥30

The most recent 15 years of observed
data are used for calibration, the preceding 15 years are used for validation

15

15

1353

where Qobs (t) and Qsim (t) are observed and simulated discharge at time step t, respectively, and µobs is mean observed discharge. The metric implicitly evaluates
the simulation against a simple benchmark model: the observed mean discharge.
Accordingly, negative values indicate that using the observed mean for each time
step would have been a better predictor than the actual simulation [Mathevet et al.,
2006].
Several studies have discussed major drawbacks of the criterion for model calibration
and evaluation. For example, Schaefli and Gupta [2007] point out that the mean
observed discharge is a poor benchmark to compare any simulation against, especially in catchments with a strong streamflow seasonality driven by precipitation
seasonality or a significant snowmelt contribution to total runoff. In these cases,
relatively high NSE values can be obtained with a model that is able to capture the
mean annual discharge cycle while it may fail to reproduce any other fluctuations.
The authors propose the usage of the multi-year mean value for every calendar day
as the benchmark model to prove the explanatory power of the model simulation
compared to the average hydroclimatology. NSE was further found to be overly
sensitive to high flows as it is based on squared errors, i.e. the metric gives little indication on the match between simulation and observation in the low-flow segment.
To overcome this shortcoming, modified forms of NSE were proposed which use the
logarithmic values of observed and simulated discharge or are based on absolute
rather than squared errors [Legates et al., 1999; Krause et al., 2005].
KGE (Eq. 3.3) decomposes model performance into three distinct aspects: (1) the
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bias ratio β, (2) the variability ratio γ, and (3) the linear correlation coefficient r
which relate to the ability of the model to reproduce mean, variability, and timing/shape of the observed hydrograph, respectively [Gupta et al., 2009; Kling et al.,
2012].
KGE = 1 −

q

(r − 1)2 + (β − 1)2 + (γ − 1)2

β = µsim /µobs
γ=

(3.3)

CVsim
σsim /µsim
=
CVobs
σobs /µobs

where µobs and µsim are observed and simulated mean, and σobs and σsim are observed and simulated standard deviation, respectively. All three metrics have an
optimum value of 1. In terms of β and γ, values greater than 1 indicate that the
model overestimates mean and variability of observed discharge, respectively, while
values smaller than 1 indicate underestimation. The linear correlation coefficient r
ranges between -1 (perfect negative correlation) and 1 (perfect positive correlation)
with values around 0 indicating no evident correlation between observed and simulated discharge. In this study, a modified form of the original KGE-statistic was
used that bases the variability ratio on the coefficient of variation instead of the standard deviation. This modification was proposed by Kling et al. [2012] to preclude
any cross-correlation between bias and variability ratio. To be considered ’fit-forpurpose’, a model is expected to reproduce all three aforementioned aspects of the
observed hydrograph (mean, variability, and timing) satisfactorily. The decomposition of model performance into three distinct and uncorrelated metrics enables to
examine which of these aspects of the observed hydrograph the model succeeds or
fails to reproduce, thus allows for a diagnostic evaluation of the model. If required,
the three single metrics can be combined into one measure of overall model performance, KGE, by calculating the Euclidean distance from the ideal point. Similar to
NSE, the error term is subtracted from unity to bound to metric between 1 (perfect
agreement) and −∞.
The KGE statistic is increasingly used and reported in hydrological modelling studies [e.g. Newman et al., 2014; Pechlivanidis et al., 2014; Nicolle et al., 2014; Lobligeois
et al., 2014] due to its obvious advantages over NSE, which have also been demonstrated for model calibration (for a detailed discussion see [Gupta et al., 2009]).
In the following, the KGE criterion and its components will be used to examine
WaterGAP3 performance in simulating monthly streamflow dynamics. In addition,
NSE will be reported to allow for comparison with previous large scale modelling
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studies.

3.3 Results
3.3.1 Cumulative model performance and spatial variability
The combined model performance scores NSE and KGE both show strong regional
patterns. Figure 3.2 maps the spatial distribution of model performance over the
2446 study basins. In terms of both NSE and KGE, good model performance (>0.5)
is found in large parts of northern Eurasia, Monsoon Asia and Western Europe. Low
model performance (<0.25) is especially found in semi-arid and arid regions, e.g. the
South-western US, large parts of Southern Africa and the Sahel as well as SouthEastern Australia.
In general, both metrics result in similar spatial patterns of good (or poor) model
performance. Prominent exceptions are the Amazon, the Congo, and large parts
of the Parana River basin where KGE is distinctively higher than NSE. However,
Figure 3.2 (histograms) also highlights that KGE scores are on average higher than
NSE scores. The median KGE is 0.55 with 55.6% of the basins featuring a KGE
value >0.5 while the median NSE is 0.42 with 42.3% of the stations having a NSE
>0.5. Accordingly, the KGE score is higher than the NSE score in 73.3% of the
basins. These findings imply that KGE and NSE values are not comparable in absolute terms.
As a first step to regionalise the derived model performances, all basins in the dataset have been grouped according to climatic conditions and geopolitical regions.
The main climate zone according to the Köppen-Geiger climate classification system [Kottek et al., 2006] was used to characterise average climate conditions in each
basin. If a basin extended over more than one climate zone, the dominant climate
in terms of share in area was assigned. Additionally, each basin was assigned to one
of the UNEP GEO regions [UNEP, 2012] (cf. Fig. A1, Supplementary Information
A).
Table 3.2 presents the percentage of basins within the four model performance classes
for each combination climate zone and UNEP region for both NSE and KGE. The
absolute number of stations in each of the classes is given in Table A1 (Supplementary Information A). Regional model performances confirm the findings from Figure
3.2: Highest model performance is found in warm temperate climates where 59% of
the basins feature a NSE of >0.5 (72% KGE). The poorest model performance is
obtained in arid climates with NSE <0.25 in 77% of the basins (KGE 67%). Largely
as a consequence of climatic setting, the best regional model performance is obtained

24

Chapter 3. Benchmarking the WaterGAP3 model for monthly streamflow simulation

Nash-Sutcliffe
Efficiency (NSE)

0.25

0.5

0.75

1

Kling-Gupta
Efficiency (KGE)

Figure 3.2. WaterGAP3 performance over 2446 basins as indicated by the NSE criterion
(upper panel) and the KGE criterion (lower panel). High values (blue) correspond to a
good fit of simulated discharge with observations. Insets show histograms of the number
of stations in each model performance class.

in Europe with a median NSE score of 0.57 (KGE 0.65), while the poorest model
performance is found in Africa with a median NSE score of 0.04 (KGE 0.37).
Besides the strong relationship between model performance and climatic conditions,
there is considerable variation in model performance between regions within one
climate zone. In the equatorial climate zone, for example, good model performance
is achieved in Asia and the Pacific region with NSE >0.5 in 68% of the basins. In
equatorial Africa and Latin America, in contrast, NSE exceeds 0.5 in only 30% and
35% of the basins, respectively.
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Table 3.2. Percentage of stations in the different NSE/KGE classes for each combination
of UNEP region and Köppen main climate. KGE values are given in brackets. Values
sum to 100% for each combination of UNEP region and Köppen main climate.
Köppen main climate*
UNEP region

NSE/KGE class

A

B

C

D

E

All climates

-

-

4
22
15
59

(11)
(28)
(20)
(41)

Africa

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

5
25
19
52

(13)
(34)
(23)
(30)

1 (6)
13 (10)
6 (11)
80 (73)

5
27
15
52

(10)
(36)
(23)
(32)

Asia and the Pacific

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

21 (26)
47 (47)
18 (21)
14 (5)

7 (2)
33 (18)
16 (31)
44 (49)

27
35
9
29

(37)
(25)
(16)
(22)

10
17
13
60

(15)
(26)
(13)
(46)

7
33
20
40

(33)
(27)
(13)
(27)

17
32
13
38

(23)
(28)
(18)
(30)

Europe

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

-

-

34 (58)
39 (30)
13 (7)
13 (4)

11
43
22
24

(21)
(50)
(16)
(12)

15
52
15
19

(19)
(41)
(26)
(15)

16
43
20
22

(28)
(46)
(15)
(11)

Latin America and
the Caribbean

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

(13)
(44)
(15)
(28)

0 (6)
13 (44)
13 (6)
75 (44)

5 (24)
35 (48)
27 (9)
33 (19)

-

0 (0)
0 (0)
0 (20)
100 (80)

8
27
22
43

(15)
(44)
(13)
(27)

North America

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

-

0 (0)
3 (8)
6 (15)
91 (78)

23
43
17
17

(10)
(30)
(26)
(34)

0 (3)
24 (32)
38 (51)
38 (14)

9
24
22
45

(14)
(30)
(24)
(33)

West Asia**

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

-

-

-

-

All regions

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

(15)
(41)
(18)
(26)

2 (3)
13 (14)
8 (16)
77 (67)

9
26
21
43

9
28
20
43

(36)
(40)
(12)
(12)

7
22
25
46

22
37
16
25

(37)
(35)
(13)
(15)

9
32
22
36

(16)
(40)
(20)
(24)

6
33
25
36

(13)
(32)
(35)
(20)

0 (0)
33 (67)
0 (0)
67 (33)
11
31
19
39

(19)
(36)
(18)
(26)

* A: Equatorial, B: Arid, C: Warm temperate, D: Snow, E: Polar and alpine
** As only three basins are located in the West Asia region, percentages are given
for the entire region only (right column)

3.3.2 Decomposition of model performance
Both NSE and KGE quantify the overall model performance, yet they do not provide insight which aspects of the observed hydrograph the model succeeds or fails to
reproduce. Consequently, the following paragraphs will discuss the ability of WaterGAP3 to match the observed mean, variability and timing of discharge as expressed
by the bias ratio β, the variability ratio γ and the correlation coefficient r. Figure 3.3
maps the spatial distribution of these three performance components over the 2446
study basins.
WaterGAP3 shows a good model performance in simulating the observed mean discharge. The total volume bias is smaller than ±5% for 46% of the basins, and
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a) Bias ratio β

overestimation

underestimation
0.5
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0.6

0.8

1

Figure 3.3. WaterGAP3 performance over 2446 basins as indicated by a) the bias ratio
β, b) the variability ratio γ, and c) the correlation coefficient r. Dark colours correspond
to a good fit of simulated discharge with observations. Insets show histograms of the
number of stations in each model performance class.
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smaller than ±15% for 75% of the basins. Discharge is underestimated by more
than 15% in only 4% of the study basins with no evident spatial pattern (cf. Fig.
3.3a). In contrast, the total discharge volume is overestimated in many arid and
semi-arid regions, e.g. Northern and Southern Africa, large parts of Australia and
the Sertão region in Brazil. For 19% of the study basins the volume bias is greater
than +25%, for 13% of the basins greater than +50%.
Figure 3.3b shows that WaterGAP3 underestimates observed streamflow variability
over large regions. Only 10% of the basins feature a variability bias smaller than
±5% (±15% in 31% of the study basins). Regionally, a substantial underestimation
of streamflow variability (more than −25%) is especially evident in the northern
latitudes, e.g. the Canadian shield, Siberia and as well as in large parts of northeastern Europe. Over the whole data-set, streamflow variability is underestimated
by more than −25% in 35% of the basins. An overestimation of streamflow variability by more than +25% is found for 15% of the basins, prominent examples are the
Parana, Congo River basins and the lower White Nile.
WaterGAP3 generally shows a good performance in matching the timing of monthly
discharges. The correlation coefficient between observed and simulated streamflow
is higher than 0.6 in 75% of the cases and higher than 0.8 in 39% of the cases. Compared to the overall high correlation between observed and simulated discharges,
exceptionally low correlation coefficients (<0.2) occur in 5% of the study basins
with no evident spatial pattern. Examples include the lower White Nile, the Aral
Sea tributaries Amu Darya and Syr Darya as well as several tributaries to the Hudson Bay (cf. Figure 3.3c).
3.3.3 Model performance during calibration and validation periods
In each basin, the WaterGAP3 model has been calibrated against at least 5 years
and up to 15 years of observed discharge depending on data availability. In addition, 1828 stations provided a sufficiently long time series (≥20 years) to perform a
validation analysis independent from the calibration period. In the following, model
performances between calibration and validation period will be described. It has
to be highlighted that the performance statistics given may differ from the results
presented in sections 3.3.1 and 3.3.2 as the analysis is based on a subset of the global
data-set.
Figure 3.4 (left column) shows the cumulative distribution functions (CDFs) for
all five performance measures considered in this study for the calibration and the
validation period. It becomes obvious that, except for the bias ratio β, the model
performances derived for calibration and validation period result in similar empirical
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Table 3.3. Median model performances in the calibration (cal) and validation (val) period
Number of
validation
years

NSE

KGE

|1 - β|

1

|1 - γ|

1

r

cal

val

cal

val

cal

val

cal

val

cal

val

5–9

0.37

0.27

0.53

0.45

0.01

0.14

0.27

0.27

0.74

0.77

10–14

0.30

0.32

0.49

0.50

0.01

0.10

0.27

0.28

0.75

0.77

15

0.44

0.46

0.56

0.55

0.01

0.09

0.26

0.25

0.75

0.78

all

0.42

0.42

0.55

0.53

0.01

0.10

0.26

0.26

0.75

0.78

1

median values were calculated for absolute deviations from the optimum value (1) to avoid
cancellation of positive and negative errors

distributions, i.e. assessed over the whole set of 1828 stations, there is little difference in model performance between calibration and validation. In terms of the bias
ratio β, model performance slightly deteriorates between calibration and validation
with an increase in median absolute error—the absolute deviation from the optimal
value—from 0.01 to 0.10.
Although four of the five performance measures yield similar CDFs in calibration
and validation, Figure 3.4 (middle column) illustrates that large differences between
calibration and validation performance are found for individual basins towards both
deterioration and improvement of model performance in the validation period which
apparently cancel each other out over the data set. For example, 48% of the basins
feature a better NSE score in the calibration period (53% for KGE, 50% for γ, 42%
for r). The only exception is again the bias ratio β for which the calibration period
yielded the better performance (the smaller deviation from the optimal value 1.0)
in 77% of the basins.
The length of the validation period varies between 5–15 years depending on data
availability in the individual basins (Section 3.2.3), while the calibration period
is consistently 15 years. To examine whether validation performance depends on
the length of the validation period, Figure 3.4 (middle column) shows model performances colour-coded according to the number of validation years. In addition,
median performance scores are listed in Table 3.3. The volume error is generally
higher in the validation period, but this effect is more pronounced in basins with
short validation periods (5–9 years). These basins also show lower NSE and KGE
scores in validation, while differences for longer validation periods (10–15 years) are
insignificant.
In order to study the overall impact of the calibration approach on model performance, one additional uncalibrated simulation was carried out with fixed, globally
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Figure 3.4. Comparison of model performances between calibration period and validation period over 1828 basins. Left column: Cumulative distribution functions. Middle
column: Model performance in the calibration period versus model performance in the
validation period. Colors indicate the length of the validation period and the 1:1 line
is shown in black. Right column: Model performances in the calibration period versus
model performance of an uncalibrated simulation. The 1:1 line is shown in grey.
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uniform values for the two calibration parameters γ and CFA, both set 1.0. In terms
of the runoff coefficient γ, this value corresponds to a linear relationship between
soil saturation and runoff fraction (cf. Eq. 2.9). The runoff correction factor CFA
set to 1.0 means that runoff will not be corrected.
The calibration approach of WaterGAP3 clearly improves model performance in
terms of NSE, KGE and β (see Figure 3.4, left column). Median NSE (KGE) increases from -0.01 (0.29) to 0.42 (0.55) compared to the uncalibrated simulation,
and the median absolute deviation of β from its optimal value decreases from 0.4
to 0.01. The general tendency of WaterGAP3 to overestimate observed discharge
volumes is even more pronounced in the uncalibrated simulation as in 26% of the
basins β scores are larger than 2.0 which corresponds to an overestimation of observed discharge volume by more than 100%. In contrast, there is no notable impact
of calibration on cumulative model performance in terms of γ and r. For both measures, CDFs from the uncalibrated simulation are similar to the ones derived from
the calibrated model. Accordingly, the uncalibrated and the calibrated simulation
result in the same median r value of 0.75, while the median absolute deviation of
γ from its optimal value improves only marginally from 0.29 to 0.26. Evaluated for
individual basins, however, the calibration approach can both improve and deteriorate r and γ scores (see Figure 3.4, right column). In direct comparison, better
γ scores are obtained from the calibrated simulation in 55% of the basins, better r
scores are obtained in 42% of the basins.
These findings imply that the increase in overall model performance—as quantified
by NSE and KGE—through calibration mainly originates from a better match to
the observed discharge volume. In other words, the calibration approach, as implemented in WaterGAP3, leads to an improvement in overall model performance due
to the reduction of the volume bias while it can have beneficial or adverse effects on
the correlation and flow variability depending on the individual basin.

3.4 Discussion and conclusions
3.4.1 Comparison with previous studies
In this study, an extensive evaluation of WaterGAP3 simulated monthly streamflow
has been carried out based on two aggregated measures (NSE and KGE) and three
complementary measures of model performance (volume bias, variability bias and
linear correlation coefficient). In the following, model performances obtained for the
WaterGAP3 model will be compared to published model performance thresholds as
well as to previous global scale modeling studies.
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In literature, no commonly agreed threshold values exist to differentiate between
satisfactory and unsatisfactory model performance due to the fact that achievable
model performance strongly depends on model type (complexity and/or flexibility of
model structure), input data quality (climate forcing and physiographic data sets)
as well as on the calibration approach both regarding the number of tunable parameters and the objective function these parameters are optimized for. Based on
a review of performance ratings in published research, Moriasi et al. [2007] propose
for the total volume bias thresholds of <10%, <15%, and <25% to indicate very
good, good and satisfactory agreement between observed and simulated discharge,
respectively. According to these thresholds, WaterGAP3 performs very good in 64%
of the study basins, good in 8% of the basins, and satisfactory in 7% of the basins.
Consequently, model performance is unsatisfactory in 20% of the study basins. In
terms of NSE, the authors suggest thresholds of >0.75, >0.65 and >0.5 to indicate
very good, good and satisfactory model performance, respectively. With respect to
these thresholds, WaterGAP3 shows very good performance in 11% of the basins,
good performance in 13% of the basins and satisfactory performance in 18% of the
basins. Consequently, model performance has to be considered unsatisfactory in
58% of the study basins.
These thresholds, however, were developed for regional-scale hydrological models.
Given the often parsimonious structure of global models and the large uncertainties
associated with global data-sets that feed the simulations [e.g. Fekete et al., 2004;
Kauffeldt et al., 2013], they are likely to be outperformed by regional scale models
in any given basin. Table 3.4 shows that WaterGAP3 performance compares well
with values reported for other global scale models, both GHMs and LSMs. It has
to be noted that the comparison of WaterGAP3 performance to previous large to
global scale evaluation studies is limited by the fact that, to date, there is no commonly agreed standard or protocol for model validation with regards to the tests
to be carried out and the performance metrics to be reported. Partly as a consequence of differing study objectives, model evaluation methods vary considerably
both in terms of the performance metrics reported and their temporal aggregation
level (daily, monthly, annual) which rendered a direct comparison impossible in
many cases. The need for such a standard has been clearly identified for regionalscale hydrologic models [e.g. Kirchner et al., 1996; Andréassian et al., 2009; Bennett
et al., 2013], especially in the light of the growing body of multi-model and largesample studies [Gupta et al., 2014], and would be similarly beneficial for the global
hydrological-modelling community. An initial step towards a comparative evaluation of global scale land surface hydrology models has been taken in the WaterMIP
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Performance metric

median VE

|VE| ≤ 1% (20%)

Study

Model/product

Gosling and Arnell [2011]

Value

50

0.1

2

22 (>2×10 km )

5.6

654

97% (98%)

Mac-PDM.09

Nijssen et al. [2001]

VIC

Widén-Nilsson et al. [2009]

Number of basins

2

5

WASMOD-M
5

2

This study

1.8

17% (76%)
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Hanasaki et al. [2008]

H08

32 (>2×10 km )

- (44%)

|VE| ≤ 25%

Van Vliet et al. [2013]

VIC

1612

36%

79%

r > 0.5

Alfieri et al. [2013]

Lisflood/HTESSEL

620

71%

80%

VIC

1616

23% (67%)

ERA-Interim/Land

706

56% (73%)

PCR-GLOBWB

20 (>5×104 km2 )

0.16

654

24% (73%)

r ≥ 0.8 (0.6)

median NSE

3

Van Vliet et al. [2013]

3

Balsamo et al. [2015]
Candogan Yossef et al. [2012]
Widén-Nilsson et al. [2009]

NSE > 0.8 (0.5)

2

Decharme and Douville [2007]
Xia et al. [2012]

WASMOD-M
5

2

ISBA-SGH

80 (>10 km )

8% (30%)

4

961 (only USA)

21% (60%)

NLDAS-2

1

Alternative formulation of the β-criterion used in this study: VE = (β − 1) × 100 [%]

2

Sensitivity analysis based on 15,000 parameter sets, performance for best parameter sets reported

3

Reported for daily time steps

4

Ensemble mean of 4 LSMs (Noah, Mosaic, SAC-SMA, VIC)

39% (75%)

0.42

7% (42%)
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Table 3.4. Comparison of WaterGAP3 performance to previous studies for the criteria volumetric
error (VE) 1 , correlation coefficient (r) and Nash-Sutcliffe efficiency (NSE)
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initiative [Water Model Intercomparison Project, Haddeland et al., 2012] in which
nine GHMs and LSMs participated. Core of the project was a 20th century hydrological hindcast based on a common simulation protocol and forcing data-set which
gave first insights into uncertainties across global hydrologic models. The initiative
is currently continued within the ISI-MIP framework [Inter-Sectoral Impact Model
Intercomparison Project, Warszawski et al., 2014; Schellnhuber et al., 2014].
3.4.2 Calibration and validation approach
The split sample test proposed by Klemeš [1986] has been carried out by dividing
the available time series into calibration and validation period. Data availability
allowed for a full split sample test with two periods of equal length (15 years) in
only 55% of the basins. In 25% of the basins no validation could be carried out as
the entire time series (≤15 years) was used for calibration in favour of a reliable
calibration result. In these basins, very limited conclusions on model performance
can de drawn as the model cannot be tested against a time series independent from
calibration. However, restricting the analysis to basins that allowed for a full split
test would have led to the exclusion of gauging stations primarily in data scarce regions (cf. also Fig. 3.1), thus would have amplified their uneven spatial distribution.
The split sample test was designed to be applied under stationary conditions in the
individual catchments. Human activity has increasingly altered the natural hydrological regime over large parts of the Earth’s surface as a consequence of e.g. land
use change, flow regulation and dam construction as well as water abstractions and
water transfers. For example, Grill et al. [2015] estimated that today 48% of global
river discharge volume is moderately to severely impacted by either flow regulation,
fragmentation, or both, and that this percentage has steadily increased over the 20th
century, particularly between 1950 and 1980. Although not explicitly tested, it is
unlikely to find stationary conditions over the entire simulation period in many of
the study basins with respect to the degree of human interference. Previous largesample studies [e.g. Newman et al., 2014; Gudmundsson et al., 2012b] have therefore
limited the analysis to near-natural catchments, i.e. catchments with no or minimum
human disturbance. This study followed a different approach for two main reasons:
Firstly, robust estimates of water availability (and information on their reliability)
are most needed where water secures or threatens the livelihood of a large population. In these regions a strong human imprint on the natural hydrologic regime
can be expected. Secondly, WaterGAP3 explicitly accounts for two major aspects
of anthropogenic disturbance, water abstractions and flow regulation. Nevertheless
remains the actual degree of human interference in the individual basins and its
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development over time an important source of uncertainty in the model simulations.
In addition, climate non-stationarity in the individual basins has to be taken into
account. By calibrating and validating conceptual models to sub-periods, several
studies [Merz et al., 2011; Coron et al., 2012; Brigode et al., 2013] have demonstrated
that model error in the validation period increases (or performance decreases) the
more climate conditions differ from those in the calibration period. Model parameters were shown to be correlated with hydroclimatic indicators, i.e. their optimal
values change with hydroclimatic conditions [Merz et al., 2011]. The calibration
length of 15 years used in this study is capable to compensate climate fluctuations
on sub-decadal time scales, yet the transfer of parameter values in time is an important source of uncertainty in the WaterGAP3 simulations if a long-term climate
trend exists. Testing the robustness of parameter values and model performance in
the individual basins throughout the simulation period, however, lies beyond the
scope of this study. In the calibration process, conceptual model parameters will
tend to compensate for errors in the underlying input data as well as for deficiencies
in model structure and process representation [Clark and Vrugt, 2006]. Given the
parsimonious structure of WaterGAP3 and the small number of calibrated parameters, this behaviour is expected to be even pronounced which undermines their
physical meaningfulness.
The overall good performance of WaterGAP3 in matching the observed total discharge volume is clearly a consequence of the calibration approach both in terms
of the efficiency criterion used and the set of tunable parameters. WaterGAP was
originally developed to provide spatially distributed estimates of long-term average water availability. In line with this objective, the model is calibrated against
observed long-term average discharge by adjusting two parameters controlling the
partitioning of precipitation into evaporation and runoff. The calibration approach
is neither sensitive to inter-annual nor to intra-annual variability of river discharge
and it is implicitly assumed that the model structure is capable of reproducing
monthly streamflow variability. This assumption has been tested in this study by
comparing model performances derived from a calibrated (standard) simulation to
those derived from an uncalibrated simulation. It was found that the calibration
approach does not generally improve model performance in terms of streamflow variability and timing.
In order to improve the representation of discharge variability and timing through
calibration, a revision of the calibration approach implemented in WaterGAP3 is
required: On the one hand, an objective function sensitive to intra-annual and
inter-annual streamflow dynamics has to be employed. On the other hand, the set
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of calibration parameters has to be extended by parameters related to streamflow
routing. This notion is supported by the study of Werth and Güntner [2009] who
performed a multi-criteria calibration for 28 large river basins with a previous version of the WaterGAP model. The authors found that parameters related to flow
velocity calculation in the river stretches and to the retention of streamflow by large
surface water bodies were among the most sensitive parameters in most of the basins.
In addition, parameters related to snow accumulation and melt were found to be
among the most sensitive parameters in all river basins with at least a moderate
portion of snowfall in total precipitation, e.g. Mackenzie, Columbia River, and Ob.
In all of these basins, the threshold temperature for snowmelt Tcrit (Eq. 2.6) was
sensitive which can be explained by the fact that the parameter controls snowmelt
onset, and hence the timing of snowmelt-induced peak flows.
The number of calibrated parameters in WaterGAP3 has been kept low—from a
practical point of view—to reduce the computational costs of calibration and—from
a conceptual point of view—to avoid equifinality. Equifinality [Beven, 2006], i.e.
several parameter sets yielding similar model performance, has been given little
attention in large to global scale hydrological modelling studies since most global
hydrologic and land surface models either perform no basin-specific calibration or,
as in the case of WaterGAP3, apply generic calibration routines. One notable exception is the study by Widén-Nilsson et al. [2009] who performed an extensive
uncertainty analysis with the global water balance model WASMOD-M based on
15,000 parameter sets. The authors conclude that calibration to annual or longterm
discharge is insufficient to confine the parameter space and propose a sequential calibration approach by first calibrating parameters controlling the longterm average
discharge volume, followed by a calibration to monthly discharge dynamics.
3.4.3 Representativeness of the basin sample and generalizability
The model performance statistics reported in this study inevitably depend on the
set of river basins included in the analysis in terms of location, climate region, and
physiographic setting of the individual basins. Due to data availability constraints,
the sample is geographically unevenly distributed with northern latitudes and humid regions being overrepresented. Consequently, sample statistics are also skewed
toward northern latitudes. For example, median KGE is 0.55 over the whole sample
opposed to a value of 0.39 if median KGE is calculated as area weighted mean of
median KGE in the different regions (Table 3.2). A-priori exclusion of stations in
data-rich regions to derive a more even spatial distribution, however, would have
led to a considerable loss of information.
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Since all model performance metrics featured distinct spatial patterns, they need
to be evaluated and interpreted in a regional context. As an initial step to examine regional differences in model performance, the basin sample was grouped with
respect to Köppen main climate and UNEP region. WaterGAP3 performed best
in warm temperate and snow climates, the lowest model performance was found in
arid climates. With respect to UNEP region, the highest model performance was
observed in Europe and the lowest in Africa, which is undoubtedly related to the
climate zones these regions fall into.
While there is an apparent relationship between model performance and climate conditions in the individual basins, the river basin classification based on geographic
regions remains too coarse to draw robust conclusions under which climatic and
physiographic conditions WaterGAP3 performs good or poor in reproducing monthly
streamflow dynamics. Consequently, the following chapter will investigate possible
relationships between the model’s ability to simulate certain aspects of observed
streamflow record and a variety of catchment characteristics. These relationships
are expected to explain the found regional differences in model performance.
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CHAPTER

Climate and catchment controls on the performance
of monthly streamflow simulations

4.1 Introduction
The systematic evaluation of macro-scale hydrological models is particularly challenging because the modeller lacks in most cases any basin specific knowledge. Especially in situations where a model fails to reproduce the observed system behaviour,
evaluation and potential improvement cannot benefit from local knowledge and process understanding gained from field trips [Gupta et al., 2014]. Further, any macroscale modelling approach is prone to large uncertainties in (spatially distributed)
input data [Fekete et al., 2004; Biemans et al., 2009; Sperna Weiland et al., 2012;
Kauffeldt et al., 2013; Müller Schmied et al., 2014], and it is difficult to distinguish
between model errors caused by input data uncertainty and model errors related to
deficiencies in model structure or parametrisation. Chapter 3 of this thesis as well as
previous macro-scale model evaluation studies have clearly shown that model performance is not randomly distributed but distinct spatial patterns emerge. However,
until now most evaluation studies have analysed and discussed model performance,
or the lack thereof, exemplarily for selected (major) river basins [Nijssen et al., 2001;
Hanasaki et al., 2008; Gosling and Arnell, 2011; van Vliet et al., 2012; Wisser et al.,
2010] or have relied on the interpretation of spatial patterns in mapped performance
metrics [Widén-Nilsson et al., 2009; van Beek et al., 2011; Xia et al., 2012; Alfieri
et al., 2013]. Both approaches provide limited explanatory power in addressing differences in model performance across basins or regions and in identifying underlying
determinants.
To systematically analyse WaterGAP3 performance in simulating monthly streamflow regimes, in this chapter the concept of catchment descriptors (also referred to
as catchment characteristics) will be employed in order to establish relationships between catchment setting and model performance. Catchment descriptors are metrics
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that quantify similarity or dissimilarity between catchments in a hydrologically relevant manner [Wagener et al., 2007]. They may relate to catchment climate, form,
or function, and are distinguished into two types: First order descriptors can be
directly derived from maps, e.g. catchment area and shape, mean elevation, and
dominant land cover characteristics, soil characteristics. Second order descriptors,
also called catchment signatures, measure the catchment’s response behavior and
storage characteristics, examples include base flow index and runoff ratio [Demuth
and Young, 2004; Wagener et al., 2006]. Especially first order catchment descriptors
have been widely used in hydrological modelling to transfer calibrated model parameters to ungauged basins [e.g. Young, 2006; Viviroli et al., 2009; Deckers et al.,
2010; Skaugen et al., 2015] or to directly estimate relevant flow characteristics in
ungauged basins [e.g. Acreman, 1985; Dawson et al., 2006; Laaha and Blöschl, 2007;
Booker and Snelder, 2012].
In few cases, the concept of catchment characteristics and similarity has been applied
to investigate the influence of catchment setting on model performance. For example, van Esse et al. [2013] evaluated the performance of different model structures
in 237 French catchments in relation to three catchment characteristics: catchment
area, aridity, and the ratio of seasonal runoff coefficients in summer and winter. In an
ensemble study synthesizing the performance of nine GHMs and LSMs over Europe
with respect to the seasonal runoff climatology, Gudmundsson et al. [2012b] grouped
426 catchments into three hydroclimatic regime classes based on the shape of the
mean annual hydrograph, and analysed for each regime class the correlation between
three performance measures and six characteristics related to climate, physiography,
and catchment response in the individual catchments. These examples show that
the concept of catchment similarity employed to explore spatial patterns in model
performance is especially relevant for the evaluation of macro-scale models and for
large sample studies (one model applied to a large number of catchments) in order
to draw robust conclusions on model generalizability, i.e. the applicability of a certain modelling system in terms of both model structure and parametrisation in a
variety of catchment settings. At the same time, the concept can facilitate model
evaluation in a diagnostic way [Gupta et al., 2008] such that relationships identified
between model performance and catchment characteristics point to deficiencies in
model structure, thus efficiently inform further model development.
In this chapter, the concept of catchment similarity based on catchment descriptors
will be employed to explore and identify relationships between catchment characteristics and model performance using the set of 2446 basins presented in Chapter 3.
To differentiate the influence of catchments setting on distinct aspects of model per-
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formance, the evaluation will focus on the KGE components bias, variability and
timing. The remainder of this chapter is outlined as follows: Section 2 introduces the
set of descriptors chosen to characterize the set of 2446 basins, including underlying
input data sets and processing, and explains how catchment characteristics were
linked to model performance. Results are presented in Section 3 and discussed in
the context of previous macro-scale evaluation studies. The chapter concludes with
the main conclusions that can drawn for the WaterGAP3 model as well as concerning the general applicability of the catchment similarity concept for the evaluation
of macro-scale hydrological models.

4.2 Material and Methods: Catchment classification
Nine catchment descriptors were calculated for each river basin which quantify climate conditions, the degree of anthropogenic interference on the natural flow regime
and physiographic properties of the drainage area. These catchment descriptors were
aimed to reflect important determining controls on runoff generation and concentration in the individual basins. The choice of catchment descriptors was guided
by three considerations: (1) they had to be hydrologically relevant/meaningful at
the larger spatial scale, (2) their calculation had to be facilitated by available global
scale data-sets, and (3) intercorrelations among the descriptors should be weak to
avoid redundancy. The final set of catchment descriptors is listed in Table 4.1 including the minimum, maximum and median value for each descriptor over the set
of 2446 river basins described in chapter 3. Additionally, maps for each descriptor
are provided in Supplementary Information B. In the following, each catchment
descriptor will be briefly described including the underlying data sources. It has to
be noted that each descriptor was calculated for the entire upstream drainage area
because river discharge at any evaluation point (gauging station) is the integrated
response of all flow paths in the watershed, i.e. including tributaries. Accordingly,
the term ’river basin’ refers to the entire drainage area which may include smaller
upstream catchments.
4.2.1 Climate
Aridity Index
The degree of water limitation in the individual basins was quantified by the aridity
index AI. The indicator relates mean annual precipitation P [mm yr-1 ] to mean
annual potential evaporation Ep [mm yr-1 ].
AI =

Ep
P

(4.1)
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Table 4.1. Climatic, anthropogenic and physiographic properties (catchment descriptors)
used to characterize each river basin
Catchment descriptor

Abbreviation

Unit

Minimum

Median

Maximum

Aridity index

AI

-

0.05

0.98

13.93

Precipitation seasonality index

PSI

-

0.04

0.38

1.21

SNOWF

%

0

15.4

83.7

Degree of regulation

DOR

-

0

0

9.26

Cosumption-to-availability ratio

CTA

-

0

0.003

5.289

Catchment area

AREA

km2

3000

Mean slope

SLOPE

◦

0.032

0.934

15.664

Percent area covered by surface water
bodies

OPWAT

%

0

1.4

80.5

Percent area underlain by permafrost

PERM

%

0

0

95.0

Climate

Percentage of snowfall

Human Impact

Physiography
1.53×104 4.66×106

Basins with AI greater than unity are water limited as potential evapotranspiration
exceeds precipitation while values smaller than unity imply energy limitation. Potential evapotranspiration was calculated with WaterGAP3 based on the PriestleyTaylor approach (cf. chapter 2) and precipitation was directly derived from the
WFD/EI data-set (cf. chapter 3.2.2). AI values were grouped into four classes based
on commonly used thresholds: arid (AI >5), semi-arid (5> AI >2), dry subhumid
(2> AI >1.5), and humid (AI <1.5) [UNEP, 1997].
Precipitation Seasonality Index
Precipitation seasonality is one of the key drivers of streamflow seasonality, i.e.
its intra-annual variability and timing, in many parts of the world. The degree of
variability in monthly precipitation was quantified with the precipitation seasonality
index PSI [Walsh and Lawler, 1981]:
P SI =

12
P
1 X
Pm −
12
P m=1

(4.2)

where P [mm yr-1 ] denotes mean annual precipitation and Pm [mm month-1 ] denotes
mean precipitation in month m. While PSI values in the individual basins may vary
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between years, in this study the index was calculated for long-term average conditions. Annual and monthly precipitation were derived from the WFD/EI data-set
and averaged over the period 1971–2000. The index can theoretically vary between
0 (precipitation equally distributed over all months) and 1.83 (the entire annual
precipitation falls in one month). According to Walsh and Lawler [1981], PSI values
can be classified as follows: very equable (≤0.19), equable but with a definite wetter season (0.2–0.39), rather seasonal with a short drier season (0.4–0.59), seasonal
(0.6–0.79), markedly seasonal with a long drier season (0.8–0.99), most rain in three
months or less (1.0–1.19), and extreme with almost all rain in 1–2 months (≥1.2).
Percentage of snowfall
The percentage of snowfall in total precipitation indicates the relative importance of
processes related to snow accumulation and melt in the river basins. The descriptor
was further chosen because global gridded precipitation products, as used in this
study, were shown to be prone to large uncertainties in high latitudes due to snow
under-catch [Biemans et al., 2009], and this systematic bias is likely to propagate to
a significant underestimation of streamflow.
Total precipitation was derived from the WFD/EI data-set and was divided on subgrid level into rainfall and snow fractions, based on daily surface air temperature
from the same data-set, applying a threshold temperature of 0◦ C. Daily snowfall and
total precipitation were cumulated to basin-level and annual sums, and subsequently
averaged over the period 1971–2000.
4.2.2 Human impact
Human interference has altered the natural flow regime of rivers in large parts of
the world. Relevant activities include interbasin transfers, land use change, artificial
drainage, and stream straightening. The most substantial interventions, however,
are water abstractions and flow regulation by dams and reservoirs which were accounted for by two descriptors.
Degree of flow regulation
The relative impact of flow regulation in each river basin was quantified with the
degree of regulation index DOR proposed by Lehner et al. [2011] (Eq. 4.3) which
has been applied with slightly different formulation and naming in several other
studies [Nilsson et al., 2005; Vörösmarty et al., 2003; Batalla et al., 2004]. The
metric relates the cumulative reservoir storage capacity within a river basin to its
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natural discharge, irrespective of the location of the individual reservoirs within the
basin.
n
P

DOR =

Ci

i=1

(4.3)

Qnat

Ci [km3 ] denotes the storage capacity of the ith reservoir of the basin, n is the total
number of reservoirs in the upstream drainage area and Qnat [km3 yr-1 ] is mean annual naturalized discharge at the basin outlet. The metric can be interpreted as the
proportion of annual runoff that can be artificially retained in the basin. In other
words, values larger unity mean that the cumulative installed reservoir capacity is
theoretically capable of retaining the total runoff volume of more than one year.
Rivers with DOR values <0.02 are considered free-flowing [Lehner et al., 2011; Nilsson et al., 2005]. Increasing DOR values reflect an increasing probability that the
natural flow regime is significantly modified.
Reservoir locations and storage capacities were derived from the Global Reservoir
and Dam Database (GRanD) [Lehner et al., 2011] whereby all reservoirs with a
reported storage capacity ≥0.1 km3 were considered. Naturalized discharge at the
basin outlet was derived from a WaterGAP3 simulation that excluded water abstractions and reservoir operation and was averaged over the period 1971–2000.
Consumption-to-availability ratio
The intensity of water use in each river basin was quantified with the consumptionto-availability ratio (CT A, termed ’blue water scarcity’ in Hoekstra et al. [2012])
which relates the total water consumption, i.e. the volume that is permanently
withdrawn from the system, to naturalized water availability (Eq. 4.4).
n
P

CT A =

W Ci

i=1

(4.4)

Qnat

W Ci [km3 yr-1 ] denotes the annual water consumption of the ith cell of the basin,
n is the total number of cells in the upstream drainage area and Qnat [km3 yr-1 ] is
mean annual naturalized discharge at the basin outlet.
A critical threshold of 0.2 was proposed by Richter et al. [2012] based on the reasoning that the natural flow regime should not be modified by more than ±20%
to avoid adverse effects on riverine ecosystems. Consequently, values >0.2 indicate
that environmental flow requirements are not met. The threshold was originally
developed for daily flows but is applied here to annual flows. CTA values were cat-
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egorized as low water scarcity (<0.1), moderate water scarcity (0.1–0.2), and severe
water scarcity (>0.2). These classes correspond to a insignificant, moderate and
significant modification of the natural flow regime, respectively.
Spatially explicit estimates of water consumption were provided by the WaterGAP3
water use models for the sectors domestic use, manufacturing industries, thermal
power plant cooling, livestock farming and irrigation [Flörke et al., 2013; aus der
Beek et al., 2010]. Naturalized discharge at the basin outlet was derived from a
WaterGAP3 simulation that excluded water abstractions and reservoir operation.
4.2.3 Physiography
Catchment area
Catchment areas were delineated based on a global 5 arc-minute drainage direction
map [Lehner et al., 2008] which is also used by the WaterGAP3 flow routing routines. In principle, catchment area provides little information on the hydrological
setting in the individual basins. The descriptor was chosen to test whether model
performance is sensitive to basin size. Many previous studies have a priori assumed
or concluded that model performance of GHMs and LSMs increases with basin size
because uncertainties are largest in small basins and local (grid-scale) errors cancel
over larger spatial domains [Cohen et al., 2013; Hoekstra et al., 2012; Forzieri et al.,
2014].
Average slope
Average slope is one important variable characterizing catchment topography. It
indicates the relative importance of fast (surface) runoff processes, thus the concentration time of runoff, in the catchment. Grid cell slope was calculated based
on the GTOPO30 global digital elevation model [USGS, 1996] in its native spatial
resolution of 30 arc seconds. The 30 arc second grid was subsequently mapped to
the basin delineation used in this study and the area-weighted average slope was
calculated for each basin.
Percent area covered by surface water bodies
Natural surface water bodies (SWB) in the form of lakes and wetlands have a regulating effect on the streamflow regime as they intercept stormwater runoff and,
if connected to the stream, can reduce and delay flood peaks. The influence of
SWB on (downstream) low flows depends on the regional climate conditions. In
humid climates, lakes act as an additional storage that sustains low flows during
dry periods while in semi-arid climates, lakes intercept and evaporate a part of the
upstream inflows, and thus reduce downstream low flows [Stahl et al., 2008]. From
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a meta-study, Bullock and Acreman [2003] concluded a similar effect of wetlands on
downstream low flows.
Since there is no data-set on potential lake and wetland storage volume available,
the percentage area covered by SWB was used as a proxy for the relative importance
of SWB in the river basin. Location and extent of surface water bodies were derived
from the Global Lakes and Wetlands (GLWD) [Lehner and Döll, 2004] and mapped
to the river basin set.
Percent area underlain by permafrost
The occurrence of permafrost strongly affects runoff generation in a basin. In permafrost regions, the annual hydrograph is dominated by snowmelt. Due to the
reduced permeability for liquid water and the low infiltration capacity of the still
frozen upper soil layer, most of the snowmelt water drains as surface runoff. During winter, the low hydraulic conductivity of the frozen soil leads to decreased base
flows.
Permafrost extent was derived from the Circum-Arctic Map of Permafrost and
Ground-Ice Conditions [the IPA map, Brown et al., 1997] which describes permafrost
extent by four qualitative classes: continuous (90–100%), discontinuous (50–90%),
sporadic (10–50%) and isolated patches (0–10%). To obtain permafrost extent per
river basin, the IPA map was overlaid with the WaterGAP3 5 arc minute grid, and
areal percentages were converted to absolute values using the mid-value of each class
interval.
In addition, this descriptor includes glacierized areas derived from the World Glacier
Inventory [NSIDC, 1999].
4.2.4 Correlations between descriptors
Pairwise relationships between the descriptors are shown in Fig. 4.1 as scatter plots
and as numerical values. Correlation was evaluated in terms of Spearmans’s ρ and
Kendall’s τ . Both coefficients are non-parametric estimates of the strength and direction of correlation, i.e. they are based on ranks rather than actual values, thus
are able to detect non-linear dependencies between the variables. Both coefficients
range between -1 and 1 where values around 0 indicate no or insignificant correlation.
Values of -1 and 1 denote a perfect negative correlation and perfect positive correlation, respectively. Several pairs of descriptors are moderately correlated (|ρ| > 0.4
or |τ | > 0.4) which can be interpreted on hydrological grounds. For example, AI,
DOR and CTA are positively correlated. In naturally water-scarce river basins, the
construction of dams and reservoirs is one important water management practice to
both provide an additional source for water withdrawals and to sustain streamflow in
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Figure 4.1. Pairwise correlation analysis between catchment descriptors shown as scatterplots and as numerical values. Correlation was calculated as Spearman’s ρ and Kendall’s
τ , upper value and lower value in each box, respectively. Color denotes the direction of
correlation: blue indicates negative correlation, red indicates positive correlation. Saturation denotes the strength of correlation. Axes may not extent to the maximum value
in the data-set to improve readability of the plots.

lower reaches during dry periods. Consequently, large installed storage capacities (in
relation to natural streamflow volume) are more likely to be found in basins with a
high aridity index. Accordingly, CTA is positively correlated with AI. The indicator
relates water consumption to availability which both are climate-driven. In many
parts of the world, total water consumption is dominated by irrigated agriculture
[Döll and Siebert, 2002; Wada et al., 2011]. Increasing aridity leads on the one hand
to rising irrigation demand and, at the same time, to lower water availability. Both
effects result in higher CTA values. Further examples are the positive correlation
between the percentage of snowfall and the percentage of permafrost area, and the
negative correlation between AI and the percentage of snowfall.
Despite the statistical relationships identified between certain pairs of descriptors,
each descriptor is believed to provide sufficient independent information to be in-
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cluded in the analysis. Existing correlations between descriptors, however, need to
be carefully considered in the interpretation of relationships between model performance and catchment characteristics.
4.2.5 Linking model performance and catchment characteristics
Relationships between model performance and basin characteristics were examined
by calculating summary descriptive statistics for the three performance measures
β, γ and r introduced in chapter 3, displayed as boxplots in the following sections.
For this purpose, the value range of each descriptor was divided into classes and
each basin was assigned to one of these classes. Class ranges were adapted from
literature where available (e.g. for AI and CTA), otherwise they were based on
hydrological reasoning. Most descriptors exhibit a highly skewed distribution over
the set of 2446 basins. For these descriptors, the number of basins in the different classes varies considerably (cf. histograms in Figures B1–B3 in Supplementary
Information B). Class breaks were set such that each descriptor class contained at
least 10 basins. This threshold is more conservative than the one recommended
by Krzywinski and Altman [2014] who postulated a minimum sample size of 5 for
the construction of boxplots. Basic descriptive statistics underlying the boxplots
(quartile values and sample size) are provided in Table B1 (Supplementary Information B). It has to be noted that the approach is not aimed at clustering basins into
homogeneous groups with similar characteristics across the entire set of descriptors
[e.g. Köplin et al., 2012; Ali et al., 2012]. The grouping was performed independently
for each catchment descriptor, i.e. an individual set of groups was derived for each
descriptor.

4.3 Results and discussion
4.3.1 Model performance along climatic gradients
Figure 4.2 shows WaterGAP3 model performance along the climatic gradients aridity, precipitation seasonality, and snowfall. Along the aridity gradient, the most
striking relationship exists in terms of the bias ratio. Median bias increases from
0% in humid catchments to +60% in semi-arid and arid catchments, i.e. the total
streamflow volume is systematically overestimated. The general tendency to overpredict discharge in arid environments has been observed for a number of global
hydrological models [Nijssen et al., 2001; Gerten et al., 2004; van Beek et al., 2011,
among others], including previous versions of the WaterGAP model [Döll et al.,
2003; Hunger and Döll, 2008]. In a multi-model comparison study, Haddeland et al.
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Aridity index AI [-]

Precipitation seasonality index PSI [-]

Percentage of snowfall [%]

Figure 4.2. Boxplots showing model performance statistics for the simulation of monthly
streamflow along climatic gradients: Aridity index, precipitation seasonality index, and
percentage snowfall.
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[2012] concluded that this behaviour is less pronounced for models that solve the surface energy balance—typically LSMs. The authors hypothesize that this behaviour
is caused by the inadequate or lacking representation of processes particularly relevant in dry environments: transmission loss along the river channel and reinfiltration
of surface runoff. For the LSM ORCHIDEE, D’Orgeval et al. [2008] investigated the
sensitivity of simulated mean discharge to reinfiltration processes in flood plains
and intermittent ponds in eight African catchments of varying degrees of aridity.
The authors concluded that the representation of reinfiltration and re-evaporation
of surface runoff plays an important role in the semi-arid basins and may explain a
major part of the simulation error.
Regional scale studies have shown that transmission loss in the channel through
evaporation and infiltration into the stream bed can significantly reduce streamflow
volume: For the Walnut Gulch watershed, Arizona, Renard et al. [1993] estimate
that on long-term average only 12% of on-site runoff reach the outlet due to transmission losses. In the Amargosa catchment, Nevada, Osterkamp et al. [1994] estimate
that nearly 90% of annual groundwater recharge originate from channel transmission losses.
In the current version of the WaterGAP3 model, none of the aforementioned processes is conceptually represented. Any surface or subsurface runoff discharged to
the stream segment will be routed to the basin’s outlet with no evaporation occurring
from the stream it itself. Streamflow volume may only be reduced if it is intercepted
by downstream global lakes, reservoirs or global wetlands wetlands (and evaporates
from there) or if water is withdrawn by human activity. The results from this study
as well as from previous studies show that these assumptions are overly simplistic
in water-limited environments and lead to large uncertainties in water availability
estimates.
In contrast to catchment aridity, precipitation seasonality is not found to have a
significant impact on model performance (Figure 4.2), and the relationship between
all three model performance measures and PSI is rather ambiguous. The β-metric
indicates a systematic positive volume bias in basins with highly seasonal precipitation (PSI>0.8), but this observation can be explained by the fact that most arid
basins fall in these two groups (see Figure B1 in Supplementary Material B). Thus,
the volume bias is likely caused by deficiencies in model structure prominent in
water-limited environments that have been discussed earlier. Median γ ranges between 0.83 and 1.02 along the PSI gradient, median r ranges between 0.71 and 0.83,
however neither of both performance metrics shows a clear dependency on PSI.
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4.3.2 Model performance along gradients of human interference
Since both indicators of human interference, DOR and CTA, were found to be moderately correlated with AI, Figure 4.3 shows performance statistics along gradients
of human interference separately for humid basins (AI<1.5) and arid-zone basins
(AI≥1.5). As would be expected, mean annual discharge is largely overestimated
in the subgroup of semi-arid and arid basins, whereas the volume error is small in
the humid subgroup. There is, however, no obvious relation between the β-metric
and the degree of human interference with respect to both DOR and CTA. Along
the CTA gradient, the only remarkable exception are the humid basins in the highest CTA class (>0.4) which show a remarkably larger (positive) volume bias than
all other CTA classes. Closer inspection revealed that the basins in this subgroup
are, in contrast to all other subgroups, geographically clustered with most basins
located in the Platte River basin and in the Kansas River basin (both Mississippi
tributaries). Both river basins are characterised by high water demands for municipal and agricultural purposes facilitated by an extensive water infrastructure and
groundwater pumping, and partly rely on substantial water imports from the Colorado River basin [Weiskel et al., 2007; Dennehy et al., 1993; Szilagyi, 1999; Kustu
et al., 2010]. The systematic overestimation of total streamflow volume may indicate that WaterGAP3 underestimates consumptive water use in the region, i.e. the
volume of water that is withdrawn from and not returned to the system by human
activity.
In the humid group, the correlation coefficient decreases along the DOR gradient
accompanied by γ values smaller unity, indicating that streamflow timing is less
reliably captured and streamflow variability is underestimated in heavily regulated
basins. This result is not unexpected since the actual operation plans of the dams
and reservoirs considered in the model are unknown. Consequently, WaterGAP3
applies a generic algorithm to calculate reservoir release as a function of storage capacity, mean inflow, downstream water demand and reservoir type whereat only two
main purposes are distinguished, irrigation reservoirs and non-irrigation reservoirs.
Döll et al. [2009] evaluated the effect of the reservoir algorithm on the quality of
computed monthly river discharge simulations with the NSE criterion and found an
insignificant effect for the majority of the gauging stations; for 7% of the stations
they found a significant increase in model performance, for 4% of the stations they
found a significant decrease. Biemans et al. [2009] report a more general increase
in model performance when including reservoir operation in the LPJmL model, but
also found decreasing model performance in some basins. After including a reservoir
scheme in the PCR-GLOBWB model, van Beek et al. [2011] report both improve-
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Degree-of-regulation index DOR [-]

Consumption-to-availability ratio CTA [-]

Figure 4.3. Boxplots showing model performance statistics for the simulation of monthly
streamflow along gradients of human interference, degree of regulation and consumptionto-availability ratio, stratified by catchment aridity

ment and deterioration of simulated streamflow seasonality depending on reservoir
type. None of the mentioned studies, however, has evaluated model performance
with respect to the degree of regulation. It can be concluded that the actual impact of reservoir operation on the streamflow hydrograph remains a large source of
uncertainty in the model simulations. In the arid basins, the relationship between
DOR and streamflow variability and timing is less clear.
Along the CTA gradient, both groups show similar model performance with respect to the γ-metric with slightly lower model performance in the highest CTA
class (>0.4). The correlation coefficient tends to deteriorate with increasing CTA,
again for both groups, however the signal is not sufficiently clear to support robust
conclusions.
4.3.3 Model performance along physiographic gradients
Figure 4.4 shows that WaterGAP3 shows comparable model performance for all
basin sizes, i.e. there is no evident effect of basin size on model performance. These
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Catchment area [103 km2 ]

Mean slope [◦ ]

Area covered by surface water bodies [%]

Area underlain by permafrost [%]

Figure 4.4. Boxplots showing model performance statistics for the simulation of monthly
streamflow along physiographic gradients: Catchment area, average slope, percentage
surface water bodies, and percentage permafrost.
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findings contradict the results of previous large-scale studies. For the WBM model
[Fekete et al., 2002; Wisser et al., 2010] and for the PCR-GLOBWB model [van
Beek et al., 2011], a distinctively larger bias in mean annual discharge estimates
was reported for smaller basins (in the order of 104 km2 ). The authors attributed
this observation to uncertainties in input data and insufficient level of detail in process representation in small catchments, and presume that these (local scale) errors
cancel out over larger spatial domains. It is very likely that the WaterGAP3 simulations are subject to similar uncertainties. The fact that these uncertainties are
not reflected in the model performance in smaller basins could be related to the
calibration procedure which inherently compensates for input data errors in order
to derive an acceptable fit to observed discharge. This notion is supported by a
previous study with the WaterGAP2 model [Hunger and Döll, 2008] which evaluated model performance with respect to various streamflow characteristics. The
authors found a good agreement between observed and simulated average discharge
irrespective of basin size. Metrics focusing on other streamflow characteristics (e.g.
high/low flows, seasonality and variability of monthly flows) indicated decreasing
model performance with decreasing basin size with basins smaller than 20 000 km2
performing lowest. These findings are only partly confirmed by this study. The
median correlation coefficient r varies between 0.74 and 0.79 across the basin-size
groups with no noticeable dependency on basin size. In terms of flow variability, it
was shown in Chapter 3 that WaterGAP3 has a general tendency to underestimate
flow variability over the entire basin set as reflected by γ values smaller than unity.
When split into basin-size classes, it becomes visible that this notion only holds true
for basins smaller than 100 000 km2 ; in these groups median γ varies between 0.82
and 0.88. In the two largest basin-size classes, the variability error becomes nearly
symmetrical with median γ values of approximately 1.
It has to be noted that the lower limit of applicability in terms of basin size has not
been systematically explored in this study, yet the results imply that this lower limit
has not been crossed. Predetermined by the 0.5◦ spatial resolution of the meteorological forcing data set used (see chapter 3.2.2), only basins with an upstream area of
at least 3 000 km2 were considered in the analysis. To date no forcing data set with
higher spatial resolution is available that would have supported the global scope
of this study. On continental scale, a number of meteorological forcing data-sets
has been developed in the past years that feature distinctively higher spatial resolutions, e.g. for Europe [E-OBS, 0.25◦ , Haylock et al., 2008], North America [Daymet,
1 km, Thornton and Running, 1997], sub-Saharan Africa [0.1◦ , Chaney et al., 2014].
Forcing WaterGAP3 with these data-sets would allow for model evaluation at spa-
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tial scales distinctively smaller than 3 000 km2 , thus would enable to further explore
the lower (spatial) limit of applicability of the model. This kind of analysis will,
however, require an independent simulation setup (including calibration) which lies
beyond the scope of the present study.
Figure 4.4 shows that average catchment slope has a decisive influence on the ability of WaterGAP3 to reproduce observed streamflow variability and timing. In the
group with lowest slopes (<0.5◦ ), flow variability is underestimated in 81% of the
basins. Between 2.5◦ and 7.5◦ average basin slope, the variability error is nearly
symmetrical around a median γ value of ~1.0. In basins with average slopes >7.5◦ ,
streamflow variability is largely overestimated as indicated by γ values greater than
1.0 in 74% of the basins. The median correlation coefficient is highest for mean
catchment slopes between 0.5◦ and 2.5◦ with a value of 0.79, and gradually deteriorates to 0.42 with increasing slope. There is no apparent relationship between β
and mean catchment slope.
Conceptually, grid cell slope impacts runoff generation and flow concentration in
a watershed in two ways: Firstly, it is one of four parameters determining the
partitioning of runoff from land into direct runoff and groundwater recharge such
that the surface runoff fraction increases with increasing slope (cf. Eq. 2.11). Any
surface/subsurface runoff is immediately passed to the routing scheme while groundwater recharge is discharged as baseflow to the river segment applying a globally
uniform recession constant of 0.01 d-1 . Consequently, the fast runoff component will
mainly contribute to the immediate response of the streamflow hydrograph to precipitation while the baseflow component is critical to maintaining streamflow during
dry periods. The fact that WaterGAP3 overestimates streamflow variability in steep
sloped catchments could be caused by an incorrect partitioning into fast runoff and
baseflow in that the fast runoff component is overpredicted which would result in a
positive bias during high flow periods while low flows would be underestimated due
to insufficient runoff volume in the baseflow component.
Secondly, flow velocity in the river segment is calculated, amongst other parameters,
as a function of river bed slope [ Eq. 3 in Verzano et al., 2012] and is assumed to increase with streamflow volume. The overestimation of streamflow variability might
also point towards an overestimation of flow velocity in particular under high-flow
conditions which would cause the flood hydrograph to rise too fast and would also
explain the decreasing performance with respect to timing in steep sloped catchments.
Both hypotheses can only be tested by utilising additional, independent validation
data sources. The (basin-scale) partitioning of total runoff into surface/subsurface
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runoff and baseflow could be validated against the base flow index (BFI). This metric can be directly derived from the daily streamflow hydrograph based on various
estimation techniques [e.g. Nathan and McMahon, 1990; Wittenberg and Sivapalan,
1999; Furey and Gupta, 2003]. Comprehensive, spatially explicit maps of BFI based
on different estimation approaches are provided by the Global Streamflow Characteristics Dataset (GSCD) [Beck et al., 2015, 2013].
With respect to river flow velocities, to date no comprehensive global data-set is
available to evaluate model simulations. On continental scale, daily stream flow velocities for selected watersheds can be derived from the U.S. Geological Survey National Water Information System (USGS-NWIS, http://waterdata.usgs.gov/nwis)
and have already been used by Verzano et al. [2012] to validate WaterGAP3 simulated average river flow velocity and standard deviation. This data-set could be
utilized to evaluate simulated flow velocities, in particular under high flow conditions.
Similar to average catchment slope, the presence of SWB has a strong impact on the
representation of streamflow variability and timing in that both model performance
aspects deteriorate with increasing SWB coverage while there is no apparent effect
on the bias ratio β (cf. Figure 4.4). Compared to the basins with the lowest SWB
coverage (<1%), median γ decreases from 0.93 to 0.26, i.e. streamflow variability
is increasingly underestimated. At the time, median r decreases from 0.78 to 0.16
indicating that also streamflow timing is poorly captured. The effect is especially
apparent in basins with more than 25% SWB coverage which are mainly located
in subarctic and cold climates, e.g. Canada and the Great Lakes region, the West
Siberian Plain, the Kolyma lowland (Eastern Siberia) and Alaska (cf. Figure B3,
Appendix B). Examples in the tropics and subtropics include Florida, the lower Rio
Araguaia and the Pantanal (both Brazil), but are rare in the dataset. These results
imply that WaterGAP3 exaggerates the regulating effect of surface water bodies on
the streamflow regime. Conceptually, any runoff generated in a grid cell is initially
intercepted by local lakes and wetlands from where it evaporates or discharges to
the next downstream SWB type or to the stream segment (cf. Figure 2.1). This
conceptualization implicitly assumes that any SWB type, if present in a particular
5’ grid cell, is permanently connected to the river. Within the limits of the current
model structure, the underestimation of streamflow variability could be counteracted by regionally calibrating or adjusting the lake/wetland retention coefficients
(cf. Eq. 2.15 and Eq. 2.16). In addition, the assumption of permanent connectivity
is critical for streamflow simulation in SWB dominated watersheds and needs to be
challenged; actual hydrological connectivity of surface water bodies to the stream
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network varies across regions as a function of climatic, geologic and physiographic
conditions in the watershed, and may also vary temporally as a result of expansion
and contraction of the river network [U.S. EPA, 2015].
One limitation of the current study design is that it is not possible to isolate the
effects different SWB types have on model performance. The catchment descriptor
chosen (OPWAT) quantifies the relative importance of SWBs in the watershed without distinguishing between the different SWB types conceptualized in WaterGAP3:
lakes and wetlands, global and local SWBs. Thus, it remains to be clarified whether
the variability/timing bias found is related to the presence of a particular SWB type
or occurs irrespective of SWB type.

Mean slope [◦ ]

Figure 4.5. Combined effects of mean catchment slope and the percentage surface water
bodies on model performance statistics for the simulation of monthly streamflows.

The percentage of open water bodies was found to be slightly negatively correlated
with average slope (Figure 4.1), explainable by the fact that flat terrain supports
the formation of extensive lake or wetland systems. Both indicators were shown to
be related to model performance in terms of streamflow variability and timing. In
order to isolate both effects, Figure 4.5 further stratifies the sample into two groups:
basins with a less than 10% and basins with more than 10% open water bodies, and
shows model performance statistics along the slope gradient for both groups. While
both groups show comparable performance with respect to the β metric, marked
differences are visible for γ and r. WaterGAP3 was already shown to underestimate
streamflow variability in plain terrain, but this behaviour is more pronounced if
SWB are present in the basin, in particular in the lowest slope class (<0.5◦ ). In
terms of the correlation coefficient r, both groups show similar performance statistics for slopes ≥1◦ . Below 1.0◦ average basin slope, r distinctively decreases with
decreasing slope if SWB are present, while there is no noticeable relation between r
and slope in basins with low SWB coverage.
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It can be concluded that the impact of SWB and slope on model performance regarding variability and timing is two-fold: In flat terrain, WaterGAP3 generally
underestimates streamflow variability, but this effect is more pronounced if SWB
are present, and is accompanied by a deterioration of streamflow timing. In steep
catchments, WaterGAP3 overestimates streamflow variability, again accompanied
by a deterioration of streamflow timing.
The effect of permafrost coverage on model performance appears to be neglectable
(Fig. 4.4). While both the β-metric and the γ-metric show similar model performance statistics in all groups along the permafrost gradient, the relation between the
correlation coefficient r and permafrost coverage is ambiguous. Median r initially
decreases with increasing permafrost coverage with the lowest value (0.64) found
in the group of basins with 25–50% permafrost coverage; at higher percentages of
permafrost coverage r values increase again.
4.3.4 Relationship between calibration parameters and catchment
characteristics
Since distinct relationships between catchment characteristics and model performance have been identified, it is informative to also examine dependencies between
catchment characteristics and the two model parameters adjusted during calibration,
Cr and CFA. Both parameters primarily control the partitioning of precipitation
into runoff and evaporation, hence impact the overall water balance of the basin.
The runoff non-linearity parameter Cr , allowed to range between 0.1 and 5.0, controls the partitioning of precipitation into infiltration and runoff at the top of the
soil column. With increasing values of Cr , a larger fraction of effective precipitation
will infiltrate into the soil, and will subsequently be available for evapotranspiration,
whereas a smaller fraction of effective precipitation is converted to runoff. In basins
where the adjustment of Cr is not sufficient to match the observed discharge volume,
i.e. the deviation of simulated from observed discharge volume remains larger than
±1%, runoff from land areas (excluding open water bodies) is multiplied with the
area correction factor CFA which is allowed to vary between 0.5 and 1.5. CFA values
greater unity consequently increase runoff volume, values smaller unity reduce runoff
volume. The spatial distribution of both parameters across the study basins is shown
in Figure B4 (Supplementary Information B). Over the entire basin sample, CFA is
smaller than unity in 59% of all basins which implies that WaterGAP3 has a general
tendency to overestimate runoff volume. Runoff volume is increased by CFA in 16%
of the basins and no correction is required in 25% of the basins (CFA=1). Summary
statistics of the parameter values along the nine catchment gradients are presented in
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Figure 4.6. To identify catchment descriptors that are correlated with Cr and CFA,
thus show some relation to both parameters, Spearman’s ρ and Kendall’s τ have been
calculated and are listed in Table 4.2. Five out of nine catchment descriptors considered in this study are moderately correlated with one or both calibrated parameters:
AI, SNOWF, CTA, SLOPE, and PERM. Given the intercorrelation between CTA
and AI discussed earlier, CTA will be excluded from further analysis and discussion.
In line with the findings in section 4.3.1,
the most evident relationship is again
Table 4.2. Correlation between calibrated
found along the aridity gradient. In the
model parameters (Cr and CFA) and catchvast majority of the semi-arid and arid
ment descriptors assessed by Sperman’s ρ
and Kendall’s τ
basins (AI>2), calibration resulted in
a Cr value of 5.0 (upper bound of the
Descriptor
ρ Cr
τ Cr ρ CFA τ CFA
parameter range) combined with a furAI
0.35
0.24
-0.50
-0.35
ther reduction of the total runoff volPSI
0.08
0.06
-0.20
-0.14
ume by the CFA parameter. These
SNOWF
-0.27 -0.19
0.35
0.25
findings show that the calibration proDOR
0.13
0.10
-0.15
-0.12
cedure results in parameter sets that
CTA
0.44
0.30
-0.48
-0.33
minimize the total streamflow volume.
AREA
-0.03 -0.02
-0.07
-0.05
It has already been discussed that the
SLOPE
-0.28 -0.19
0.31
0.21
systematic overestimation of streamflow
OPWAT
-0.10 -0.07
0.12
0.08
volume is likely caused by the imperPERM
-0.45 -0.34
0.48
0.37
fect representation of processes especially relevant in water-limited environments with respect to runoff generation and concentration. These structural errors
in the WaterGAP3 model are partly compensated by both parameters, but the permitted parameter range is apparently not sufficient to derive an acceptable fit to
observed discharge. Against this background, expanding the parameter range of Cr
and CFA does not seem expedient. Rather, the results highlight that a general revision of the model structure is required with respect to runoff processes in semi-arid
and arid environments.
Along the snowfall gradient, the two basin groups with at least a moderate snowfall fraction (>25%) show the lowest median Cr values, however in both cases the
interquartile range spans nearly over the entire parameter range indicating that the
parameter only weakly depends on snowfall fraction. Interestingly, the median CFA
equals the default value of 1.0 (no correction) in these two groups, and CFA values
are nearly normally distributed in the basin group with more than 50% snowfall,
while over the entire sample a reduction of total runoff volume (CFA < 1) is re-
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59
Figure 4.6. Relationships between the calibrated model parameters Cr (upper panel in each row) and CFA (lower
panel in each row) and catchment descriptors. Dashed lines mark the default parameter value. Frames mark those
descriptors moderately correlated with at least one of both parameters.
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quired in the majority of basins. One reason to include the percentage snowfall as
a descriptor in the analysis was to test whether the precipitation forcing shows a
systematic negative bias caused by snow undercatch reported by several previous
studies [Biemans et al., 2009; van Beek et al., 2011; Sperna Weiland et al., 2015,
among others]. Neither model performance (cf. Section 4.3.1) nor model parameters
imply a similar issue in the WFD/EI forcing data-set used in this study.
Along the slope gradient, median Cr decreases from 5.0 to 0.16, i.e. the Cr values
reflect that event runoff coefficients tend to be higher in steep catchments [Dubreuil,
1986; Merz and Blöschl, 2009]. Median CFA increases along the slope gradient from
0.82 to 1.11. In 27 out 46 basins in the steepest slope class (≥7.5◦ ), CFA is larger
than 1.0 indicating that the parameter increases total runoff volume. This observation might point towards a systematic bias in the precipitation forcing due to
orographic effects: High-elevation locations, which tend receive higher precipitation
amounts, are systematically undersampled in precipitation gauge networks, resulting
in a negative bias when gauge observations are interpolated to precipitation fields
[Milly and Dunne, 2002; Adam et al., 2006]. Given the small subsample size of 46
basins, however, it cannot be concluded with certainty that this bias occurs in the
WFD/EI data-set.
Along the permafrost gradient, median Cr decreases from 5.0 in basins with no or
negligible permafrost occurrence to 0.17 in basins with more than 75% permafrost
coverage. In permafrost dominated regions, snowmelt constitutes a large part of
annual runoff. Since the active soil layer is still frozen and consequently infiltration
capacity is low, most snowmelt water drains as surface runoff [Hagemann et al.,
2014]. These processes are apparently reflected in the Cr values derived by calibration. In the basin groups with highest permafrost coverage (≥50%), CFA values
tend to be larger than 1.0, i.e. the parameter increases total runoff volume. Many
of these basins are located in regions with a relatively sparse precipitation gauge
network such as Alaska, Northern Canada and Siberia [Schneider et al., 2014], the
parameter might thus compensate uncertainties in the precipitation input.

4.4 Summary and conclusions
In this chapter, WaterGAP3 performance in monthly streamflow simulation has
been systematically evaluated over a wide range of catchment settings. In order to
identify possible relationships between model performance and catchment setting,
three metrics quantifying different aspects of model performance have been linked
to nine catchment descriptors reflecting climatic, physiographic and anthropogenic
conditions in the individual basins. From this analysis, the following conclusions
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can be drawn:
(1) The results suggest that there is no relation between basin size and model
performance, i.e. robust results can be obtained in smaller basins. However,
model performance was not evaluated in river basins smaller than 3000 km2
due to constraints in terms of meteorological forcing.
(2) The most striking relationship between catchment characteristics and model
performance has been found along the aridity gradient in that WaterGAP3
systematically overestimates total discharge volume with increasing aridity.
This finding can be explained by the insufficient representation of processes
governing runoff generation and concentration in water-limited environments.
The systematic overestimation of total discharge volume in water-limited environments has been reported for many large scale hydrology models, both
GHMs and LSMs. In a recent ensemble study synthesizing the results of 11
GHMs and five GCMs, Schewe et al. [2014] concluded that the uncertainty
originating from GHMs dominated total uncertainty in water availability projections particularly in semi-arid and arid regions. At the same time, robust
water availability estimates are most needed in regions where the water resource is physically or economically scarce, or both, as these regions are most
vulnerable to changes in water availability. This stresses the necessity to improve LSMs and GHMs, including the WaterGAP3 model, in semi-arid and
arid environments.
(3) Catchment slope was found to have a significant effect on model performance
with respect to variability and timing in that streamflow variability is overestimated with increasing catchment slope accompanied by deterioration in
streamflow timing. This behaviour most likely relates to the partitioning of
effective precipitation into fast runoff and baseflow and to the calculation of
flow velocity in the stream channel. To significantly improve model performance especially in steep basins, a general revision of the underlying process
formulations, including parametrisation, is required.
(4) Streamflow variability was found to be underestimated in basins with considerable surface water body coverage which suggests that WaterGAP3 exaggerates
the regulating effect of surface water bodies on the streamflow regime. However, it remains unclear whether this finding applies to all types of surface
water bodies or is specific to a certain type.
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(5) Several previous studies have reported large uncertainties and systematic biases in precipitation forcing that translate into poor model performance [Fekete
et al., 2004; Biemans et al., 2009; Sperna Weiland et al., 2015] which could not
be reconfirmed by the present study, presumably for two reasons: Firstly, the
precipitation forcing used was corrected for wind-induced undercatch and wetting loss which constitute a large part of the total undercatch error [Adam and
Lettenmaier, 2003]. Secondly, the parameter behaviour along certain catchment gradients suggests that the calibration approach compensates biases in
precipitation forcing due to orographic effects and insufficient gauge density.
These implications clearly highlight avenues for further model development, but
are without question specific to the WaterGAP3 model as they directly relate to
conceptual model design and parametrisation. Besides the specific conclusions that
can be drawn for the further development of the WaterGAP3 model, the approach
applied was proven to be of great value for evaluating and especially diagnosing
macro-scale hydrological models in general, and it also lends itself to systematically
explore model performances across different marco-scale models. In recent years,
model intercomparison projects and initiatives have been established with the aim
to derive ensemble-based robust estimates of components of the terrestrial water
cycle under present and future conditions, but also to examine and explain differences in predicted hydrologic behaviour (states and fluxes) between models, e.g.
WaterMIP [Water Model Intercomparison Project, Haddeland et al., 2012], ISI-MIP
[Inter-Sectoral Impact Model Intercomparison Project Warszawski et al., 2014] and
most lately the EU-FP7 project eartH2Observe [Schellekens et al., 2015]. To date,
differences in predicted hydrologic behaviour and model performance between models were mostly studied for a small set of (major) river basins [Haddeland et al.,
2012] and it remained unclear whether the conclusions drawn could be generalized
to basins with similar characteristics. The presented approach to model evaluation
applied to a multi-model ensemble could thus complement previous model intercomparison studies.
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CHAPTER

Climate and catchment controls on low-flow and
high-flow performance

5.1 Introduction
The first generation of MHMs was mainly developed to quantify long-term hydrological fluxes over large spatial domains [Bierkens, 2015] and were, for example, applied
to construct large-basin to continental scale water balances or to quantify annual
discharge to oceans [Alcamo et al., 1997; Vörösmarty et al., 1998; Arnell, 1999; Milly
and Shmakin, 2002; Gerten et al., 2004; Hirabayashi et al., 2005], and many MHMs
are still applied in this manner [Wisser et al., 2010; Xia et al., 2012; Müller Schmied
et al., 2015]. The continuous improvement and further development of MHMs in recent years, along with the tremendous progress made in global meteorological forcing
products, now allow to analyse their simulations at distinctive smaller spatial and
temporal scales, hence facilitate the use of MHMs to study hydrological extremes,
viz. flood and drought conditions [e.g. Dankers and Feyen, 2009; Prudhomme et al.,
2014; Chaney et al., 2015; Wanders and Wada, 2015]. In the majority of the cases,
MHMs are applied to hindcast 20th century flood and drought characteristics or to
study the impact of global and climate change on hydrological extremes. In recent
years, MHMs have also been incorporated in large to global scale forcasting systems,
i.e. they are run in operational mode to inform early flood and drought warning
[Pappenberger et al., 2012; Alfieri et al., 2013; Wood et al., 2013].
In previous studies, the WaterGAP model has already been applied to estimate the
impact of global change on flood and drought risk in Europe [Lehner et al., 2006;
Verzano, 2009]. Instead of focusing on extreme events (e.g. 100-yr flood discharge or
100-yr drought deficit volume), this chapter will examine the general ability of WaterGAP3 to reproduce regional low-flow and high-flow characteristics over a set of
222 European river basins, and will explore climate and catchment controls in model
performance. The assessment will be based on flow duration curves (FDCs) derived
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from daily observed and simulated streamflow series. The FDC is constructed by
plotting the streamflow series ranked in decreasing order against the percentage of
time the streamflow values are exceeded [Hisdal and Gustard, 2008], either for the
entire time series of daily streamflow or on an annual basis [Vogel and Fennessey,
1994]. As a result, the original sequencing of the streamflow series is lost. From
the FDC, flow exceedance percentiles are derived, for example the 90th percentile
flow Q90 which corresponds to the streamflow volume that is exceeded in 90% of
the time. However, since daily streamflow are characterised by both seasonality
and strong temporal autocorrelation, flow percentiles cannot be interpreted as the
probabilities that a certain flow is exceeded on a given day [Hisdal et al., 2004].
Percentile flows and flow indices derived from the FDC are used in a wide range
of practical applications including hydropower feasibility studies for run-of-river operations, water abstraction licensing and management, water quality management,
navigation, and the estimation of in-stream environmental flow requirements [Vogel
and Fennessey, 1995; Smakhtin, 2001].
In the following sections, WaterGAP3 will be evaluated with respect to its ability
to simulate selected low-flow and high-flow indices derived from the FDC. The analysis was based on the FDC rather than on direct value comparison in the original
sequencing of the streamflow values—as done when calculating e.g. NSE—because
WaterGAP3 is not designed for or run in forecast mode, i.e. the model is not
expected to simulate the exact magnitude and timing of observed high-flow and
low-flow events. In this respect, this chapter’s concept of model performance differs from chapter 4 where agreement in timing was regarded as a main aspect of
model performance. The remainder of this chapter is outlined as follows: Section
2 describes the general simulation setup and introduces the metrics used to quantify low-flow and high-flow performance. Section 3 presents the main study results
with respect to three aspects: i) the general performance in simulating low-flow
and high-flow indices, ii) the relationship between monthly streamflow performance
and low-flow and high-flow performance, and iii) climatic and catchment controls
on low-flow and high-flow performance. The chapter closes with a discussion of the
main results.

5.2 Methods
5.2.1 Climate forcing
The spatial focus Europe allowed to force WaterGAP3 with the high-resolution
data-set E-OBS version 9.0 [Haylock et al., 2008] which is available for Europe only.
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Available time
series [yrs]

Figure 5.1. Spatial distribution of gauging stations providing daily streamflow observations, colour-coded according to record length in the study period 1958–2010. Note that
the spatial extent of Europe as depicted in the map does not strictly follow geopolitical
borders but compromises country and river basin borders.

The data-set was derived through interpolation of station observations and provides
daily gridded time series of temperature and precipitation at 0.25◦ spatial resolution
for the period 1950–2013. The remaining variables required to force WaterGAP3
but not provided by E-OBS, viz. downwelling shortwave and longwave radiation,
were adopted from the WFD/EI data set (cf. chapter 3.2.2). The first eight years
of available data (1950–1957) were excluded from analysis for two reasons: Firstly,
these years contained a disproportionate number of missing values extending over
large areas for some time steps and, secondly, WFD/EI radiation fields were available
starting in 1958.
5.2.2 Observed daily streamflow records
Daily observed streamflow records were obtained from the GRDC archive. Based
on the selection criteria applied in the global study (cf. chapter 3.2.3), stations had
to fulfil the following criteria to be included in the final evaluation setup:
• The total upstream catchment area had to be at least 3000 km2 .
• The interstation area to the next upstream stations had to be at least 5000 km2
to ensure sufficient information gain between stations.
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Figure 5.2. Impact of time series length on the flow duration curve, exemplified for the
river Aare at Untersiggenthal (Switzerland).

• The streamflow record had to provide at least 5 (complete) hydrological years.
Hydrological years containing missing values were excluded from analysis.
These criteria yielded a final set of 222 gauging stations considered in the analysis.
As illustrated in Figure 5.1, station density and record length vary considerably
across the study domain. A dense network with long-term daily streamflow observations is available for Western and Northern Europe, whereas the availability of
daily streamflow data is limited in large parts of Eastern and Southeastern Europe
as well as the Iberian Peninsula, both in terms of gauge density and available record
length.
5.2.3 Simulation setup and model performance metrics
WaterGAP3 was recalibrated against long-term average discharge according to the
procedure described in Chapter 2. Recalibration to the E-OBS forcing was necessary because it has been shown that the calibration approach inherently corrects
for uncertainties in meteorological forcing fields, i.e. calibrated parameter values
are to some degree specific to the forcing product used. The available time series
of observed discharges was not split into calibration and validation period since the
objective function minimized in calibration (percentage error in long-term average
discharge) is largely unrelated to model performance under low-flow and high-flow
conditions.
For each basin, flow duration curves were derived from the simulated and observed
streamflow time series for the observation period (at least five years in the period
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1958–2010). The impact of time series length on the general shape of the flow duration curve is illustrated in Figure 5.2 using the example of the river Aare at station
Untersiggental. The 53-year daily streamflow record was split into incrementally
progressing sequences of 1, 2, 5, 10 and 15 hydrological years and the flow duration curve was independently derived for each sequence. As would be expected,
the largest deviations from the long-term estimate (53 years) are found for the annual flow duration curves. The uncertainty range narrows with increasing time series
length, with a significant reduction already visible for the 5-year-sequence estimates.
This gives further confidence in the selection criterion of at least 5 years of observational years. As highlighted in Figure 5.2, the FDC can be divided into three
segments: the low-flow segment (below Q70), the intermediate-flow segment (Q20–
Q70) and the high-flow segment (above Q5) [Yilmaz et al., 2008; Pokhrel et al.,
2012; Pfannerstill et al., 2014].
Model performance was quantified with the relative error in selected flow indices,
expressed in percentages, in the general form:
∆Q =

Qsim − Qobs
× 100
Qobs

(5.1)

with ∆Q = percent bias in flow index, Qsim = simulated flow index, and Qobs =
observed flow index. Consequently all performance metrics share the optimum value
of zero—according to minimum simulation error or maximum model performance—
and theoretically range between −100 and ∞. Values greater than zero indicate
an overestimation of the flow index whereas values smaller than zero indicate an
underestimation.
Model performance in the low-flow segment was assessed with the relative error in
the 95th percentile flow (∆Q95) and with the relative error in the FDC low-flow
segment volume (∆FLV). The Q95 flow statistic was chosen because it is one of the
most common low-flow indices used operationally, e.g. to assess dilution capacity for
industrial and domestic effluents [Gustard and Tallaksen, 2008] or for abstraction
licensing [Acreman et al., 2008]. ∆LFV quantifies the total volume bias in the FDC
low-flow segment [Pokhrel et al., 2012], given as
L
P

∆LF V =

(Sl − Ol )

l=1
L
P

× 100

(5.2)

(Ol − OL )

l=1

where O and S are observed and simulated flow, respectively. l = 1, 2, . . . L denotes
the index of the flow values within the low-flow segment of the FDC (Q70–Q100)
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and L is the index of the minimum flow.
Model performance in the high-flow segment was assessed with the percent bias in
the FDC high-flow volume (HFV) [Yilmaz et al., 2008; Pokhrel et al., 2012], given
as
H
P

∆HF V =

(Sh − Oh )

h=1
H
P

× 100

(5.3)

Oh

h=1

where h = 1, 2, . . . H are the indices for flows with exceedance probabilities lower
than 0.05.
The second high-flow index, the median annual flood (MAF), could not be derived
from the FDC, but was calculated from the annual maximum series, i.e. the series of
single maximum peak discharges in each year. MAF is the flood that is, on average,
exceeded every second year. Model performance in simulating MAF was calculated
according to Eq. 5.1. The metric serves as a generic indicator for the agreement
between simulated and observed flood peak discharges.
The selected flow indices were preferred over more sophisticated ones (e.g. 50-yr
flood or 7-day 10-year low-flow) as they are non-parametric estimates of low-flow
and high-flow characteristics of the individual basins that could be directly derived
from the observed and simulated streamflow series, i.e. they omit the uncertainty
associated with fitting an extreme value distribution as would have been required
to derive any return-period based flow index [Merz and Thieken, 2005; Fleig et al.,
2006; Laio et al., 2009]. This is especially relevant as record length varies considerably between the gauging stations considered in this study. Further, the performance measures chosen deliberately neglect the agreement in timing of simulated
and observed low-flow or high-flow events because WaterGAP3 is not designed for or
applied in forecasting mode. The model is rather expected to reflect general low-flow
and high-flow characteristics at a given location. It is, however, implicitly assumed
that the model is capable of capturing the seasonality of low-flow and high-flow
periods.

5.3 Results
5.3.1 General performance in simulating low-flow and high-flow
characteristics across Europe
Fig. 5.3 synthesizes model performance in simulating selected observed streamflow
percentiles over the entire range of the flow duration curve. Over the whole ensemble
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Figure 5.3. Summary model performance for selected flow exceedance percentiles and
for the flow indices median annual flood (MAF), high-flow volume (HFV), and low-flow
volume (LFV).

of 222 stations, simulation errors are smallest in the Q10–Q60 range, i.e in the midsegment of the FDC, as indicated by the smallest interquartile ranges. The smallest
errors are found for Q30 with 58% of the stations showing an error smaller than
±10% due to the fact that Q30 approximately corresponds to the mean of daily
discharge, i.e. the flow index WaterGAP3 was calibrated against. Towards the
low-flow and high-flow segment errors generally increase. Especially in the low-flow
segment (Q70–Q95), large positive and negative deviations from the optimum value
of zero (= no bias) are found. In the case of Q95, only 15% of the stations fall
into the ±10% error range and 37% of the stations show a relative error larger
than ±50%. Relative errors are generally larger in the low-flow segment due to the
normalization of model error by the observed value which can be very small in the
low-flow segment, thus small absolute errors may lead to large relative errors.
A median error of approximately 0 for all flow exceedance percentiles and for LFV
suggests that WaterGAP3 shows no systematic bias in simulating intermediate-flow
and low-flow percentiles. In contrast, the positive relative errors in both highflow indices, MAF and HFV, indicate that the model systematically overestimates
streamflow in the high-flow segment of the FDC. MAF is overestimated by more
than +10% in 64% of the basins, the median relative error in MAF is +24.5%. This
systematic bias is, though less pronounced, also visible for the HFV index with a
median error of +7.3% and 47% of all basins showing an error larger than +10%.
Since the performance of WaterGAP3 in simulating average streamflow has already
been evaluated in the previous chapters, the following sections will focus on model
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performance in the high-flow and low-flow segment of the FDC. Results are presented
according to four performance measures: ∆MAF and ∆HFV covering the high-flow
segment, and ∆Q95 and ∆LFV representing model performance in the low-flow
segment of the FDC.
The spatial distribution of model performance obtained for the four performance
metrics is presented in Fig. 5.4 and reveals distinct regional patterns —in particular
for high flows. Large positive errors (>25%) in MAF and HFV are found for rivers
rising in high mountain regions as the Alps (e.g. upper Rhine and upper Danube),
the Caucasus Mountains, as well as in Western Anatolia (Turkey). High flows are
underestimated, indicated by negative relative errors in MAF and HFV, in the Tejo
and the Guadiana basins (Iberian Peninsula), in large parts of the eastern Baltic
Sea basin, and on the Kola Peninsula.
Spatial patterns are less homogeneous for the low-flow segment errors ∆Q95 and
∆LFV. Large positive errors (>+25%) are found in the Guadiana and Tejo river
basins, on the British Isles, Southern Finland and Sweden as well as in a number of
northern Danube tributaries. Low-flow discharges are underestimated by more than
−25% in high mountain regions in the Alps (upper Danube and Rhine) and in the
Caucasus, as well as the central German catchments.
5.3.2 Relationship between monthly model performance and low/high-flow
performance
The ability of WaterGAP3 to reproduce various, complementary aspects of monthly
streamflow regimes has been extensively evaluated in chapters 3 and 4. To explore
possible interrelations between monthly model performance values and performance
in the low-flow and high-flow segment, Figure 5.5 plots the three monthly performance metrics β, γ and r against the low-flow and high-flow flow performance
measures. It is evident that monthly model performance is only marginally indicative of the model’s ability to simulate low-flow and high-flow characteristics. There
is no obvious relation between the β and the r metric and model performance in
simulating low flows and high flows. In line with the findings from the global study,
the match between observed and simulated average streamflow is very good (most
basins cluster around the line of maximum model performance) while there is a large
spread in all four low-flow and high-flow flow performance metrics. The correlation
coefficient r shows a larger spread over the possible value range, however with no
apparent relation to low-flow and high-flow performance. The only monthly performance measure that shows some correlation to low-flow and high-flow performance
is the variability ratio γ which is to some degree inversely related to the low-flow
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Figure 5.4. Spatial distribution of model performance in simulating low-flow and high-flow characteristics across Europe
indicated by (a) percent bias in the FDC high-flow volume ∆HFV, (b) percent bias in the median annual flood ∆MAF,
(c) percent bias in FDC low-flow volume ∆LFV, and (d) percent bias in Q95. Increasing saturation indicates increasing
model performance.
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Figure 5.5. Relationship between monthly model performance aspects and the performance in simulating high flows (upper panel) and low flows (lower panel) shown as
scatterplots. Grey horizontal/vertical lines signify maximum model performance (minimum simulation error).

performance measures ∆LFV and ∆Q95, and positively related to the high-flow performance metrics ∆HFV and ∆MAF. That means, if monthly streamflow variability
is undersimulated, the low-flow indices tend to be overestimated and the high-flow
indices tend to be underestimated, and vice versa.
5.3.3 Low-flow and high-flow performance along catchment gradients
Climate
Model performance statistics along climatic gradients are presented in Figure 5.6.
The impact of catchment aridity and precipitation seasonality on model performance
will be jointly analysed since the European basin set, compared to the global one,
shows less variability in both AI and PSI with most basins being classified as humid
(AI<1.5) with rather equitable precipitation (PSI<0.4). High AI and PSI values are
tied to a certain degree and are mainly found in Southern Europe. Consequently, the
isolated effects of AI and PSI on model performance cannot be determined. Both
AI and PSI have no apparent effect on median performance in the low-flow segment,
although the spread in model error (as indicated by the interquartile range) is largest
in the drier basins (AI>1.5) and under more seasonal precipitation (PSI>0.4) in-
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Aridity index AI [-]

Precipitation seasonality index PSI [-]

Percentage of snowfall [%]

Figure 5.6. Model performance statistics for the simulation of low flows and high flows
along climatic gradients: Aridity index AI, precipitation seasonality index PSI, and
percentage snowfall
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dicating that uncertainty in low-flow estimates is largest in these groups. In the
high-flow segment, both flow indices are systematically overestimated in the dry
basins. In this group, the difference of both flow indices from the observed value is
larger than +10% in 12 out of 16 basins. Given the small subsample sizes due to the
low station density in Southern Europe, however, it is not possible to draw general
conclusions from these results.
The percentage of snowfall in the individual basins does not have a predominant
influence on model performance. Median ∆MAF varies between +18% and +28%,
∆HFV varies between -9% and +12%, and both metrics show a comparable spread
in performance across the basin groups. In the low-flow segment, model performance
is nearly normally distributed around the optimal value zero for basins with less than
25% snowfall. In basins with more than 25% snowfall, both low-flow indices tend
to be overestimated indicated by a median error of +18% for ∆LFV and +28% for
∆Q95.
Human impact
The degree of regulation in the individual basins has no apparent effect on model
performance in the high-flow segment (Figure 5.7). In the low-flow segment, all
basin groups with DOR values smaller than 0.5 show similar performance statistics
with neither an obvious dependence on DOR nor a systematic bias towards underor overestimation of LFV or Q95. In the group with highest DOR values (>0.5), in
contrast, both flow indices are substantially overestimated with a median percentage
error of +48% for LFV and +83% for Q95.
Along the CTA gradient, a relationship between the descriptor and model performance is only observable in the basin group with moderate water stress (CTA>0.1).
In these basins, a systematic positive bias in both high-flow indices is found: MAF
is overestimated by more than 10% in 12 out of 16 basins, HFV is overestimated
by more than 10% in 13 out of 16 basins. In addition, this basin group shows considerable variability in model performance in the low-flow segment (as indicated by
the interquartile range) which suggests that the uncertainty in low-flow estimates is
high in basins with moderate to high water stress.
Physiography
Model performance statistics along the physiographic gradients catchment area, average slope, surface water body coverage, and permafrost coverage are depicted in
Figure 5.8. Median model performance varies between the different catchment-size
groups for all four flow indices, but with no apparent relation to catchment area.
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Degree-of-regulation index DOR [-]

Consumption-to-availability ratio CTA [-]

Figure 5.7. Model performance statistics for the simulation of low flows and high flows
along gradients of human interference: Degree of regulation DOR and consumption-toavailability ratio CTA

In contrast, the spread in model error substantially decreases with increasing catchment size, in particular in the low-flow segment, indicating that low-flow estimates
are more robust in larger catchments.
In line with the findings for monthly streamflow simulation, mean catchment slope
has a strong influence on model performance, both in the low-flow and in the highflow segment of the FDC. Both high-flow indices are systematically overestimated
with increasing catchment slope. In the highest slope class, MAF and HFV are
overestimated in all basins, the median percentage error amounts to +93% for MAF
and to +54% for HFV. In terms of the total high volume, this systematic positive
bias occurs for catchment slopes higher than 2.5◦ . The positive bias in MAF occurs
in all catchment slope classes except the lowest one. In the low-flow segment, model
performance is roughly normally distributed around the optimal value of 0 for average basin slopes between 0.5◦ and 5.0◦ , i.e. the simulation error is nonsystematic.
In the lowest slope class, both LFV and Q95 tend to be overestimated, while in the
steepest slope class both indices tend to be underestimated.
In contrast to the overestimation of MAF and HFV in the majority of the 222 study
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Catchment area [103 km2 ]

Mean slope [◦ ]

Area covered by surface water bodies [%]

Area underlain by permafrost [%]

Figure 5.8. Model performance statistics for the simulation of low flows and high flows
along physiographic gradients: Catchment area, average slope, percentage surface water
bodies, and percentage permafrost
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basins, a negative bias in both indices is found in basins with more than 10% SWB
coverage. At the time, both low-flow indices are consistently overestimated with a
median error of +47% for LFV and +60% for Q95.
Finally, there is no apparent relationship between permafrost coverage in the individual basins and model performance in the low-flow and high-flow segment.

5.4 Discussion and conclusions
By evaluating WaterGAP3 performance over the entire range of the FDC, it could
be shown that WaterGAP3 performs best, i.e. simulation error is smallest, in the
Q30-Q50 segment. This observation can be explained by the fact that the mean
annual discharge, which the model was calibrated against, falls into this flow range.
Model performance generally deteriorates, i.e. uncertainty in the simulated values
increases, towards the low-flow and the high-flow segment of the FDC and the largest
relative deviations from the observed value are found in the low-flow segment.
Catchment slope was found to be the most important control on model performance,
in particular in the high-flow segment. WaterGAP3 systematically and significantly
overestimates both the median annual flood and the total high-flow volume with
increasing catchment slope. This observation seems to be closely linked to the relationship between catchment slope and model performance in matching observed
monthly streamflow variability identified in the previous chapter. WaterGAP3 was
found to overestimate streamflow variability in steep catchments which seems to
translate into an overestimation of high-flow discharges. This finding substantiates
the hypotheses that WaterGAP3 either overestimates the direct runoff fraction or
calculated river flow velocities under high-flow conditions, in particular in steep
catchments. An overestimation of flow velocity in the river channel would cause the
simulated flood hydrograph to rise too steep accompanied by an overestimation of
peak discharge.
In WaterGAP3, river flow velocities are calculated based on the Manning-Strickler
equation as function of river bed slope, roughness, and geometry. Due to the lack
of a comprehensive global data set, river bed geometry is estimated from empirical
relationships of river width and depth to bankfull discharge [Verzano et al., 2012],
which in turn is estimated from flood frequency analysis assuming a return period
of 1.5 years [Schneider et al., 2011]. The results of this study highlight the large
uncertainty in parametrizing river channel flow processes, thus support the call for
a comprehensive global data base on channel depth, width and streambed slope to
improve river routing and flood simulations in MHMs [Bierkens, 2015].
The results of this study partly contradict previous studies evaluating WaterGAP
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high-flow performance. Lehner et al. [2006] validated WaterGAP simulated 100-yr
flood discharge and 100-yr drought deficit volume against observations for selected
stations across Europe and found no systematic bias in the model based estimates,
neither for flood nor for drought conditions. Verzano [2009] came to the same result when validating WaterGAP3 simulated 100-year flood discharges and the Q1
flow percentile against observations. The model version applied in the latter study
is largely similar to the one used here, yet the conflicting results can be explained
by differences in the precipitation forcing between both studies since precipitation
intensity and duration are major controls on the shape of the flood hydrograph. In
contrast to the daily precipitation forcing used in this study, Verzano [2009] based
their simulations on monthly precipitation totals which were equally distributed to
the number of rain days in each month, i.e. each rainday within a month was assigned the same amount of precipitation. As as result, the intensity distribution
of daily precipitation should differ considerably between both studies in any given
location. This in turn suggests that the current parametrisation of flow velocity is
optimized for monthly precipitation forcing, hence is not applicable in combination
with daily precipitation forcing.
The retention of flood volume in riverine flood plains is an important process attenuating flood peaks which is not represented in the WaterGAP3 model, thus could
partly explain the overestimation of peak discharges. But since the flood index analysed, the median annual flood, only slightly exceeds bankfull discharge, floodplain
retention is unlikely the main cause for the bias in simulated high-flow indices, nevertheless it is particularly relevant for the simulation of larger, less frequent flood
events.
The presence of surface water bodies in the individual basins effects model performance in that WaterGAP3 underestimates both high-flow indices and overestimates
both low-flow indices in basins with more than 10% SWB coverage. This result is
again closely linked to the findings of chapter 4 where monthly streamflow variability
was found to be underestimated in basins with significant SWB coverage and suggests that WaterGAP3 overemphasises the regulating effect of surface water bodies
on the streamflow regime.
Lastly, WaterGAP3 was found to provide more robust low-flow estimates with increasing catchment size which contrasts the findings for monthly model performance
where no relationship between catchment size and model performance could be determined.

78

6

CHAPTER

Sensitivity of model performance to spatial model
resolution

6.1 Introduction
Macro-scale hydrological modelling approaches have tremendously benefited from
the recent progress in computational resources as well as from the growing availability of earth observation data and derived data products that can be utilized to
force and constrain macro-scale simulations, e.g. meteorological forcing products
[Joyce et al., 2004; Sheffield et al., 2006; Miralles et al., 2011; Balsamo et al., 2015]
or land surface characteristics [Strugnell et al., 2001; Ganguly et al., 2008; USGS,
2008], which has facilitated the development of more complex and (seemingly) more
physically based models. Today, most MHMs operate at 0.5◦ spatial resolution,
yet Wood et al. [2012] have defined hyper-resolution global land surface modelling
at 1 km spatial resolution globally as the grand challenge to be met by the global
hydrological modelling community in the next years. A higher spatial resolution
of MHM simulations is expected to increase their policy relevance for integrated
water resources management at the river basin scale [Döll et al., 2015]. In reply,
Beven and Cloke [2012] have argued that the ’real’ challenge lies in defining appropriate parametrisations across model resolutions and physioclimatic regions and in
addressing the uncertainties in these parameter estimates.
Pre-empting this general call for global hyper-resolution hydrological modelling, one
of the most important steps in the further development of the WaterGAP model was
increasing the spatial resolution from 0.5◦ to 5 arc minutes. This chapter will investigate whether the increased spatial resolution results in a better performance in
simulated streamflows. To this end, streamflow simulations of two WaterGAP versions will be comprehensively evaluated: WaterGAP3 operating on a 5 arc minute
spatial grid and WaterGAP2 [Müller Schmied et al., 2014] operating on a 0.5◦ spatial
grid. Both model versions share the same model structure and parametrisation, and
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were forced with the same input data-sets. The performance evaluation will consider
both monthly streamflow dynamics and low-flow and high-flow characteristics.

6.2 Materials and Methods
Methodologically, this chapter builds on the basin sets described in chapters 3 and
5. However, caused by the coarser spatial resolution, not all GRDC stations considered in the WaterGAP3 simulations could be successfully co-registered to the
WaterGAP2 drainage direction map. Stations were excluded from further analysis
if WaterGAP2 upstream area differed by more than ±15% from the GRDC reported
upstream area. Based on this criterion, 279 basins (12%) had to be excluded from
global simulation setup and 46 basins (21%) had to be excluded from the European simulation setup. In both study domains, the majority of the basins excluded
featured an upstream area of less than 10 000 km2 . In order to allow for a fair comparison of both model versions, WaterGAP2 was independently calibrated against
longterm annual discharge in the remaining basins according to the procedures described in section 3.2.3 (global domain) and section 5.2.3 (European domain).
From the global simulation, four model performance metrics for monthly streamflow simulation were derived: the bias ratio β, the variability ratio γ, the correlation
coefficient r, and the Kling-Gupta efficiency KGE (cf. section 3.2.4). For the European basin set, model performance was evaluated with respect to four low-flow and
high-flow indices: median annual flood (MAF), high-flow volume (HFV), low-flow
volume (LFV), and the 95th percentile flow (Q95) (cf. section 5.2.3).
Finally, model performance was related to the set of nine catchment descriptors introduced in section 4.2. In the following, WaterGAP2 and WaterGAP3 performance
will be comparatively examined by concurrent comparison in the individual basins
as well as by sample performance statistics. WaterGAP3 performance statistics may
differ from the values reported in the previous chapters because the analysis is based
on subsets of the original basin samples.

6.3 Results and discussion
6.3.1 Monthly streamflow performance
Over the entire set of 2167 basins, WaterGAP2 and WaterGAP3 yield similar cumulative model performance with respect to all four model performance measures
(Figure 6.1 left column). However, the concurrent comparison (Figure 6.1 right column) reveals that there are considerable differences in model performance in the
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Figure 6.1. Comparison of WaterGAP3 and WaterGAP2 performance for monthly
streamflow simulation shown as cumulative distribution functions (left column) and scatterplots (right column).
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individual basins which apparently cancel out over the basin set. WaterGAP3 provides the better β statistic in 41% of all basins, the better γ statistic in 57% of the
basins, and the higher r statistic in 42% of the basins. Judged by the combined
performance measure KGE, both model versions provide similar performance with
WaterGAP3 outperforming WaterGAP2 in 47% of the basins.
Linking model performance to the nine catchment descriptors shows that both model
versions provide similar model performance statistics along all catchment gradients
considered, thus the dependencies between catchment setting and model performance identified for WaterGAP3 in chapter 4 similarly apply for WaterGAP2. In
the following, differences in model performance between both model versions will
discussed for two catchment gradients: consumption-to-availability ratio and percentage open water bodies. For the remaining catchment characteristics, no striking
differences in model performance between the two model versions have been found.
For completeness, the corresponding figures are provided in Figure D1 (Supplementary Information D). Along the CTA gradient, both model versions show similar
model performance statistics with respect to γ and r. A striking difference between
the two version is found with respect to the bias ratio β in the highest CTA class
(> 0.4): Both model versions significantly overestimate mean annual discharge due
to the fact that most basins with high water consumption in relation to mean annual
discharge are located in semi-arid and arid regions, however the overestimation is
more pronounced in WaterGAP3. This observation might indicate that WaterGAP3
underestimates actual water consumption in the individual basins as a consequence
of the demand re-allocation approach applied. If surface water demand in a given
cell cannot be satisfied by water availability, water demand can be re-allocated to
neighbouring cells. In this way the model indirectly accounts for local water diversion systems that cannot be explicitly represented. The allocation approach, similar
in both model versions, corresponds to a ’search distance’ of ~55 km for WaterGAP2
and only ~9 km for WaterGAP3. These considerations imply that the higher spatial
resolution requires a different approach to water demand allocation. But since the
signal is superimposed by the general tendency of both model versions to overestimate streamflow, this conclusion remains speculative.
In basins with considerable surface water body coverage, WaterGAP3 has been
shown to underestimate streamflow variability combined with a poor performance
in streamflow timing. Especially the deterioration of streamflow timing is even more
pronounced in WaterGAP2 (cf. Fig. 6.2), which indicates that the retention coefficients are sensitive to the spatial modelling scale.
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Consumption-to-availability ratio CTA [-]

Area covered by surface water bodies [%]

Figure 6.2. Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2 (grey boxes)
model performance statistics for the simulation of monthly streamflow along catchment
gradients: Consumption-to-availability ratio and percentage surface water bodies.

6.3.2 Low-flow and high-flow performance
Figure 6.3 synthesizes model performances obtained from WaterGAP3 and WaterGAP2 for selected flow percentiles as well as for the flow indices median annual flood
(MAF), high-flow volume (HFV), and low-flow volume (LFV). Both model versions
achieve the highest model performance, i.e. the smallest relative errors, in the Q20–
Q40 range. Towards the low-flow and the high-flow segment, model performance
generally decreases, thus uncertainty in the predicted flow indices increases as indicated by the larger error ranges. In addition, WaterGAP3 and WaterGAP2 exhibit
a distinctively different performance behaviour towards the low-flow and the highflow segment. It has already been discussed that WaterGAP3 tends to overestimate
high-flow indices which is also recognizable for MAF in the current basin set. In
contrast, WaterGAP2 tends to slightly underestimate both high-flow indices. In the
low-flow segment, WaterGAP2 tends to overestimate all flow indices with a median
percentage error ranging between +11% and +17%. In concurrent comparison in
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the individual basins (not shown), WaterGAP3 provides the smaller deviation from
the optimal value in the majority of the basins for all four performance metrics, i.e.
WaterGAP3 slightly outperforms WaterGAP2.

Figure 6.3. Summary model performance of WaterGAP3 (blue boxes) and WaterGAP2
(grey boxes) for selected flow exceedance percentiles and for the flow indices median annual flood (MAF), high-flow volume (HFV), and low-flow volume (LFV). The horizontal
line denotes maximum model performance (minimum simulation error).

Catchment slope has already been discussed to have a strong impact on model performance in the low-flow and in the high-flow segment. Figure 6.4 compares model
performances for WaterGAP3 and WaterGAP2 along the catchment slope gradient.
WaterGAP2 underestimates both high-flow indices in flat basins (slope<2.5◦ ) associated with an overestimation low flows. This relationship turns with increasing
catchment slope to an overestimation of both high-flow indices combined with an
underestimation of both low-flow indices. WaterGAP3 shows the same tendency,
but the described behaviour is less pronounced. The inverse relationship between
low-flow error and high-flow error points towards an incorrect partitioning of total
runoff into surface/subsurface runoff and baseflow which is calculated, among other
factors, as a function of slope. As has already been discussed for WaterGAP3, this
hypothesis can be tested by validating the WaterGAP simulated baseflow ratios
against independent estimates. The relationships between model performance and
all other catchment descriptors are ambiguous and seem to be superimposed by the
strong impact of catchment slope. For completeness, the corresponding figures are
provided in Supplementary Information D.
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Mean slope [◦ ]

Figure 6.4. Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2 (grey boxes)
performance statistics for the simulation of low flows and high flows along the slope
gradient

6.4 Conclusions
With very few exceptions, both model resolutions provide similar model performance
statistics for the simulation of monthly streamflow, both when assessed for the entire
basin set and when analysed along climatic, physiographic and anthropogenic gradients. At the same time, considerable differences in performance between the model
versions are found at basin level. It can be concluded that the major uncertainty in
streamflow simulation, besides general model structure, originates from the process
parametrisation at grid cell level which applies irrespective of model spatial resolution. Further, both model versions provide similar model performance statistics
over the entire range of catchment sizes including smaller basins (3 000–10 000 km2 ).
The added value of a higher spatial resolution may thus lie in basins smaller than
3 000 km2 which the half-degree version cannot resolve. This hypothesis, however,
could not be tested within the current study design since the spatial resolution of
the meteorological forcing used did not support analysis at spatial scales smaller
than 3 000 km2 .
In both model versions, performance in the low-flow and high-flow segment is primarily controlled by catchment slope as this variable determines both the partitioning
of total runoff into direct runoff and groundwater recharge and the flow velocity in
the river segment. Although there are obvious differences in model performance,
no model version clearly outperforms the other. The differences in model performance are more likely caused by uncertainties in grid-scale parametrisation of the
aforementioned processes than by spatial modelling scale.
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The objective of this thesis was to provide a comprehensive evaluation of the WaterGAP3 model with respect to the ability of the model to reproduce monthly streamflow dynamics as well as low-flow and high-flow characteristics. Building on an
extensive data set of more than 2400 river basins covering a wide range of climatic
and physiographic conditions, the analysis was intended to provide a benchmark
performance any further model improvements can be evaluated against. Further, an
approach to diagnostic evaluation should be developed and tested that is generally
applicable to macro-scale hydrological models, facilitates identifying structural deficiencies, and points to model components that need improvement.
In the following sections, the four research questions will be revisited and discussed
based on the main results of the different chapters. This synthesis concludes with
a discussion of the main limitations of the study design and recommendations for
future research.

How can the evaluation of model performance most efficiently
inform further model development?
In the scope of this thesis, an approach to diagnostic evaluation of macro-scale hydrological model was developed that builds on two concepts: One the hand, model
performance was characterized by three complementary measures reflecting the ability of the model to reproduce mean, variability and timing of the observed streamflow series. This provided valuable insight concerning the aspects of the observed
hydrograph the model succeeds or fails to reproduce which cannot be gained from aggregate performance measures. On the other hand, the catchment similarity concept
was utilized to characterize climatic, physiographic and anthropogenic conditions in
the individual basins. Catchment similarity has been quantified by nine catchment
descriptors, chosen to reflect the relative importance of relevant hydrological processes. Linking both layers of information allowed to identify catchment settings in
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which the model succeeds or fails to match certain aspects of the observed hydrograph. Especially in basins where model performance is poor, the link to catchment
characteristics allows to draw conclusions regarding the model components that need
improvement.
The approach has been exemplarily tested for the WaterGAP3 model and was proven
to be an effective tool to explain spatial patterns in model performance and to identify deficiencies in model structure. The general approach is applicable to any hydrological model, but is especially relevant for macro-scale models and large sample
studies as it can partly compensate for the lack of any catchment specific knowledge and targeted field measurements that typically inform model improvement in
catchment scale modelling.

What are the controls on WaterGAP3 performance in monthly
streamflow simulation?
In order to answer this question, WaterGAP performance in simulating monthly
streamflow dynamics has been evaluated based on a set of more than 2400 basins
globally covering a wide range of climatic and physiographic settings. In general,
WaterGAP3 was found to provide the highest model performance in warm temperate and snow climates. Decomposition of model performance into the aspects
mean, variability and timing revealed that WaterGAP3 performs best in matching
the observed mean streamflow which corresponds to the original model objective.
Examining model performance along catchment gradients lead to the following findings: The most striking relationship between catchment characteristics and model
performance has been found along the aridity gradient in that WaterGAP3 systematically overestimates total discharge volume with increasing aridity. This observation
is likely related to the insufficient or lacking representation of processes governing
runoff generation and concentration in water-limited environments. As robust and
reliable water availability estimates are most needed for regions where the water
resource is physically or economically scarce, this finding stresses the necessity to
improve WaterGAP3 in semi-arid and arid environments.
Catchment slope was found to have a significant effect on model performance with
respect to variability and timing in that streamflow variability is overestimated
with increasing catchment slope accompanied by deterioration in streamflow timing. This behaviour most likely relates to the partitioning of total runoff into fast
runoff and baseflow and to the calculation of flow velocity in the stream channel.
To significantly improve simulated monthly streamflow dynamics in steep basins, a
general revision of the underlying process formulations, including parametrisation,
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is required.

What are the controls on WaterGAP3 performance in low-flow
and high-flow simulation?
In a European study based on a set of more than 200 basins, WaterGAP3 performance in simulating general low-flow and high-flow characteristics has been evaluated. The analysis was based on generic low-flow and high-flow indices derived
from the flow duration curve and from the annual maximum series. Catchment
slope was identified as the strongest control on low-flow and high-flow performance
in that WaterGAP3 systematically and significantly overestimates high-flow indices
with increasing catchment slope, accompanied by an underestimation of low-flow indices in steep catchments. This observation closely links to the relationship between
catchment slope and model performance in matching observed monthly streamflow
variability and substantiates the hypotheses that WaterGAP3 either overestimates
the direct runoff fraction or overestimates river flow velocities under high-flow conditions, in particular in steep catchments. These findings highlight that a general
revision of the flow velocity algorithm including its parametrization is required to
improve model performance with respect to the simulation high flows and in particular floods.
Further, WaterGAP3 was found to overestimate low flows and underestimate high
flows in basins with considerable surface water body coverage which suggests that
the model exaggerates the regulating effect of surface water bodies on the streamflow regime. It remains to be determined whether this applies to all surface water
body types or is specific to a certain type.

Is model performance sensitive to spatial model resolution?
In order to answer this question, model performances derived from two versions
of the WaterGAP model were compared: WaterGAP3 operating on a 5 arc
minute spatial grid and WaterGAP2 operating in a 0.5◦ spatial grid. Both model
versions share the same model structure and parametrisation and are based on
the same spatially distributed input data-sets. Building on the methodologies
and data-sets developed in chapter 3–5, model performance was comparatively
examined with respect to both monthly streamflow simulation and low-flow and
high-flow characteristics.
With very few exceptions, both model resolutions provide similar model performance statistics for the simulation of monthly streamflow, both when assessed
for the entire basin set and when analysed along climatic, physiographic and
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anthropogenic gradients. At the same time, considerable differences in performance
between the model versions are found at the individual basin level. It can be
concluded that the major uncertainty in streamflow simulation, besides general
model structure, originates from the process parametrisation at grid cell level
which applies irrespective of model spatial resolution. Further, both model
versions provide similar model performance statistics over the entire range of
catchment sizes including smaller basins (3 000–10 000 km2 ). The added value of
a higher spatial resolution may thus lie in basins smaller than 3 000 km2 which
the half-degree version cannot resolve. This hypothesis, however, could not be
tested within the current study design since the spatial resolution of the meteorological forcing used did not support analysis at spatial scales smaller than 3 000 km2 .

Limitations of the study design and recommendations for future
research
All analysis carried in the scope of this thesis have solely focussed on streamflow.
On the one hand, streamflow is the most frequently measured hydrological variable
and long records are available for many regions. On the other hand, streamflow is
the integrated response of all flow paths in a basin, i.e. the hydrograph represents
the integrated response of the watershed to precipitation and all other hydrometeorologic processes extant on the watershed. At the same time, not all relevant
information on the system’s behaviour can be inferred from streamflow. In order to
improve those model components that have been pinpointed as malfunctioning in
this study, the conclusions drawn need to be substantiated by additional independent data sources. This may include the validation of streamflow simulations against
independently estimated, gridded flow signatures [Beck et al., 2015], validation of
simulated evaporation with satellite-based estimates [Miralles et al., 2011] or the use
of GRACE observations to constrain simulated water storage variations [Werth and
Güntner, 2009; Werth et al., 2009].
The conclusions drawn for further model development and improvement are without question specific to the WaterGAP3 model as they directly relate to conceptual
model design and parametrisation. The approach taken to evaluate WaterGAP3 in
a diagnostic manner is, however, directly applicable to other macro-scale hydrological models and especially lends itself to explore and explain differences in model
performance between different models. Previous model intercomparison efforts have
largely lacked a systematic approach to explain differences in simulated system behaviour between models and across regions as the analysis focussed on few (large)
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river basins. Evaluating an ensemble of macro-scale hydrological models over a large
set of basins and relating model performance to catchment characteristics, as done
in this study, may allow to draw generalized conclusions.
Finally, the evaluation of macro-scale hydrological models would greatly benefit from
generally accepted standards for model evaluation with regards to the tests to be
carried out and the performance metrics to be reported. Assessing the model performance obtained in this study in the context of previous global scale evaluation
studies was limited by the fact that model evaluation methods vary considerably
both in terms of the performance metrics reported and their temporal aggregation
level (daily, monthly, annual) which rendered a direct comparison impossible in
many cases.
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Figure A1. Region delineation according to UNEP geopolitical definition (top panel)
and Köppen main climate (bottom panel)
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Table A1. Number of stations in the different NSE/KGE classes for each combination
of UNEP region and Köppen main climate. KGE values are given in brackets.
Köppen main climate*
UNEP region

NSE/KGE class

A

B

C

D

Africa

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

7
37
28
79

(20)
(51)
(34)
(46)

1 (4)
9 (7)
4 (8)
57 (52)

4 (7)
20 (26)
11 (17)
38 (23)

Asia and the
Pacific

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

12 (15)
27 (27)
10 (12)
8 (3)

3 (1)
15 (8)
7 (14)
20 (22)

28
36
9
30

Europe

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

0
0
0
0

(0)
(0)
(0)
(0)

0
0
0
0

(0)
(0)
(0)
(0)

48 (83)
56 (43)
19 (10)
19 (6)

66 (122)
247 (288)
124 (94)
138 (71)

Latin America
and the
Caribbean

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

24 (34)
66 (112)
54 (37)
109 (70)

0
2
2
12

(1)
(7)
(1)
(7)

4 (18)
26 (36)
20 (7)
25 (14)

0
0
0
0

North America

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

0
0
0
0

(0)
(0)
(0)
(0)

0 (0)
2 (6)
5 (12)
73 (62)

West Asia**

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

-

All regions

0.75 - 1
0.5 - 0.75
0.25 - 0.5
<0.25

43 (69)
130 (190)
92 (83)
196 (119)

33
63
25
25

0
0
0
0

(38)
(26)
(16)
(23)

9
16
12
56

E

All climates
12 (31)
66 (84)
43 (59)
174 (121)

(0)
(0)
(0)
(0)

0
0
0
0

(0)
(0)
(0)
(0)

(14)
(24)
(12)
(43)

1
5
3
6

(5)
(4)
(2)
(4)

(0)
(0)
(0)
(0)

4 (5)
14 (11)
4 (7)
5 (4)
0
0
0
5

(0)
(0)
(1)
(4)

(53)
(58)
(18)
(17)

33 (48)
107 (144)
118 (126)
221 (161)

0 (1)
9 (12)
14 (19)
14 (5)

-

-

-

-

4 (6)
28 (29)
18 (35)
164 (144)

117 (199)
202 (190)
84 (68)
137 (83)

108
370
254
415

* A: Equatorial, B: Arid, C: Warm temperate, D: Snow, E: Polar and alpine
** As only three basins are located in the West Asia region, frequencies are given
for the entire region only (right column)
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(184)
(456)
(232)
(275)

5
28
21
30

(11)
(27)
(29)
(17)

53
99
41
120

(73)
(89)
(56)
(95)

118 (210)
317 (342)
147 (111)
162 (81)
28 (53)
94 (155)
76 (46)
151 (95)
66
181
162
333

(102)
(220)
(175)
(245)
0
1
0
2

277
758
469
942

(0)
(2)
(0)
(1)

(469)
(892)
(447)
(638)
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Climate and catchment controls on the performance of monthly
streamflow simulations (chapter 4)

Figure B1. Spatial distribution of climatic catchment characteristics over the set of 2446
basins: a) aridity index, b) precipitation seasonality index, and c) percentage snowfall.
Values refer to the whole upstream area for each basin but are shown only for their
interstation coverage. Barplots show the percentage of basins in each class.
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Figure B2. Spatial distribution of catchment characteristics of human interference over
the set of 2446 basins: a) degree of regulation and b) consumption-to-availability ratio.
Values refer to the whole upstream area for each basin but are shown only for their
interstation coverage. Barplots show the percentage of basins in each class.
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Figure B3. Spatial distribution of physiographic catchment characteristics over the set
of 2446 basins: a) catchment area, b) average slope, c) percentage surface water bodies,
and d) percentage permafrost. Values refer to the whole upstream area for each basin
but are shown only for their interstation coverage. Barplots show the percentage of
basins in each class.
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Table B1. Basin grouping according to catchment characteristics and summary performance statistics per group:
first quartile (Q1), median (Q2) and third quartile (Q3)
Descriptor

Classes

Description

humid
humid, water-limited
dry-subhumid
semi-arid and arid

PSI

<0.2
0.2–0.4
0.4–0.6
0.6–0.8
0.8–1.0
> 1.0

very equable
equable with wetter season
season with short drier season
seasonal
markedly seasonal
most rain in three months or less

SNOWF

<10
10–25
25–50
>50
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AI

<1.0
1.0–1.5
1.5–2.0
>2.0

β

N

r

γ

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

1255
704
220
267

0.98
0.99
0.99
1.08

1.00
1.04
1.12
1.60

1.04
1.23
1.52
2.80

0.65
0.68
0.68
0.63

0.83
0.89
0.97
0.88

1.01
1.15
1.35
1.19

0.65
0.61
0.54
0.47

0.79
0.75
0.70
0.67

0.86
0.82
0.81
0.80

482
818
445
347
284
70

0.97
0.98
0.98
0.99
1.00
1.08

1.00
1.02
1.01
1.02
1.12
1.44

1.04
1.13
1.12
1.13
1.47
2.12

0.74
0.59
0.58
0.81
0.71
0.65

0.88
0.79
0.84
1.02
0.91
0.83

1.04
0.96
1.09
1.36
1.14
1.06

0.70
0.50
0.58
0.68
0.66
0.57

0.83
0.71
0.72
0.79
0.77
0.73

0.88
0.81
0.81
0.85
0.85
0.84

1072
399
821
154

0.99
0.99
0.98
0.96

1.03
1.02
1.01
0.99

1.30
1.12
1.08
1.02

0.74
0.73
0.55
0.56

0.94
0.92
0.75
0.79

1.22
1.06
0.93
1.02

0.70
0.61
0.45
0.49

0.80
0.75
0.68
0.75

0.86
0.84
0.81
0.86

1688
158
153
163
141
143

0.98
0.99
0.98
0.98
0.98
1.01

1.01
1.02
1.01
1.01
1.03
1.11

1.12
1.06
1.07
1.18
1.31
1.63

0.65
0.85
0.81
0.70
0.63
0.52

0.85
0.97
0.97
0.91
0.75
0.77

1.06
1.19
1.20
1.16
0.98
0.99

0.61
0.76
0.68
0.61
0.53
0.40

0.75
0.84
0.80
0.75
0.72
0.61

0.84
0.89
0.89
0.84
0.81
0.78

CTA

0–0.01
0.01–0.1
0.1–0.2
0.2–0.4
>0.4

no stress
low stress
moderate stress
high stress
severe stress

1604
601
106
74
61

0.98
0.99
1.01
0.98
1.06

1.01
1.04
1.19
1.15
1.64

1.08
1.28
2.09
2.13
3.11

0.64
0.71
0.71
0.75
0.59

0.84
0.92
0.96
0.94
0.75

1.04
1.16
1.24
1.24
0.91

0.62
0.65
0.37
0.40
0.49

0.76
0.78
0.60
0.64
0.59

0.84
0.86
0.81
0.79
0.78
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free-flowing

DOR

0–0.02
0.02–0.1
0.1–0.25
0.25–0.5
0.5–1.0
>1.0

Table B1 (continued). Basin grouping according to catchment characteristics and performance
summary statistics per group: first quartile (Q1), median (Q2) and third quartile (Q3)
Descriptor

Classes

Description

β

N

r

γ

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

0.97
0.97
0.99
0.99
0.99
1.00
1.01

1.00
1.01
1.01
1.02
1.04
1.05
1.04

1.08
1.12
1.11
1.20
1.20
1.27
1.14

0.67
0.65
0.63
0.63
0.65
0.75
0.81

0.85
0.87
0.83
0.88
0.82
0.93
0.96

1.09
1.06
1.05
1.08
1.03
1.20
1.26

0.62
0.58
0.59
0.61
0.67
0.58
0.54

0.75
0.74
0.76
0.76
0.79
0.77
0.75

0.83
0.83
0.84
0.86
0.87
0.84
0.83

SLOPE

0-0.5
0.5–1.0
1.0–2.5
2.5–5.0
5.0–7.5
>7.5

815
443
572
440
130
46

0.99
0.99
0.98
0.96
0.97
0.98

1.05
1.04
1.01
1.00
1.00
1.00

1.29
1.19
1.11
1.04
1.03
1.02

0.51
0.70
0.72
0.80
0.77
1.01

0.71
0.89
0.89
0.96
0.96
1.16

0.92
1.18
1.07
1.15
1.18
1.37

0.57
0.70
0.66
0.57
0.41
0.16

0.74
0.79
0.79
0.71
0.64
0.42

0.83
0.86
0.87
0.82
0.81
0.83

OPWAT

0–1
1–5
5–10
10–25
25–50
>50

1079
634
244
243
195
51

0.99
0.97
0.99
0.98
0.98
0.98

1.02
1.00
1.03
1.02
1.03
1.03

1.19
1.08
1.16
1.12
1.20
1.12

0.75
0.73
0.67
0.59
0.29
0.22

0.93
0.89
0.82
0.78
0.40
0.26

1.16
1.06
1.06
1.13
0.59
0.32

0.66
0.64
0.61
0.56
0.38
0.01

0.78
0.77
0.76
0.72
0.60
0.16

0.85
0.85
0.83
0.84
0.75
0.41

PERM

0–5
5–25
25–50
50–75
>75

1850
158
141
125
172

0.99
0.99
0.97
0.93
0.97

1.03
1.01
1.00
0.99
1.00

1.24
1.05
1.05
1.03
1.04

0.68
0.64
0.61
0.78
0.55

0.87
0.88
0.89
0.90
0.70

1.12
1.06
1.05
1.02
0.90

0.62
0.41
0.46
0.62
0.68

0.76
0.71
0.64
0.70
0.81

0.84
0.84
0.81
0.81
0.87

Supplementary Information B

394
516
623
333
235
253
92
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AREA [103 km2 ]

3–5
5–10
10–25
25–50
50–100
100–500
>500
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Figure B4. Spatial distribution of calibrated model parameters: runoff non-linearity
parameter Cr (upper panel) and runoff correction factor CFA (lower panel)
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Climate and catchment controls on low-flow and high-flow
performance (chapter 5)

Figure C1. Spatial distribution of climatic catchment characteristics over the set of 222
European basins: a) aridity index, b) precipitation seasonality index, and c) percentage
snowfall. Values refer to the whole upstream area for each basin but are shown only for
their interstation coverage. Barplots show the percentage of basins in each class.
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Figure C2. Spatial distribution of catchment characteristics of human interference
over the set of 222 European basins: a) degree of regulation and b) consumption-toavailability ratio. Values refer to the whole upstream area for each basin but are shown
only for their interstation coverage. Barplots show the percentage of basins in each class.
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Figure C3. Spatial distribution of physiographic catchment characteristics over the set
of 222 European basins: a) catchment area, b) average slope, c) percentage surface water
bodies, and d) percentage permafrost. Values refer to the whole upstream area for each
basin but are shown only for their interstation coverage. Barplots show the percentage
of basins in each class.

121

Supplementary Information C

Table C1. Climatic, anthropogenic and physiographic properties (catchment descriptors)
used to characterize each river basin (European domain)
Catchment descriptor

Abbreviation

Unit

Minimum

Median

Maximum

Aridity index

AI

-

0.12

0.82

2.66

Precipitation seasonality index

PSI

-

0.09

0.23

0.88

SNOWF

%

0.14

11.94

52.44

Degree of regulation

DOR

-

0

0

7.44

Cosumption-to-availability ratio

CTA

-

0

0.02

0.40

AREA

103 km2

2.46

10.53

807

0.12

1.34

11.50

0.58

48.09

Climate

Percentage snowfall

Human Impact

Physiography
Catchment area
Mean slope

SLOPE

◦

Areal percentage of open water
bodies

OPWAT

%

0

GLAC

%

0

Areal percentage of permafrost and
glaciers
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68.83

Table C2. Basin grouping according to catchment characteristics and summary performance statistics per group: first quartile
(Q1), median (Q2) and third quartile (Q3)
Descriptor

Classes

Description

∆MAF

N

∆HFV

∆LFV

∆Q95

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

<1.0
1.0–1.5
>1.5

humid
humid, water-limited
dry-subhumid and semi-arid

144
62
16

2.0
-8.7
20.1

28.6
9.1
70.7

56.0
32.1
92.8

-13.8
-11.5
20.2

10.1
-1.3
57.5

28.3
13.8
108.3

-22.2
-25.6
-58.3

-0.7
8.1
-11.1

44.8
31.9
43.5

-29.0
-27.8
-73.3

0.4
4.7
32.5

51.0
38.3
112.8

PSI

<0.2
0.2–0.4
>0.4

very equable
equable with wetter season
seasonal

84
127
11

21.6
-13.3
0.8

39.5
11.7
67.2

78.8
33.6
93.0

5.4
-20.6
-2.9

21.6
-5.1
60.0

36.5
17.4
127.9

-27.2
-16.9
-60.1

-8.4
11.8
10.2

19.7
51.5
52.1

-33.2
-19.9
-62.8

-7.4
9.3
27.5

20.6
60.3
100.1

SNOWF

<10
10–25
>25

93
80
49

7.1
-5.4
-13.7

28.1
25.9
17.9

67.2
48.9
57.5

-5.7
-10.2
-24.7

12.2
8.4
-9.3

27.4
30.9
16.3

-22.3
-25.9
-23.5

-6.2
-0.2
18.0

26.8
38.8
58.4

-30.3
-31.3
-19.2

-6.2
1.7
27.5

31.3
54.4
55.4
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AI

128
43
23
15
13

-5.1
7.2
5.0
8.3
-23.1

21.9
36.2
17.9
17.9
30.0

50.8
58.7
38.1
65.3
66.4

-19.2
-3.4
-4.8
-8.3
-24.7

5.5
18.7
-0.7
2.7
1.4

28.3
35.2
19.5
25.0
54.4

-25.1
-24.9
-18.0
-24.4
29.1

0.9
-4.9
5.7
-2.8
48.1

51.4
21.4
13.7
30.7
93.1

-31.9
-31.5
-22.9
-14.6
48.7

0.6
-8.2
2.4
2.1
82.7

58.0
24.8
12.9
42.8
155.3

CTA

0–0.01
0.01–0.1
>0.1

no stress
low stress
moderate to severe stress

81
125
16

-9.3
-0.9
10.4

18.1
25.1
48.6

56.2
50.7
82.6

-21.2
-8.0
17.6

1.2
7.3
41.3

28.6
25.2
90.9

-22.3
-22.6
-60.9

12.8
-4.3
0.9

57.5
23.7
41.2

-19.2
-30.8
-94.1

18.2
-4.5
10.6

60.4
30.0
106.7

Supplementary Information C

free-flowing

DOR

0–0.02
0.02–0.1
0.1–0.25
0.25–0.5
>0.5

Table C2 (continued). Basin grouping according to catchment characteristics and performance summary statistics per group:
first quartile (Q1), median (Q2) and third quartile (Q3)
Descriptor

Classes

Description

∆MAF

N

∆HFV

∆LFV

∆Q95

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

Q1

Q2

Q3

-9.1
4.2
9.1
-16.7
-14.2
14.2

22.0
23.8
30.1
13.0
6.6
26.8

67.2
74.4
67.9
47.4
38.7
37.0

-19.2
-9.5
-8.8
-22.8
-10.7
-1.2

4.3
11.0
21.6
-0.4
-5.7
2.3

27.6
34.1
42.7
22.0
28.2
18.1

-30.7
-31.3
-25.0
-7.0
-4.7
-13.5

4.9
-2.8
-9.5
23.5
12.6
-0.3

70.1
50.6
24.8
32.3
29.7
6.4

-33.5
-36.4
-32.0
-10.5
-4.3
-19.9

4.8
-5.2
-11.9
24.6
11.8
-5.0

79.2
68.5
41.5
47.7
45.3
2.4

SLOPE

0–0.5
0.5–1.0
1.0–2.5
2.5–5.0
>5.0

59
31
69
38
25

-20.6
-4.4
3.5
25.1
63.2

-1.9
10.8
22.2
34.2
93.4

22.6
33.9
42.4
59.5
123.3

-30.6
-13.8
-7.1
9.5
38.1

-16.9
-3.1
2.7
25.9
54.5

1.5
16.0
23.2
49.6
74.2

-1.2
-18.3
-20.6
-30.8
-56.3

26.8
11.0
1.7
-8.3
-41.0

71.3
36.6
37.4
7.8
-4.9

-8.9
-25.7
-24.8
-33.0
-58.6

30.1
5.3
-2.8
-4.6
-45.5

99.7
44.8
54.4
14.1
2.1

OPWAT

0–1
1–10
>10

126
79
17

5.1
4.8
-37.1

29.2
24.8
-16.2

67.5
50.5
-4.4

-6.6
-10.7
-33.8

14.0
3.6
-29.6

32.4
25.5
-17.0

-29.9
-11.3
24.8

-10.8
3.6
47.1

28.0
45.3
89.2

-37.6
-15.8
34.5

-13.2
5.4
60.4

34.8
49.3
127.5

PERM

0–5
5–25
>25

188
19
15

-5.0
7.8
17.9

22.8
33.7
27.0

51.0
61.6
72.6

-12.9
-11.0
2.0

5.5
9.9
7.3

27.4
37.9
46.3

-22.2
-37.3
-40.4

4.9
7.5
-2.8

36.7
49.6
10.8

-29.1
-44.0
-35.0

2.1
17.4
-8.5

55.1
52.2
12.9
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62
44
56
20
19
21
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Sensitivity of model performance to spatial model resolution
(chapter 6)

Aridity index AI [-]

Precipitation seasonality index PSI [-]

Percentage of snowfall [%]

Figure D1. Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2 (grey boxes)
model performance statistics for the simulation of monthly streamflow along catchment
gradients: Aridity index, precipitation seasonality index, and percentage snowfall.
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Degree-of-regulation index DOR [-]

Catchment area [103 km2 ]

Mean slope [◦ ]

Area underlain by permafrost [%]

Figure D1 (continued). Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2
(grey boxes) model performance statistics for the simulation of monthly streamflow along
catchment gradients: Degree of regulation, catchment area, average slope, and percentage permafrost.
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Aridity index AI [-]

Precipitation seasonality index PSI [-]

Percentage of snowfall [%]

Consumption-to-availability ratio CTA [-]

Figure D2. Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2 (grey
boxes) performance statistics for the simulation of low flows and high flows along catchment gradients: Aridity index, precipitation seasonality index, percentage snowfall and
consumption-to-availability ratio.
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Degree-of-regulation index DOR [-]

Catchment area [103 km2 ]

Area covered by surface water bodies [%]

Area underlain by permafrost [%]

Figure D2 (continued). Boxplots comparing WaterGAP3 (blue boxes) and WaterGAP2
(grey boxes) performance statistics for the simulation of low flows and high flows along
catchment gradients: Degree of regulation, catchment area, percentage surface water
bodies and percentage permafrost.
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