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Rainfall!
“From a quiet tiny stream into a raging torrent
as high volumes of rain falls with intent.
Onto the grasslands forming artificial lakes
lives property and businesses high stakes.
Swollen rivers burst their banks flooding homes
as the surge of water indiscriminately roams.
That heavy rain that never seems to stop pouring
down on the streets at speed it comes roaring!
Into many properties in its way water is merciless
cold and filthy always leaving a trail of mess.
Sodden ground unable to absorb man an obstacle
flooding becomes soul destroying and cruel!
Misery and heartache as the fast wind blows
and heavy rain saturates the water flows!”

Malcolm Terence Gould (2011)
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Introduction

1.1

General background

In many parts of the world, flooding events are amongst the most devastating disasters, resulting
in extensive economic losses and tragic fatalities. In Europe, flooding accounts for 30% of the total
number of natural disasters between 1991-2008, and causes the largest economic damages, i.e. about
40% of total economic losses, among all other natural disasters (Berga et al., 2010; EEA, 2010).
Mediterranean Europe, such as Eastern Spain, Italy, or Southern France including the pre-alpine
regions, is frequently affected by severe floods with a short response time, i.e. flash floods, due to
intense rainfall events in small mountainous catchments (Berga et al., 2010; Llasat et al., 2010; Lóczy
et al., 2010; Artigue et al., 2012). These high-intensity rainstorms can be considered as components
of the local climate in the late summer and autumn, where the unstable warm and moist air mass
of the Mediterranean origin is triggered by orographic controls and local mechanisms forming mesoscale convective storm systems (Delrieu et al., 2005; Llasat et al., 2010). In France, 236 flash flood
events have been recorded between 1953-2006, of which 4 events can be regarded as extreme (Gaume
et al., 2009). Among these extreme floods is the event on 22 September 1992 near the town of Vaison
le Romaine (i.e. 220 mm of rain in 3 hours) and the 8-9 September 200 event in the Gard region
(i.e. 600-700 mm of rain in 24 hours), which caused 35 and 24 fatalities respectively, and damages of
nearly two billion USD (Sénési et al., 1996; Delrieu et al., 2005). One of the most recent catastrophic
flash flood events in this region occurred on 15 June 2010 by a rain storm of 400 mm in 9 hours
with a maximum intensity of 100 mm/h in the department of Var, resulting in 23 causalities and total
damages up to 1.5 billion euros (Vinet et al., 2011). Though overall damages by individual flash flood
events are smaller than those from low-land floods along large rivers in continental Europe, e.g. the
flood in the Elbe basin in 2002 whose damages amount to 20 billion euros (EEA, 2010), flash floods
in the mountainous areas are considered to be far more dangerous to human lives due to their sudden
onset and large destructive power (Younis and Thielen, 2008; Gaume et al., 2009; EEA, 2010).
Climate change and global warming have direct impacts on the spatial pattern, frequency,
and magnitude of flooding hazards across Europe (Marchi et al., 2010). Over last 30 years, the
Mediterranean climate has undergone a continuous warming with a decreasing trend of precipitation
amounts (Trenberth, 2011; Turco and Llasat, 2011). These warm and dry conditions are projected
to continue at an intensifying rate in the next century, leading to more frequent and severe droughts
(Karas, 2000). Warmer climate, on the other hand, also induces more extreme rainfall events due to
intensification of the hydrological cycle from higher evapotranspiration and increased water content in
the atmosphere (Bogataj, 2007; Trenberth, 2011), giving rise to an increasing frequency and severity
of the floods (Marchi et al., 2010; Velasco et al., 2013). The increase of drought episodes will also
trigger a higher probability of forest fires with a positive feedback on increasing flood occurrences as
a consequence of decreased forest cover and increased imperviousness of the burnt areas (Versini et
al., 2012). Finally, direct human intervention to the natural environment, e.g. through deforestation,
landuse change and urbanization, is another cause that exacerbates floods and droughts in the
Mediterranean region (Llasat et al., 2010). More importantly, relocation of the population to the
Mediterranean flood-prone areas increases the human vulnerability to floods (Llasat et al., 2010;
Quintana-Seguí et al., 2011; Vinet et al., 2011).
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With a potential of more extreme weather events and increasing vulnerable populations to floods
and droughts, the development of improved hydrological forecasting models, as a main component of
flood warning systems (e.g. Thielen et al., 2009) and drought monitoring systems (e.g. Acácio et al.,
2013), is regarded as the most effective way to mitigate the impacts of flood and drought hazards (EEA,
2010). Moreover, hydrological models can be used as a prediction tool to evaluate the impacts of future
climate and landuse changes on catchment responses and feedback mechanisms in the hydrological
system as a whole (e.g. Nützmann and Mey, 2007; Thanapakpawin et al., 2007; Hurkmans et al.,
2009; Lam et al., 2011; Öztürk et al., 2013). This information can help develop resilient strategies
for human adaptation and to improve a level of social preparedness to the consequences of the
future changes. Hydrological forecasting and predictions of hydrological responses under change are,
however, often hampered by a lack of historical flow measurements and insufficient catchment data
to characterize the system’s behaviour and to be used as indicators of future change (Lee et al., 2007).
Moreover, transferring the information from gauged to ungauged basins is not easy (Abdulla and
Lettenmaier, 1997). To address this problem under a unified framework, the International Association
of Hydrological Sciences (IAHS), in 2003, launched a decadal initiative with regard to prediction
in ungauged basins, or PUB (Sivapalan et al., 2003b). The PUB initiative aims at formulating and
implementing the science programmes that stimulate collaboration in the hydrological community
to research on new predictive approaches, with the main goal to advance the understanding of
hydrological processes, and to improve the predictions in ungauged basins. The PUB science plans were
made with two focuses: 1) to improve the predictive capability of existing models in ungauged basins,
and 2) to develop new modelling approaches with a deeper level of process understanding to minimize
the predictive uncertainty. The PUB Decade has been a great success in bringing together scientists
of diverse interests, which has resulted in considerable knowledge generation, as has been shown by
fruitful research outcomes, beneficial to the science of hydrology as a whole (Hrachowitz et al., 2013).
Motivated by the goal of the PUB initiative, this thesis is developed as a contribution to the quest
for better prediction methods in ungauged basins. The aim of this thesis is to derive a parsimonious
hydrological modelling framework that uses a relatively coarse model resolution and allows model
parameterization using local-scale observable catchment characteristics to reduce calibration efforts,
and to avoid ad-hoc parameter identification. Therefore, the modelling framework can potentially be
applied for hydrological forecasting in meso-scale or large-scale ungauged basins, as the model would
not demand high computational requirements. In the following sections of this introduction, an
overview of the modelling approaches and challenges with regard to modelling in ungauged basins are
given to provide context for the modelling framework proposed in this thesis. The last section presents
the research questions, including an introduction to the approaches used to answer these questions.

1.2

Approaches in hydrological modelling

Hydrological models can be viewed as an assemblage of mathematical descriptions that represent
different hydrological processes operating in the domain of interest (i.e. catchment) (Singh and
Woolhiser, 2002). Over the past decades, substantial efforts have been made to develop hydrological
models that simulate hydrologic processes and response characteristics (e.g. hydrograph) at the hillslope
and catchment scale. Hydrological processes can be represented by model equations using either 1)
a description related to fundamental physical laws governing the processes (physically-based), 2)
simplified descriptions based on a perceptual understanding of processes (conceptual), or 3) statistical
input-output relations derived from time series analysis of observational data (empirical) (Chow et
al., 1988). In many cases, a combination of these approaches is used. The models are referred to as
12

stochastic, if random components of input variables are taken into account to result in an ensemble
of possible outcomes; and as deterministic, if the models produce a single set of results neglecting the
random nature of the model inputs and process uncertainty (Pechlivanidis et al., 2011).
Hydrological models can primarily be classified in how they deal with the spatial domain. Lumped
models treat the catchment as a single entity, neglecting heterogeneity of inputs, parameters, and
state variables over the catchment or surpassing this heterogeneity by using catchment-scale dynamics
and/or representative parameters. Distributed models, on the other hand, allow the representation
of spatial variability within the catchment. In these models, the catchment surface is subdivided into
elementary units, which are treated as being internally uniform. State variables and fluxes are explicitly
calculated for each unit, and routed over the flow path in a downstream direction to the catchment
outlet. Spatial variability in a catchment can be represented using a regular discretization scheme with
a gridded surface with cells of equal size (e.g. Johnson and Miller, 1997; de Roo et al., 2000; Liu et
al., 2005). Alternatively, distributed models may use spatial units of different size and geometry to
represent catchment heterogeneity. These units can be delineated to represent observable spatial objects,
physiographic features, sub-catchments, or landscape units with distinctive physical characteristics
(Güntner and Bronstert, 2004). This irregular catchment discretization scheme can also be referred to
as a topography-based approach because physical catchment characteristics are the main criteria in unit
delineation (Kavvas et al., 2004). The size of units can be relatively large. Thus, this type of models, in a
large body of literature, is typically referred to as semi-distributed since the catchment information and
spatial processes can only be realized at a much coarser scale (i.e. unit) than the support of grid cells
(e.g. Beckers et al., 2009; Pechlivanidis et al., 2011).
The choice of spatial discretization in models is not only dictated by the objective of modelling
and outputs requirements, but also by the availability of data sets and computational resources.
In relatively small catchments, it is possible to explicitly represent the catchment’s heterogeneity
and to simulate the processes in a highly detailed spatial and temporal resolution using a small grid
resolution as this would not require large computational power (e.g. Meng et al., 2008). However, such
detailed modelling may not be feasible for large-scale applications due to the increased computational
demands that result from an increased number of model units and their associated unknown, yet
to be identified parameters. Furthermore, high-resolution catchment data sets over extensive areas
may not be sufficiently available to allow for the model to be applied in large ungauged basins. This
problem can be tackled by decreasing the grid resolution to reduce the model complexity and to
lower computational demand (e.g. de Roo et al., 2000; Habets et al., 2008; Montzka et al., 2008).
However, this approach has drawbacks in that the grid resolution may be too coarse (e.g. 100-2500
km2) for an accurate representation of a catchment’s heterogeneity. Catchment physical characteristics
(e.g. soil properties and micro topography) often exhibit a large spatial variation over short distances
(Mohanty et al., 1994; Sobieraj et al., 2004), which cannot be represented on a grid when a coarse
grid resolution is used. Identification of effective parameters at the resolution required for the models
(i.e. upscaling point measurements or calibration) is subject to considerable uncertainty (Beven, 1989;
Bierkens et al., 2000). Moreover, the geometry of a grid does not concur to any physical phenomena
or is not commensurate to a characteristic scale of the processes, leading to difficulties in identifying
an appropriate process description that is representative over a grid mesh. Semi-distributed models,
that represent catchment heterogeneity using irregular-geometry meshes, are often argued to be more
practical and efficient in discharge modelling in this case (Croke et al., 2004). The model units can
be defined to represent areas that are consistent with the characteristic spatial and temporal scales
of the processes of interest (Dehotin and Braud, 2008), or exhibit uniform characteristics (Flügel,
1995). This has considerable benefits for the formulation of representative process descriptions for the
13

model units and for the simplification of unit parameterization. Reggiani et al. (1998, 1999) propose
a rigorous lumped physically-based modelling framework that is scale independent and that can be
directly applicable at a (sub)watershed – i.e. Representative Elementary Watershed (REW) framework.
In this approach, a set of mass, momentum and energy balance equations are defined for the individual
hydrological zones that constitute the watershed; and the hydrological fluxes to close these balance
equations are simulated and quantified using the physically-based equations that result from spatially
aggregating the point-scale physics over the hydrological zones. Such a framework does not exist for the
grid-based modelling approach, posing a limitation on physically-based modelling for models with a
large grid resolution.

1.3

Challenges in semi-distributed hydrological modelling

Modelling the discharge response for a catchment using a semi-distributed approach represents
a challenge because of the following main tasks: 1) the identification of process descriptions
and parameters representative at the model unit scale, and 2) the definition and delineation of the
model units. The second task may have a strong influence on discharge prediction because model
parameterization is largely dependent on the characteristics of the model units (i.e. geometry, spatial
configuration of the different units, and type of units). These issues are discussed in this section.
1.3.1

Defining the process descriptions and parameters of the model units

In semi-distributed modelling, the size of the model units is relatively large (101-103 km2) (e.g.
Schreider et al., 1996; Hsieh and Wang, 1999; Biftu and Gan, 2001; Chen et al., 2004; Varado et
al., 2006). Hydrological responses at this scale are largely controlled by the spatial heterogeneity in
landscape properties and boundary conditions, including the interactions between various processes
within the units (Li and Sivapalan, 2011). The models based on local-scale physics, i.e. Darcy’s law or
Richard’s equation, are unable to explain processes at this scale and, thus, require effective parameters to
compensate for the scale inconsistency (e.g. Karvonen et al., 1999). However, these effective parameters
are mostly obtained (i.e. by calibration or by upscaling local-scale values) with a large uncertainty and
often do not exhibit a physical meaning (Beven, 2002). Furthermore, it is not justified to use localscale physics to represent processes over larger areas. Many studies show a low predictive capability of
local-scale models applied at a larger scale when using upscaled parameters (e.g. Craig et al., 2010). To
resolve this issue, the modelling of hydrological responses at a larger scale would require another form
of process descriptions, i.e. models that are consistent with processes occurring at the modelling scale
(Short et al., 1993; Clark et al., 2009).
For an overall understanding of hydrological responses using a semi-distributed modelling
approach, Kirkby (1993) suggested a separate treatment of hydrological responses from different
hydrological compartments within the system, such as the overland flow zone, unsaturated zone, and
groundwater zone. This approach requires process descriptions for these hydrological compartments
to quantify the cross-boundary flux between hydrological zones (i.e. infiltration, evapotranspiration,
groundwater recharge). Due to their main aim of ‘closing’ the mass balance equations, the process
descriptions for specific hydrological zones can be generally referred to as ‘closure relations’ (Beven,
2006). Generally speaking, the closure relations can be formulated using conceptual or physically-based
approaches. The conceptual approach uses a single or series of storage functions to represent the storage
capacity and rate of outgoing fluxes from different hydrological compartments within the model units
(e.g. Donker, 2001; Hannah and Gurnell, 2001; Agirre et al., 2005; Nourani et al., 2009). Another
classical example of this approach is to use the unit hydrograph method to transform the effective
14

rainfall to discharge responses (e.g. Bruen and Dooge, 1992). The physically-based approach derives the
closure relations through an analytical integration of point-scale physics over the scale of interest, given
well-defined boundary conditions (Parlange et al., 1981; Troch et al., 2003; Kim et al., 2005; Talebi et
al., 2008; Craig et al., 2010).
Development of the closure relations at the scale of hillslopes or sub-catchments is not an easy
task (Beven, 2006; Zehe and Sivapalan, 2007). The major difficulty in identifying the closure relations
lies in the process complexity at this scale, which is mainly due to the spatial variability of catchment
properties and processes at a wide range of spatial scales within the model units; for example, soil
porosity or conductivity, vegetation cover, or distribution of rainfall (McDonnell et al., 2007). Moving
across scale could result in an emergence of new properties and shift in the dominant processes, due
to changes in a pattern of heterogeneity having direct effects on the hydrological behaviour. Clark et
al. (2009) showed that the functional form of a storage-discharge relationship changes from linear to
non-linear when moving from the hillslope to the watershed scale. Furthermore, hydrological processes
often exhibit a rate-independent non-linearity, or hysteresis, through an exceedence of a threshold that
is associated with a change in the response characteristics (O’Kane and Flynn, 2007). One of the most
obvious examples is subsurface flow. Once the rainfall threshold at which soil pores become saturated is
reached, the subsurface flow path connectivity is maximized, resulting in a substantial change of system
behaviour from non-linear to linear (Ocampo et al., 2006; Tromp-van Meerveld and McDonnell,
2006). Brauer et al. (2013) showed that simple closure relations (i.e. linear reservoir) are not capable
of characterizing the storage-discharge relations in a low-lying catchment, particularly in the dry period
when the unsaturated zone plays a strong role in attenuating the discharge responses due to the high
evapotranspiration.
Derivation of the closure relations is also hindered by the limited availability of necessary
data observed at the scale of interest, i.e. state variables of and fluxes between different hydrological
compartments (Beven, 2006; Sidle, 2006; Silberstein, 2006; Zehe and Sivapalan, 2007). This impedes
the empirical identification of closure relations as a function of catchment internal states. The empirical
closure relations are probably the best candidates to represent the intrinsic natural variability and
nonlinearity of the systems at this scale, in comparison to models based on small-scale laboratory-type
physics (Lee et al., 2007).
The closure problem is also related to parameterization of the closure relation. The closure relations
often use effective parameters representative over the model unit (hillslope or catchment), but cannot
be directly measured with current field techniques. This brings the need to identify closure relation
parameters in an ad-hoc manner, i.e. calibration against the available field data (Fenicia et al., 2005;
Varado et al., 2006; El Ouazzani Taibi et al., 2011). This limits the use of the closure relations in
ungauged basins, as parameter values calibrated in one catchment can often not be applied in other
catchments.
There have been numerous attempts to resolve the above problems in the development of closure
relations. A number of studies incorporate explicit components to represent the sub-unit process
heterogeneity in the form of closure relations; and these components can be parameterized using
physical information (i.e. topography) (e.g. Zhang et al., 2005; Tian et al., 2012). Furthermore, closure
relations have been proposed containing geometric properties (i.e. profile shape, slope gradient, length)
and measurable distribution characteristics of catchment properties over the modelling region to
account for their effects on hydrological responses (e.g. Bogaart and Troch, 2006; Harman et al., 2010;
Troch et al., 2013). Some studies use numerical experiments in synthetic watersheds with artificial
boundary conditions, as a stopgap measure to a lack of data at a wide range of scales, for postulating
the form of closure relations and establishing theoretical relationships between model parameters (e.g.
15

Zehe et al., 2006; Lee et al., 2007). There have also been efforts to develop the methodologies for
parameterization of the closure relations in ungauged basins. One of the most common approaches
is to establish the linkages between observable catchment properties and parameters of the closure
relation from a large number of gauged catchments – i.e. obtained through calibration – using
various statistical approaches. Relations between parameters are used to estimate the parameters in the
ungauged basins that show similar physical characteristics and located in a spatial proximity to those
of the donor gauged catchments, i.e. parameter regionalization (e.g. Abdulla and Lettenmaier, 1997;
Xu, 1999; Merz and Blöschl, 2004; Oudin et al., 2008). All these studies provide significant advances
in resolving the closure problem. Still, there remain immense challenges to derive closure relations
that rigorously cope with the unsolved heterogeneity in model units and can be parameterized with
measurable catchment properties bypassing calibration.
1.3.2

Derivation of the model units

The derivation of model units is an important step in semi-distributed modelling. It defines the
smallest resolution for handling catchment heterogeneity and resolving the spatial processes. Derivation
of the model units involves two key issues; 1) definition of appropriate model units and 2) a technique
to spatially delineate such model units.
Various approaches have been developed to define the model units, depending on the objective
of modelling and processes of interest. One of the most common practices is to use sub-catchments.
These units are considered as an independent hydrological system and thus can be modelled without
the need to define interactions with other units (e.g. Hsieh and Wang, 1999). However, spatial
processes and properties within sub-catchments may be highly heterogeneous, which pose difficulties
on the simplification and modelling of these processes by a lumped approach. Even though lumped,
physically-based discharge modelling at the watershed scale is possible under the REW framework,
application of this modelling approach is strongly hampered by a lack of observational data to calculate
the cross-boundary fluxes between hydrological zones to close the mass balance equations at the
watershed scale (Beven, 2006). Thus, modelling the processes at the watershed scale is usually done
using the conceptual approach; and the model parameters are identified by calibration (e.g. Schreider
et al., 1996).
Given this limitation, the sub-catchments can be further subdivided into elementary units that are
consistent with the characteristic scale of various processes and exhibit overall hydrological similarities
in terms of properties, processes, and responses (Güntner and Bronstert, 2004; Dehotin and Braud,
2008). These units are generally referred to as ‘Hydrologic Response Units’ or HRUs (Leavesley et al.,
1983). Variants in the terminology alias to HRU can be also found in a numbers of studies (e.g. Becker
and Nemec, 1987; Kouwen et al., 1993; Kite, 1997; Karvonen et al., 1999; Winter, 2001; Winsemius
et al., 2006; Francke et al., 2008; Lafaysse et al., 2011). As the HRUs represent the areas that are
internally homogenous or exhibit some degrees of self-organization in hydrological characteristics, a
number of assumptions can be made to simplify the process conceptualization and parameterization
scheme for the HRUs. For example, spatial variability in physical properties within the HRUs can
be assumed uniform (e.g. Eder et al., 2005), or characterized using a statistical distribution function
without the need for an explicit identification of the actual pattern of variation in the sub-HRU
properties (Wood et al., 1988; 1990). As a result, it might be sufficient to describe the HRU internal
processes using simple equations (Schumann, 1993; Merz and Bárdossy, 1999). Moreover, the HRUs
can also be defined to represent areas with the same dominating hydrological processes (Müller et al.,
2009). This allows designing the specific model structure and hydrological functions for the dominating
processes associated to individual HRUs, which helps in reducing the modelling requirements and
16

alleviating the problem related to overparameterization by excluding unimportant processes from the
model (Grayson and Blöschl, 2000; Sivapalan et al., 2003a; Sivakumar, 2004;Savenije, 2010).
Conventionally, the HRUs are identified to represent a single or unique combination of landscape
characteristics, such as lithology, soil, land cover, vegetation, and other observable variables, which
can simply be derived by intersecting a number of maps (Flügel, 1995). This HRU delineation
approach, however, has an important disadvantage in that it often results in fragmented HRUs
with no topological connections to other HRUs (Dehotin and Braud, 2008). This poses difficulties
and constraints in modelling the lateral flux transfer between the HRUs and to the stream network
(Bongartz, 2003). To overcome this problem, the delineation of the HRUs should also consider
the field observations of topographical, geomorphological, and hydrological features to result in
functional units that are topologically linked and hydrologically similar in both vertical and lateral
processes (Karvonen et al., 1999; Güntner and Bronstert, 2004). This can be done through detailed
field mapping of landscape features, including experimental process investigations; for instance,
environmental tracers or plot-scale rainfall simulation experiments (Uhlenbrook and Leibundgut,
2002; Scherrer and Naef, 2003; Uhlenbrook et al., 2004; Müller et al., 2009). These approaches, in
combination with the map intersection method, result in HRUs that are suitable for semi-distributed
modelling (e.g. Schmocker-Fackel et al., 2007).
Although delineation of HRUs from field observations can be considered as the best approach,
this is time-consuming and not feasible for large catchments. Also, the quality of the resulting HRUs
largely depends on the surveyor’s experience and ability for landscape interpretation. Delineation of
HRUs using an automated technique can help reduce subjectivity in landscape classification, maintain
a consistency in results, and expedite the delineation procedure. Due to strong relations between
topography and hydrologic response characteristics (Savenije, 2010), automated delineation of HRUs
can be investigated in the context of landscape or geomorphological classification. The resulting
landscape units can subsequently be re-classified to HRUs. Note that there are also a number of studies
that directly delineate the HRUs for certain hydrological models (e.g. Güntner and Bronstert, 2004;
Dehotin and Braud, 2008; Saran et al., 2010; Gharari et al., 2011; Zhang et al., 2012; Khan et al.,
2013). In the automated mapping of the landscape, a digital elevation model (DEM) is used as a
primary source, in some cases – a sole input, to provide topographical information in the classification
(MacMillan et al., 2003). Approaches in automated landscape mapping are widely variable, ranging
from empirically-based approaches that assign a landform class based on the statistical structure and
self-organization of landscape characteristics in the parameter space (e.g. Irvin et al., 1997; MacMillan
et al., 2000), to knowledge-based approaches that map the landform types based on the information
given a priori. This information can be obtained from statistical analyses of training data sets (e.g.
Hengl and Rossiter, 2003) or employing pre-defined classification rules (e.g. Iwahashi and Pike, 2007).
Classification can be done at a pixel level (e.g. Etzelmüller et al., 2007) or higher, i.e. at a scale of
spatial objects that represent elementary terrain features (Drăguţ and Blaschke, 2006; Anders et al.,
2011). Membership of the classified objects can be presented as a crisp landform class (Pennock et al.,
1994; Irvin et al., 1997) or expressed as a degree of membership with respect to all other classes under
consideration using the fuzzy set theory (Lagacherie et al., 1997; Burrough et al., 2000; MacMillan et
al., 2000).
Existing automated landscape classification techniques rely heavily on the use of empirical relations
between topographical characteristics to map the landscape, while putting little emphasis on the
underlying geomorphological processes and relations between different landform types. Moreover, these
techniques can only use information at one or two points to characterize and map the landscape. As a
result, the techniques might not be capable of reproducing complex landform patterns. Given these
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limitations, it might be useful to seek for an alternative automated technique to delineate the HRUs in
a semi-distributed modelling framework. This technique should be capable of using autocorrelations
of information at multiple spatial locations, including categorical landscape data, to map the HRUs.
Also, the technique should be generic and flexible such that it can be easily tailored to derive various
types of HRUs for different model applications. More importantly, the classification procedure should
rigorously imitate human reasoning in landscape classification. This thesis will explore such techniques
for the derivation of model units.
1.3.3

Model uncertainty related to spatial discretization

Uncertainty in semi-distributed models originates from various sources including the errors in defining
the HRUs used in the model. This source of model uncertainty becomes particularly important when
the HRUs are automatically delineated. This is because the automated HRUs may not correspond
to landscape units as observed in a catchment, and which are considered as the most suitable for
modelling. Errors in the automated HRU are shown as, for example, a mismatch in location and
geometry of the HRUs, which includes misclassifications of the HRU type. These errors contribute
to the uncertainty in hydrological predictions in different ways. Errors in the HRU geometry directly
affect the spatial extent over which inputs, boundary conditions, and parameters must be aggregated
or identified. If the automated HRUs do not represent areas with uniform characteristics, it will be
difficult or impossible to find lumped parameters that are representative for the HRUs. In some cases,
the size and shape of the model units are direct inputs to the closure relations, thus, directly affecting
the simulation results (Troch et al., 2003; Berne et al., 2005). Many studies estimate HRU parameters
based on the type of HRUs (i.e. land cover class) (e.g. Lam et al., 2009; Schmalz and Fohrer,
2009). Therefore, misclassification of HRUs can have an effect on the parameterization and, hence,
the simulation results. Misclassification also has impacts on the spatial organization of the different
HRU types. Considering these possible errors, it is important to calculate the effect of uncertainty in
automated HRUs on the uncertainty in the discharge prediction; this will be investigated in this thesis.
This information is particularly useful in the evaluation of model capability in a meso- or large-scale
catchments where the HRUs can only be extracted with an automated procedure.

1.4

Research questions, approaches, and thesis outline

The main objective of this thesis is to develop a semi-distributed rainfall-runoff modelling framework
that rigorously handles the issues of process descriptions and spatial scales discussed in Sect. 1.3. This
modelling framework uses the hydrologic response unit (HRU) as a means to discretize the catchment,
while HRUs can be directly parameterized using local-scale observable landscape characteristics to
avoid (or minimize) an ad-hoc parameter identification. In this thesis, the focus is solely set on eventbased prediction of basin-scale runoff responses from an infiltration-excess mechanism, i.e. Hortonian
runoff (Hendriks, 2010). This thesis-work centres on two main tasks; 1) identification of the closure
relation for the Hortonian runoff process at the HRU scale; and 2) delineation of the HRUs using
an automated mapping technique to support an application of this modelling framework in mesoto large-scale catchments where field derivation of the HRUs might not be feasible. The modelling
framework is developed and tested using field data sets obtained from a 16-km2 catchment, located
near a village of Savournon in the administrative department Hautes-Alpes, France (Fig. 1.1). The
study catchment is located in the pre-Alps region, which represents a climatic transition zone between
the north Mediterranean and southern Alpine zones (Descroix and Gautier, 2002). This catchment
contributes to the discharge of the Buëch River, which is one of the main tributaries to the Durance.
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Figure 1.1 Map of the study area in the Buëch catchment, France. The bold black line indicates the
study catchment in Chapter 3 and 5.

The thesis consists of four main parts, each presented as a separate chapter. To achieve the main research
goal, the following four research questions are specifically addressed in each part:
1. What is a parsimonious closure relation for Hortonian runoff and infiltration, applicable to HRUs, and
taking into account the internal heterogeneity and geometry of HRUs, that can be parameterized using
local-scale properties?
In semi-distributed modelling using HRUs, it is of paramount importance to identify and formulate
the lumped process descriptions, or closure relations, for fluxes between different hydrological zones
that are valid at the scale of the HRUs. In Chapter 2, I propose a framework for the derivation of a
closure relation for the infiltration and Hortonian runoff fluxes that is scale-independent and can be
parameterized using local-scale observable HRU characteristics. The closure relation is formulated as a
lumped conceptual model, containing scaling parameters that take into account the sub-HRU process
variability and effects of HRU geometry on the response fluxes. Identification of the closure relation
and its parameters requires observations of storages and cross-boundary fluxes representative for the
HRU sub-zones as a whole, preferably for an extensive range of HRUs and rainstorms. As such data are
not available, synthetic data sets are generated using a detailed physically-based high-resolution model,
as a surrogate of real-world observations. The scaling parameters, identified using the synthetic data
set, are related to the HRU geometry, HRU properties, and rainstorm characteristics that can be, in
principle, observable to allow for a direct estimation of these parameters from local-scale measurable
catchment characteristics. Performance of the closure relation is evaluated for a set of hypothetical
HRUs and rainstorms that were not used in the identification of the closure relations.
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2. How well does the Hortonian runoff closure relation simulate discharge responses in a real-world
catchment?
The Hortonian runoff closure relation, identified by using the synthetic data sets in Chapter 2, will
be evaluated using field observations of discharge collected from a 16-km2 catchment in the French
Alps region (Fig. 1.1). HRUs are chosen as corresponding to landforms. The capability of the closure
relation in discharge prediction is evaluated on an event basis for two cases where: 1) the closure
relation is parameterized using HRU properties observed at a local scale and 2) the closure relation
is calibrated against the observed discharge for optimal local-scale HRU parameters. In addition, I
evaluate and compare the predictive capability of the Hortonian runoff closure relation developed in
Chapter 2 against another closure relation that does not incorporate the scaling. The evaluation results
are presented in Chapter 3.
3. How can the HRUs be delineated using an automated technique that exploits terrain information at
multiple point locations and spatial relations between landscape types?
Application of the developed closure relation for discharge modelling in large catchments may require
an automated procedure to delineate HRUs. In Chapter 4, I investigate the multiple-point geostatistics
(MPS) technique (Strebelle, 2002) for automated delineation of HRUs. Since HRUs are identified,
as based on landforms (Chapter 3), implementation of the MPS technique is placed in the context
of geomorphological mapping. The MPS technique stochastically determines a landform type
at the location of interest based on the occurrence probabilities of the landform classes observed in
the training data sets. These conditions include local morphometric characteristics (e.g. elevation,
slope) and surrounding landforms. The training data sets include digital elevation data and a field
geomorphological map. The MPS technique is applied to map landforms over a 280-km2 area in the
Buëch catchment, which also includes the study catchment of Chapter 2 (Fig. 1.1). Quality of the
automated geomorphological maps, as a function of training image size, is evaluated on the basis of
local or areal similarities between the automated and the field geomorphological map. Performance of
MPS is also evaluated against the rule-based technique, which is commonly used in geomorphological
classification.
4. What is the uncertainty of the discharge predictions, caused by errors in the HRUs derived by the
automated technique?
The automated geomorphological maps, generated using the MPS technique, may not correctly
represent landforms (or HRUs) in the catchment. Chapter 5 investigates the uncertainty in discharge
simulation as a result of deriving the HRUs from these automated geomorphological maps. Uncertainty
in discharge simulation is evaluated using the automated geomorphological maps (HRUs) generated
with different training data sets in Chapter 4. Simulated discharge using the HRUs delineated from
field observations is used as a benchmark to evaluate prediction uncertainty. Results from this study
will provide insight to improve the MPS technique for hydrological applications.
Chapter 6 provides the main findings, a discussion on strengths and weaknesses, and future
improvements to the modelling framework developed in this thesis. The latter should ultimately lead to
a better prediction of the hydrology in ungauged basins.
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Towards closure relations with observable
parameters in a semi-distributed
hydrological modelling framework: relations
for Hortonian overland flow

This chapter is based on:
Vannametee, E., Karssenberg D., and Bierkens, M.F.P., 2012. Towards closure relations in the
Representative Elementary Watershed (REW) framework containing observable parameters: relations
for Hortonian overland flow. Advance in Water Resources, 43 (10), 52 – 66.

Abstract
This chapter presents the derivation procedure of integrated closure relations for infiltration and
Hortonian overland flow that contain directly-observable parameters in the semi-distributed
hydrological modelling framework, which includes the models based on Representative Elementary
Watershed (REW) and Hydrologic Response Unit (HRU) concept. A physically-based high-resolution
model is used to simulate the infiltration flux and discharge for 6 x 105 set of synthetic REWs (or
HRUs) and rainstorms scenarios. This synthetic data set serves as a surrogate of real-world data to
deduce the closure relation. The closure relation performance is evaluated against the results from
the high resolution model. The results show that the closure relation is capable of predicting accurate
hydrological responses for an independent set of synthetic REWs (or HRUs) and rainstorms in
terms of the Nash-Sutcliffe index, errors in total discharge volume, and peak discharge, especially in
cases where a relatively large amount of runoff is produced with fast responses. For the estimation of
parameters in the closure relation, a local method using inverse weighted distance interpolation in the
parameter space is superior to the global method based on the multiple regression, resulting in a better
reproduction of runoff characteristics.

2.1

Introduction

Conceptual watershed models consider the watershed as a set of interconnected, conceptual, mostly
lumped, storages. Small-scale variabilities within the watershed are not explicitly taken into account
as they are lumped in the equations and parameters. As a result, the number of parameters is small,
which is advantageous during calibration as it minimizes the problem of equifinality (Beven and Freer,
2001a). In addition, model run times will be short which allows the use of computationally intensive
calibration schemes or application of the model at continental scales. A notable disadvantage of most
conceptual watershed models however is that they are not rooted in physics. As a result, the parameters
do not have a physical meaning and cannot be estimated unambiguously from observations.
A framework that overcomes this problem is the Representative Elementary Watershed (REW)
approach which provides physically-based equations for a watershed as a whole (i.e. lumped model)
(Reggiani et al., 1998; 1999). A REW is divided into sub-zones, each representing a particular
hydrological compartment with associated processes (Reggiani et al., 1998; Lee et al., 2005; Tian et al.,
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2006; Li and Sivapalan, 2011). The balance of mass, energy and momentum within the individual subzones of the REW are described by a set of physically-based equations derived from thermodynamic
principles by means of averaging over the sub-zones in space and time. Thus, the REW approach
presents, potentially, a novel framework for developing, in a comprehensive manner, physically-based
watershed models directly applicable at the catchment scale (Reggiani et al., 1998).
The REW approach requires an explicit quantification of the mass flux terms in the balance
equations for each REW sub-zone. The cross-boundary fluxes between REW sub-zones can be
calculated by functional relationships between state and system attributes, referred to as closure
relations (Lee et al., 2005; 2007; Beven, 2006). A key to success in the REW approach is, thus, a
proper identification of these relations to close the balance equations defined at the REW scale (Lee
et al., 2005; 2007; Reggiani and Rientjes, 2005; Zhang and Savenije, 2005; Beven, 2006; Zehe et
al., 2006; Zhang et al., 2006a; Mou et al., 2008; Tian et al., 2008). Closure relations are also the
main component in the conceptual watershed models based on the hydrologic response units (HRUs),
since this approach also requires a closure of a mass balance equation at the scale of model units.
Although REW and HRU are theoretically different and the model units are identified following
different approaches, i.e. sub-watersheds (REW) and spatially-uniform units with hydrological
similarities (HRU) (Dehotin and Braud, 2008; Zhang et al., 2012), the term REW is used with an
interchangeable meaning to HRU in this chapter to refer to the model units in the semi-distributed
modelling frameworks For successful identification and application of closure relations in both REW
and HRU modelling framework, three issues are of particular importance.
One is the representation of sub-REW scale spatial heterogeneities of catchment attributes
and processes. Although the REW framework itself is scale independent, i.e. it applies to any size
of watershed as long as all REW zones are included, a number of closure relations are shown to be
dependent on the size and geometry of REW. This is because the effect of sub-REW scale spatial
heterogeneities on the closure relation may change with size and geometry, such as the spatial
heterogeneity of surface topography. The evapotranspiration flux, for instance, depends on incoming
solar radiation, which is a function of the topography within the REW. This is noted in the study of
Mou et al. (2008) although they left it for future research to identify the effect of topography. Another
example is the saturated area fraction, which depends also on sub-REW topography, as shown by
Lee et al. (2007) who use TOPMODEL and sub-REW topography to estimate this fraction. Also,
infiltration fluxes are dependent on hillslope length, width, and micro relief (Karssenberg, 2006; Lee et
al., 2007). The lateral subsurface flux to the channel zone is controlled by plan shape, profile curvature
and variation in soil depth over the hillslope domain (Troch et al., 2003; Hilberts et al., 2004; Bogaart
and Troch, 2006).
The second issue is how boundary conditions (inputs) as well as storage of REW zones are used in
the calculation of fluxes at boundaries. Most current approaches derive cross-boundary fluxes from the
current storage of zones. The study by Beven (2006), indicates that past trajectories of storage may need
to be considered as well, in order to represent hysteresis. In addition, boundary conditions may change
the form of (or parameters in) the closure relation. This seems to be of particular importance for closure
relations for infiltration and overland flow, as these processes depend on rainfall intensity (Karssenberg,
2006; Lee et al., 2007). Therefore, boundary conditions should be included in the closure relations.
Most important for the application of the REW or HRU approach to real catchments, however,
is the issue of model parameter identification. Direct estimation of parameter values at the support
of the REW or HRU is difficult or impossible with existing field techniques, as these mostly provide
representative parameter values at the point to plot scale. Also, many closure relations require scaling
parameters to represent the abovementioned sub-REW scale spatial heterogeneities (Lee et al.,
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2005; Tian et al., 2006; 2008). As these scaling parameters are in essence conceptual, they cannot
be measured directly by definition. Due to the problem with direct estimation of parameter values
from field measurements, application of REW models to real catchments requires calibration of
model parameters (e.g. Zhang and Savenije, 2005; Varado et al., 2006; Mou et al., 2008). This poses
limitations on the application of the REW concept to ungauged catchments.
Taking these issues into account, we hypothesize that the closure relation C of a zone can be
written as et = C (it,st,p,u) with et the cross-boundary flux at time t; it the input at time t; and st the
storage at time t. These terms are required for a correct mass balance. To avoid the need of calibration,
the parameters p, which represent hydrological properties of the REW, should be observable in the
field. In addition, a set of scale-transfer parameters u are required to account for the effect of sub-REW
scale variabilities and hysteresis. It is hypothesized that these can be modelled as u = f (g,it,st,p) with
REW geometry g; trajectories of input īt and storage st, and sub-REW variability in p. f is identified as
a regression-based model in Xu (2003), and Yokoo et al. (2001). Although a large number of studies
consider the abovementioned relations, albeit mostly outside the context of REW or HRU, evaluating
these expressions for all effects and zones remains a massive challenge. Therefore, we restrict ourselves to
the cross-boundary fluxes related to infiltration-excess (Hortonian) overland flow, i.e. infiltration (euc)
and concentrated overland flow (eoc) (Reggiani et al., 1998). In the previous studies (e.g. Duffy, 1996;
Zhang and Savenije, 2005; Lee et al., 2007; Tian et al., 2008), the closure relations for infiltration and
overland flow were derived on an individual basis without explicit consideration of the direct effects
of REW geometry and interactions between these processes. However, the infiltration process and
concentrated overland flow generation mechanism are highly dependent and considerably influenced
by the geometry of REW (Wallach et al., 1997; Corradini et al., 1998; Stomph et al., 2002; van de
Giesen et al., 2005; Karssenberg, 2006). In this chapter, we propose an integrated closure relation for
infiltration and concentrated overland flow that explicitly incorporates the effects of REW geometry
in the scaling parameter u. The key research question is how to identify a closure relation C that can
be parameterized by a relation f that has observable REW geometries and physical properties as input.
This would allow to apply the closure relation to a wide range of REW geometries and rainstorm
characteristics without calibration.
To achieve the goal, we address the following questions. First, is it possible to obtain the closure
relation that allows the calibration of the scaling parameters u against the observational data? If so, how
the closure relation performs with the calibrated scaling parameters? Due to the problem associated
with scarcity and scale incompatibility of observational data, we generate a synthetic data set of
rainstorm responses using a high resolution physically-based model for a large set of combinations of
rainstorm characteristics and REW geometry. The data set is considered as a surrogate of observational
real-world data and is used for identification and parameterization of the closure relation C. Second, we
investigate the form of the relation f between the scaling parameters u and observable properties such
as REW geometry, rainstorm characteristics and parameters p. This leads to the investigation on how
well the scaling parameters u in the closure relation can be estimated using this relation compared to
those obtained from calibration. Finally, we validate the approach using an independent synthetic data
set containing REWs that were not used for identifying C and f.
The chapter is structured as follows. The general framework of the approach is given in the first
part of the chapter. After this, we outline the procedures to develop the closure relation for infiltration
and Hortonain overland flow when the closure relation is calibrated directly against the artificial data
set (i.e. as a benchmark). Then, we develop methods to derive the scaling parameters u in the closure
relation from observable REW properties and rainstorm characteristics. Finally, the closure relation is
validated with a set of independent REWs.
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2.2

General framework

The closure relation for infiltration and concentrated overland flow is developed as a lumped conceptual
model. The conceptual model can only be identified and parameterized using observations (Silberstein ,
2006). However, due to the difficulty of directly observing dynamic internal state variables and integral
cross-boundary fluxes (Wetzel et al., 1996; Beven and Freer, 2001a; Vereecken et al., 2008), a large
data set of mass exchange flux and the states of infiltration and overland flow between sub-zones for an
extensive set of REWs does not exist. A solution to this problem is to generate a synthetic artificial data
set from the synthetic REW by virtual experiments using numerical models (Weiler and Mcdonnell,
2004; Wood et al., 2005). Recent studies (e.g. Loague and Abrams, 2001; Bashford et al., 2002; Weiler
and Mcdonnell, 2004; Kling and Gupta, 2009; Mirus et al., 2011) have shown promising results in
using this technique to provide additional source hydrologic information for hypothesis testing and
model development when data scarcity impedes the accomplishment of these tasks. This technique may
provide the clues for the forms of the cross-boundary fluxes that can be parameterized in relatively
simple way as suggested by Beven (2006). Here, we use a physically-based high-resolution rainfallrunoff model to generate an artificial data set of infiltration and discharge. The model is run for a large
number of scenarios (approximately 6 x 105 scenarios) that represent different characteristics of net rain
(i.e. the amount of rain after subtraction of water by the interception process), physical properties of
REWs (i.e. slope gradient, unit length and regolith properties), antecedent moisture conditions, and
flow patterns (Fig. 2.1).
In the second step, the closure relation C for infiltration and concentrated overland flow at the
REW scale is formulated. The closure relation is designed as a lumped conceptual process-based model,
consisting of a set of simple equations representing key processes only.
Third, parameters p and u in the closure relation are found by calibration of the closure
relation against the artificial data set separately, for each scenario of REW geometry and rainstorm
characteristics in the data set.
In the final step, we directly derive the scaling parameters in the closure relation from measurable
properties of REW and rainstorm characteristics (i.e. without calibration to results from the high
resolution model). This is done following two approaches 1) a global method using a multiple
regression technique and 2) a local method using an inverse distance interpolation method in the
parameter space.
Finally, the closure relation is validated against the results of high resolution model for a set of
arbitrarily-defined REWs and rainstorms that have not been used in the identification of the closure
relation.

2.3

Methodology

2.3.1

Artificial data set

2.3.1.1 Physically-based high resolution model
A physically-based event-based high resolution model is developed to create the artificial discharge
data set. The main runoff generating mechanism of the high resolution model is infiltration-excess
Hortonian overland flow. In principle, it is preferable to use a completely physically-based model
(e.g. Abbott et al., 1986) with a very resolution considering all forms of spatial variability in physical
parameters. However, such a model would have large run times, which is not feasible here, as it needs
to be run for a very large number of times. To deal with this issue, we select relatively simple model
equations that still have a physical basis, which are solved at a resolution that results in acceptable run
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Figure 2.1 The development framework of a closure relation for infiltration and Hortonian overland
flow. The procedure consists of 4 steps: 1) synthesis of the artificial discharge data set, 2) formulation of
the closure relation, 3) parameterization of the closure relation, 4) estimation of the scaling parameters ai ,
bi, ci in the closure relation from measurable unit properties and rainstorm characteristics for each scenario
run i. REW is representative elementary watershed. DEM is digital elevation model. Q is discharge. pi,n are
a set of n physical properties of REW of scenario run i in the distributed high resolution model.

times. The grid cell size of 1 m2 used here is sufficiently small to assume homogeneity of infiltration
processes within a grid cell. Simulation of net rainfall and runoff is done using a time step (∆t,
h) of 1/360 hours (i.e. 10 seconds) over a rectangular plane, which is regarded as a REW without
runon across its boundaries. The model is built with Python 2.5 with library extensions of PCRaster
(Karssenberg et al., 2007).
The model forcing or driver of the system is the net rain, Rnet,t (m/h), defined as an event. The
physically-based high resolution model takes into account the processes of infiltration, surface
depression storage, and surface runoff routing (Fig. 2.2).
Infiltration is simulated as one-dimensional vertical flow into the soil column. The Green &
Ampt infiltration equation for one soil layer under a ponded condition is used because it is one of
the simplest physically-based infiltration models that uses measureable point-scale soil parameters. To
satisfy the assumptions of the Green & Ampt model, the soil is assumed homogeneous, deep and welldrained with homogenous moisture content over the soil column. The wetting front is formed as a
distinct sharp boundary, which separates a zone that has been wetted from a totally unwetted soil. The
Green & Ampt equation is (Rawls et al., 1983; Saghafian et al., 1995):

 H (η − θ0 ) 
f p, t = K s 1 + f



Ft



(2.1)

where fp, t (m/h) is potential infiltration rate at t, Ks (m/h) is saturated hydraulic conductivity, Hf (m) is
matric suction at the wetting front, η (-) is soil effective porosity, θ0 (-) is antecedent moisture content,
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Figure 2.2 Schematic of the physically-based high resolution model. The diagram shows processes at a
single grid cell.

Ft (m) is cumulative infiltration at t. The actual infiltration rate at t, fa,t (m/h), is determined as the
smaller value of the potential infiltration rate, fp,t, and the water that is available for infiltration over
the time step of interest. Under a condition without surface runoff, the amount of water available for
infiltration is the depth of water stored in the surface depression storage over the time step of interest.
Once surface runoff is generated, the amount of water available for infiltration is:

St = ( R net , t + Q on , t ) ⋅ ∆ t + Sss , t

(2.2)

where St (m) is the depth of surface water available in the cell at t, Qon,t (m/h) is the runon flux to the
cell at t, Sss,t (m) is the depth of water stored in the depression storage of the cell at t.
The depression storage is water that is temporally retained on the soil surface due to depressions
caused by micro relief. Following Onstad (1984) and Govers et al. (2000), the maximum depth of
water that can be stored in the depression storage is:
2

S ss, max = 0.112 RR + 0. 31RR − 0. 012 RR ⋅ s

(2.3)

where Sss, max (mm) is maximum depression storage, RR (mm) is random roughness (Allmaras et al.,
1966), s is slope gradient (%). The maximum depression storage is used to define a threshold of water
that can be stored in a grid cell. Depths of water below this threshold will not become surface runoff.
The depression storage receives water from net rain and runon from neighbouring upstream cells.
Surface runoff generally occurs in the form of concentrated flow due to the small differences in
topography. The Saint-Venant equations of continuity and momentum are used to route surface runoff
over the flow network. The kinematic wave theory is suitable to describe the mechanism of overland
flow because the slope gradient of units in our study is large. A balance between the friction and gravity
forces can be assumed, neglecting the local acceleration, convection acceleration and pressure term
in the momentum equation (Kazezyılmaz-Alhan and Medina, 2007; Meng et al., 2008). The twodimensional continuity kinematic wave equation is written as (Chow et al., 1988):
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(2.4)

∂A t
∂Q t
= Rnet , t − fa, t
+
∂t
∂x

where At (m2) is the wet cross sectional area of a pixel at t, Qt (m3/h) is runoff at t, x (m) is flow
distance. Combining the kinematic wave model with Manning’s equation, the relation between the wet
cross section of a grid cell and discharge can be expressed as:
β

At = αt Q t

(2.5)

where β is the channel parameter, equal to 0.6 (Chow et al., 1988); αt is:


αt = 




n
s0

Pt

2

3



β




(2.6)



where Pt (m) is wet perimeter at t, s0 (-) is slope gradient, n (h/m1/3) is Manning roughness coefficient.
Surface water is routed downstream over a local drainage direction network, which is computed using
the 8-point pour algorithm (Burrough and McDonnell, 2004) where each cell drains to its steepest
downstream neighbour. The kinematic wave is numerically solved for each flow segment on the local
drainage direction network by a four-point time-explicit finite-difference solution together with
Manning’s equation (Chow et al., 1988) for each simulation time step.
2.3.1.2 Scenarios to create the artificial data set
The hydrologic response of the REW is determined by precipitation and catchment physiographic
factors. Therefore, we define the model scenarios based on 1) event characteristics, 2) physical
properties of the REW, and 3) antecedent wetness condition.
For the event characteristics, a rainstorm is described by a constant rainfall intensity, R (m/h), over
the duration of a rain event, T (h). Interception of rain by vegetation is described by an exponential
function using the cumulative precipitation Rcum,t (m) (Merriam, 1960):



R
S I, t = vcov ⋅ SI, max ⋅ 1 − exp − k ⋅ cum, t


S I,max








(2.7).

Net rainfall Rnet, t (m/h), which is the temporally-variable amount of water reaching the soil surface
after abstraction by vegetation, is calculated as:

S I, t − S I ,t − ∆t 
,0 
R net, t = min R t −

∆t



(2.8)

where ‘min(x,y)’ assigns the minimum value of x and y, Rt (m/h) is rainfall intensity at t, SI, t (m) is
interception storage at t, vcov (-) is the fraction of a cell covered by vegetation, SI, max (m) is canopy
storage capacity, k (-) is the light extinction coefficient. We assume homogeneous vegetation parameters
over REWs, resulting in a spatially uniform interception capacity. Also, interception parameters are not
taken variable in creating the scenarios. This is done to limit the number of scenario runs. Note that
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Table 2.1 Values used to calculate the interception loss (Eq. 2.7)
Parameters

Description

Values

Remarks

SI, max

Canopy storage
capacity (m)

0.033

Representative for agricultural area, using the equation proposed by
von Hoyningen-Huene (1981)

k

Light extinction
coefficient (-)

0.23

Representative for agricultural area (Kuriakose et al., 2009)

vcov

Vegetation cover
fraction (-)

0.45

Assumed vegetation cover over almost half of the area of the units
(45%)

rainstorm characteristics used in creating the scenarios (i.e. rain intensity and event duration) already
provide a large range of different net rain characteristics. The parameter values used in Eq. 2.7 are given
in Table 2.1.
The properties of the REW include geometric and hydraulic properties. The geometric properties
describe the size and shape of REW as a hillslope section in the REW with the length L (m), a constant
slope gradient savg (m/m), and micro relief z (m). The elevation, H (m), of a cell is:
H = savg ⋅ Y + z

(2.9),

with, Y (m) the distance from the downstream border. The micro relief is small scale variation of
topography which is regarded as a realization of a random variable z, with zero mean and a spatial
pattern defined by a circular semivariogram model. Under the assumptions of intrinsic stationary
conditions (Bierkens et al., 2000), the spatial correlation of micro relief z is defined by:

 2h
γ ( h ) = c0 + c1 πω

= c0 + c1



2

h 
2
 h 
;0< h < ω
1−   +
arcsin
ω
π
ω
 

; h ≥ω



(2.10)

where γ(h) is semivariance as a function of separation distance h, c0 (m) is the nugget, c1 (m) is the sill
variance, and ω (m) is the correlation range of the semivariogram. The variable c1 is considered as an
independent variable to be used in creating the scenarios while c0 and ω are fixed. This is because the
variations of relief height have the largest effect in determining the height difference over the plane.
The values of c0 and ω are obtained from the field observations of micro relief. Field observations
were collected on an agricultural field in the study area, near the town of Aspermont (Fig. 1.1). The
micro relief was measured at a 0.1 m interval over measurement transects of 5 and 10 meters. For
each measurement transect, the semivarience was calculated and fitted by the pentaspherical variogram
model. The average values of c0 and ω of all measurement transects are used. Realizations of microscale relief are generated following Pebesma and Heuvelink (1999). The micro relief plays a role in
determining the flow pattern between the units. If the spatial variance of micro relief (c1) is small,
which means small elevation differences between cells, a parallel flow pattern is generated. If the micro
relief has large spatial variance, flow paths more often converge as shown in Fig. 2.3.
Note that variation in topography defined by Eq. 2.10 is only used for generating the flow pattern
but not for calculating the depression storage. The depression storage occurs within a cell, at a shorter
scale of variation in topography than the variation that generated the flow pattern.
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c1 = 10-5 m

c1 = 2·10-4 m

c1 = 4·10-3 m

c1 = 0.08 m

m
0

5

10

Figure 2.3 Examples of flow patterns, generated with different values of c1. Average slope gradient (savg) is
0.06. The lines represent flow directions of each cell with a general flow direction from top to bottom in
the figure; the black square dots identify cells draining across the boundary of the units. The figure shows
only a small part of REW.

The hydraulic properties of units govern the infiltration process. These properties are saturated
hydraulic conductivity (Ks) and matric suction at the wetting front (Hf ). The antecedent wetness
condition before a rainstorm is characterized by the soil moisture content (θ0) of the REW. To keep
our problem computationally tractable, we assume uniform soil hydraulic properties over REWs. This
is a limitation, but it has been shown by Karssenberg (2006) that the effects of spatially non-uniform
infiltration parameters on the runoff responses are only pronounced in the case of large variability.
Also, the runoff responses from purely-random fields of infiltration parameters may resemble those
obtained from the homogeneous case as found by Merz and Bárdossy (1998). Note that, although the
soil hydraulic properties are assumed uniform over REW, Hortonian runoff generation mechanism is
considered as a spatial process in the high-resolution model. During a storm period, infiltration flux
is spatially uniform and runoff is generated over an entire REW. However, after the storm period,
infiltration flux becomes spatially variable; and only parts of REW generate runoff. This is due to the
flow pattern and the effect of runon on the runoff generation mechanism.
The scenarios are defined as all possible combinations of a set of model inputs (i.e. event
characteristics, properties of REW and antecedent condition). Four values are chosen as a geometric
series for each model input resulting in 48 = 65,536 scenarios or model runs (Table 2.2).
A number of other model inputs is not varied between scenarios because these inputs are
considered to have a smaller effect in the hydrologic responses of the REW. Fixed values of these inputs
are given in Table 2.3.
The high resolution model is run on an event basis. For each scenario-run, the results of the high
resolution model (i.e. runoff and state variables) at selected simulation time steps (i.e. each minute) are
stored in a database. The discharge database will be used in the identification of closure relation.
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Table 2.2 Values of the inputs used to define the scenarios for the physically-based high-resolution
model.
Inputs

Description

R

Values
1

2

3

4

Rainfall intensity (m/h)

0.02

0.033

0.054

0.09

T

Duration of an event (h)

0.12

0.24

0.48

0.96

L

Slope length (m)

100.0

200.0

400.0

800.0

savg

Slope gradient (-)

0.02

0.06

0.18

0.54

0.005

0.013

0.035

0.2

0.4

-0.028

-0.066

0.004

0.08

-6

Ks

Saturated hydraulic conductivity (m/h)

10

θ0

Initial moisture content (-)

0.05

0.1

Hf

Matric suction the wetting front (m)

-0.005

-0.012

Sill of the semivariogram model (m)

-5

c1

10

-4

2 x 10

Table 2.3 Values of model inputs for all scenario runs in the high-resolution model.
Inputs

Description

Values
*

Remarks

RR

Random roughness (m) 0.004

Selected value for agricultural area with no tillage operation
(Steichen, 1984; Mwendera and Feyen, 1994)

η

Effective porosity (-)

0.42

Typical value for silty clay soil (Rawls et al., 1983)

n

Manning’s roughness
coefficient (h/m1/3)

0.13

Typical value for a natural range land (Chow et al., 1988)

c0

Nugget effect (m)

4.8 x 10-5

Field observations

ω

Range (m)

2.71

Field observations

* used for modelling depression storage by Eq. 2.3

2.3.2

Development of the closure relations for infiltration and concentrated overland flow

The closure relations for infiltration and concentrated overland flow are developed as a lumped
conceptual model. The closure relations were built iteratively by adjusting its structure until a
satisfactory correspondence of simulated hydrographs and hydrographs in the artificial data set was
found, while keeping the model structure as simple as possible. The simulation time step in the lumped
model can be different from that used in the high resolution model. The subscript t in the lumped
equations used in the closure relations represents time as an index (e.g. t = 1, 2, 3,…). Water stored in
the system at the time index t is calculated as the depth of the surface water layer:
S t = S t −1 + ( R net, t − Ia, t − qt )

(2.11)

where St-1 (m) is the depth of surface water at t-1, Rnet, t (m) is net rain at t, Ia, t (m) is the actual
infiltration depth between t-1 and t, qt (m) is the depth of discharge generated between t-1 and t, which
is calculated by the discharge generated at the time step of interest divided by the area of REW.
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The Green & Ampt model, Eq. 2.1, is used to describe the potential infiltration in the closure
relation. As the infiltration flux in the high-resolution model is not spatially uniform after the
rainstorm period due to the runon effects over the flow network, it is required to use a ponding fraction
ρt in the closure relation, which is the proportion of the surface area that is ponded and thus actively
infiltrating. The potential infiltration depth over the ponded area of the REW, Ipp, t (m), is defined as:
I pp, t = ρt ⋅ I p, t

(2.12)

where Ip, t (m) is the potential infiltration depth as calculated by the Green & Ampt model. The
ponding fraction ρt is conceptualized as:

ρ t = a ⋅ St − 1

(2.13),

with a (m-1), an empirical scaling parameter, called a ponding factor. This parameter is used to represent
the partial ponding areas within REWs after the rainstorm. During a rainstorm, the whole area of
the REW is ponded (i.e. ρt =1) due to the assumption of uniform infiltration parameters in the highresolution model. Therefore, Eq. 2.13 is only used for the period after the rainstorm ceases. The actual
infiltration depth Ia, t (m) between t-1 and t is determined as the lesser value of the potential infiltration
depth at t and the thickness of the water layer on the surface:
(2.14)

I a, t = min( I pp, t , S f, t )
where Sf, t (m) is the depth of water on the surface available for infiltration at t, computed as:
S f, t = Rnet, t + S t −1

(2.15).

Hortonian overland flow is modeled with a linear reservoir; i.e. discharge is a linear function of
the amount of water on the surface, St. As runoff has to travel downhill, the hydrological response
(i.e. discharge) of the REW is, however, not instantaneous. Therefore, the travel time of runoff to the
outlets is taken into account. This is done by using the past state of REW storage at a particular time
preceding the current time to predict the discharge Qt (m3/h) at the time of interest:
Q t = ( b ⋅ S t − c ) ⋅ A REW ; t > c
=0

;t ≤ c

(2.16)

where b (t -1) is a reservoir parameter, c is a lag time index, St-c (m) is the depth of water layer on the
surface at t-c, AREW (m2) is area of the REW. The lag time, c, represents the delay of the storage in
releasing the water (h). If t-c falls between two time steps, the value of St to be used is calculated by
linear interpolation in time between St at the time step preceding t-c and St at the succeeding t-c.
2.3.3

Calibration of the closure relation using the artificial data set

Step three in Fig. 2.1 is to calibrate the closure relation against the artificial data set produced by the
high resolution model. This is done for each scenario run of the high resolution model, resulting in
a set of scaling parameters for each scenario. The scaling parameters in the closure relation that are
subject to calibration are the ponding factor (a) in Eq. 2.13, reservoir parameter (b) and lag time (c) in
Eq. 2.16. Calibration of these parameters is done by minimizing the difference between the artificial
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data set and the results produced by the closure relation. The closure relation is calibrated using the
data in each time step of 1 minute.
Calibration of the ponding factor (a) is done by fitting a in Eq. 2.13 against average actual
infiltration flux over the REW in the artificial data set. We use a combination of a golden section search
and successive parabolic interpolation for a continuous function for the calibration (Brent, 1973). The
calibration of a is only necessary for the period after the rainfall events because, during the events, the
ponding factor is assumed constant (i.e. 1).
The calibration of parameter b and c is done with the shuffle complex evolution algorithm (SCEUA). The SCE-UA method is a global optimization strategy which combines the simplex procedure
with the concepts of controlled random search, competitive evolution and complex shuffling (Duan et
al., 1992). The reservoir parameter b and lag time c in Eq. 2.16 are fitted against the discharge in the
artificial data sets.
2.3.4

Deriving the lumped model parameters directly from unit properties and rainstorm
characteristics

Obviously, it is not practical to generate artificial data to parameterize the closure relation for all REW
units and rainstorms. Therefore, in the fourth step (Fig. 2.1), it is necessary to find a methodology
to directly estimate the scaling parameters from the rainstorm characteristics and observable unit
properties. As relations between physical properties of the REW and the scaling parameters in the
closure relation might theoretically exist (Kling and Gupta, 2009), a set of scaling parameters for a
given REW and rainstorm can be derived as a function of morphology and physical properties of REW.
We explore two approaches in estimation of scaling parameters in the closure relation; a global method
and local method (see Sect. 2.3.4.1 and Sect. 2.3.4.2 below).
To validate the scaling parameter estimation approaches, the closure relation is tested with a set of
256 scenarios which have not been used in the calibration of the closure relation (i.e. independent or
scenarios). The independent scenarios are created using all possible combinations of physically-based
high-resolution model inputs given in Table 2.4. Note that these values are different but within a range
of those used in the calibration (Table 2.2).
2.3.4.1 Global method
In the global method, the scaling parameters; a, b and c, obtained by calibration are regressed against
the REW and rainstorm characteristics used to create the scenarios in the high-resolution model (i.e.
Table 2.2). The best multiple regression model is selected based on Mallow’s Cp statistic (Draper and
Smith, 1998):
RSS p

(2.17)
2 +2 p + N
σˆ
where RSSp is error sum of squares for the regression model with p predictors, where p is the number
of predictors (i.e. model inputs), and N is sample size. The regression model with the smallest number
of predictions is selected from those regression models with a Cp value equal to or smaller than the
number of predictors in the regression model (Draper and Smith, 1998).
Cp =

2.3.4.2 Local method
The local method only uses the information (i.e. parameter values) at the nearest locations in the
parameter space to provide the predictions of parameters at the point of interest. We use the inverse
distance method of interpolation to calculate the parameters at the unknown locations (i.e. a set of
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Table 2.4 Values of response REW properties and rainfall characteristics used to define the scenarios for
testing the closure relation
Inputs

Description

Values

R

Rainfall intensity (m/h)

0.049

0.072

T

Duration of an event (h)

0.18

0.45

L

Slope length (m)

375.0

600.0

savg

Slope gradient (-)

0.04

0.2

Ks

Saturated hydraulic conductivity (m/h)

0.013

0.024

θ0

Initial moisture content (-)

0.075

0.188

Hf

Matric suction the wetting front (m)

-0.008

-0.028

c1

Sill of the semivariogram model (m)

1.05 x 10-4 0.021

test scenarios in Table 2.4). The parameters at the unknown locations are interpolated based on the
distance-weighted average of known data points in the neighbourhood extent. The interpolation
consists of 4 steps. First, the model inputs are standardized to equalize the range of model parameters
in the parameter space. The second step is to select a set of neighbours (i.e. calibrated parameter values
corresponding to the scenario runs in the high resolution model) for the given set of inputs from the
test scenarios. This is done by selecting the scenario runs from the high resolution model whose model
input values are at the adjacent upper or lower of the inputs values of the test scenarios. As the model
has 8 independent inputs (Table 2.4), this results in 28=256 neighbours to be used in the interpolation.
The third step is to calculate the weight for each neighbouring point, which is
−ς

wi = d ( x 0 , xi )

(2.18)

where wi is the weight assigned to a parameter value at the location xi in the parameter space, d(x0,xi) is
the Euclidean distance in parameter space between the prediction location x0 and the location xi, ς is
a parameter. In the final step, the parameters at the unknown points can be interpolated as a weighted
sum of the parameter values of N known points within the selected neighbourhood:
N

uˆ ( x 0) =

∑ w i ⋅ u ( xi )

i =1

N

(2.19)

∑wi

i =1

where û(x0) represents the vector of interpolated values of the scaling parameters in the closure
relation (i.e. a, b, c) at location x0 (i.e. prediction location), u(xi) is the vector of the calibrated scaling
parameters in the closure relation at the location xi, N is the number of neighbouring points. If the
interpolation points coincide with the data points, the parameters values at the data points are taken.
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2.3.5

Evaluation criteria

As our interest is mainly on the hydrograph prediction in the REWs, evaluation of the closure relation
is focused on the discharge (i.e. Hortonain runoff or concentrated overland flow). This also implies a
good prediction in the total infiltration. The performance of the closure relation is evaluated in terms of
the shape of the hydrograph, total discharge and peak discharge. For the shape of the hydrograph, the
efficiency criterion proposed by Nash and Sutcliffe (1970) is used:
Tend

∑ (Q t , CR − Q t , HR )2

(2.20)

E = 1 − t =1

Tend

2

∑ (Q t , HR − Q HR )
t =1

where E (-) is Nash-Sutcliffe efficiency index, t is a simulation time step, Tend is the end time of
simulation (i.e. 3 hours), Qt, CR (m3/h) is the volume of discharge over a time unit calculated from the
closure relation, Qt, HR (m3/h) is the volume of discharge over a time unit calculated from the high
resolution model, and QHR (m3/h) is the mean discharge over the simulation time calculated from the
high resolution model. The range of E values is between 1 and -∞. A Nash-Sutcliffe efficiency index
close to 1 indicates a good fit between the closure relation and the high resolution model. An efficiency
index below zero implies that the mean values of the output of the high resolution model would have
been a better predictor than the closure relation (Krause et al., 2005).
For the total discharge and peak discharge, the percentage of absolute prediction error between the
outputs of the high resolution model and the results of the closure relation is used:
eQcum =

eQmax =

Q cum, HR

− Q cum, CR

Q cum, HR
Q max,HR

− Q max,CR

Q max,HR

⋅ 100

(2.21)

⋅ 100

(2.22)

where eQcum and eQmax (%) is the percentage of absolute prediction error of total discharge and peak
discharge, respectively, Qcum, HR and Qcum, CR (m3) is the total discharge of the high resolution model and
closure relation, respectively, Qmax, HR and Qmax, CR (m3/h) is the peak discharge of the high resolution
model and closure relation, respectively.

2.4

Results

The results are presented for two groups of scenarios. The first group consists of the scenarios for
which the percentage of runoff generated is between 0.5-10% of the net rain, referred to as ‘low-runoff
scenarios’. The second group contains the scenarios for which runoff generated is more than 10% of
net rain: hereinafter ‘high-runoff scenarios’. We do not consider scenarios with a runoff below 0.5% of
net rain because our focus is on the events producing a significant amount of runoff.
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2.4.1

Direct calibration of the closure relation

For each scenario in the artificial data set, the outputs of the closure relation are compared with the
outputs of the high resolution model to assess the ability of the closure relation in reproducing the
high-resolution model outputs.
In the evaluation of closure relation performance, 31% out of total scenarios (i.e. 65,536 scenarios)
are disregarded because these scenarios produce a runoff less than 0.5% of net rain. As shown in Fig.
2.4, performance of the closure relation is satisfactory with regard to the shape of hydrograph, total
volume of discharge and peak discharge for both high-runoff and low-runoff scenarios. It is clear that
for the scenarios with a large amount of runoff, the closure relation performs better compared to the
scenarios that produce a small amount of runoff. For more than 80% of the scenario runs in the highrunoff group, the prediction errors are less than 20% for total volume of discharge and peak discharge,
and the Nash- Sutcliffe efficiency index falls between 0.7 and 1. The percentage of scenarios in the lowrunoff group with good predictions (i.e. E index between 0.7-1 and prediction errors less than 20%) is
smaller, particularly for the error in total discharge amount. The percentage of scenarios with less than
20% prediction error largely reduces from more than 90% for the high-runoff to 50% for the lowrunoff group.
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Figure 2.4 Evaluation criteria of the closure relation using the calibrated scaling parameters. Top: highrunoff scenarios. Bottom: low-runoff scenarios. The length of the bars represents the percentage of
scenarios that fall into the intervals of evaluation criteria, represented by individual bars. E, Nash-Sutcliffe
index; eQcum and eQmax, percentage of error in prediction of total discharge volume and peak discharge,
respectively.
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Figure 2.5 Examples of hydrographs (y axis: Q, m /h; x axis: time, minute) from the high resolution model
(bold line) compared to hydrographs from the closure relation (dashed line) for the same set of model
scenarios. The performance of the closure relation is evaluated by the Nash-Sutcliffe efficiency index, E.

To illustrate the results, eight representative examples of hydrographs produced by the high
resolution model compared to those simulated by the closure relation are shown in Fig. 2.5, including
the details of scenario runs of each comparison plot and the evaluation assessment of closure relation
performance (Table 2.5). In general, the closure relation is capable of reproducing the hydrographs in
the artificial data set. A preliminary conclusion can be drawn. The performance of the closure relation
increases with 1) an increase in the amount of runoff produced and 2) a decrease in variance of the
hydrologic responses (i.e. degree of instantaneousness of response).
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Table 2.5 Details of scenario runs and evaluation assessment of the performance of the closure relation for
the plots in Fig. 2.5.

Plots
R
A
B
C

Evaluation assessment
of the closure relation
performance**

Model inputs*

0.033
0.09
0.054

T
0.12
0.96
0.24

L
800
100
400

savg
0.02
0.54
0.18

Ks
10

-6

10

-6

0.013

Hf

θ0

-0.005

0.05 0.08

-0.028
-0.012

c1

0.05 10

E

-5

0.1

2 x 10
-5

D

0.033

0.48

400

0.02

0.013

-0.012

0.2

10

E

0.054

0.24

800

0.02

0.013

-0.012

0.2

0.004

0.2

-5

F
G
H

0.054
0.09
0.054

0.24
0.96
0.48

100
400
400

0.54
0.18
0.18

0.013
0.035
0.035

-0.012
-0.028
-0.028

0.2
0.2

10

-4

eQcum

eQmax

-0.56 8.93

9.49

0.996 2.15

0.03

0.93

27.73 14.19

0.77

69.38 1.11

-0.93 21.24 60.1
0.96

0.34

16.14

2 x 10

-4

0.96

4.88

5.8

2 x 10

-4

0.88

8.72

16.02

*

For explanations of the symbols, see Table 2.2.
E (-) is the Nash- Sutcliffe efficiency index. eQcum (%) and eQmax (%) is the percentage of absolute prediction
error of total discharge and peak discharge, respectively.
**

Regarding the amount of runoff generated, the events with a high amount of discharge generated
(e.g. Fig. 2.5B, F and G) have an efficiency index E close to 1. This indicates an almost perfect fit
between the closure relation and the high resolution model. The closure relation performance tends to
decrease when generated runoff is small (e.g. Fig. 2.5A and E). Fig. 2.5C and D exemplify the effect of
increasing the timing of hydrologic responses on increasing in the closure relation performance. The
hydrograph is better predicted for the case of fast discharge responses (Fig. 2.5C) compared to the
case of slow discharge responses (Fig. 2.5D). For the geometry of REW, with similar rainstorm and
infiltration characteristics, discharge is better simulated for a unit with a geometry resulting in more
instantaneous response (Fig. 2.5F), compared to a unit whose geometry decelerates the runoff response
(Fig. 2.5E). For the rainstorm characteristics, the closure relation gives better results for a larger event
(Fig. 2.5G) compared to a smaller event (Fig. 2.5H), regardless of the unit geometries and infiltration
properties of REW. This is because increasing the amount of rainfall leads to an increase of runoff
generated as well as flow velocity of runoff; and consequently, fast timing of responses. The joint effects
of rainstorm characteristics and unit geometry to the closure relation performance result in either
maximizing (Fig. 2.5B) or minimizing (Fig. 2.5A) the closure relation performance.
To gain more insight into the nature of closure relation performance, mean values of E, eQcum and
eQmax are calculated for each value of the independent model variables (i.e. the inputs of high-resolution
model). Because the results are similar for all evaluation criteria, Fig. 2.6 shows E values only. The
performance of the closure relation increases with increasing rainfall intensity, event duration, slope
gradient; and decreasing slope length and variation of micro relief; that is, units with an almost parallel
flow pattern (Fig. 2.3, left). From this analysis, it can be concluded that the performance of the closure
relation is mainly determined by the fastness of hydrologic response and yields best prediction results
when hydrological responses are almost instantaneous (e.g. Fig. 2.5B, F and H). Although not shown,
we can also conclude that the prediction error of peak discharge is, in general, slightly larger than the
prediction error of the total amount of discharge.
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Figure 2.6 Comparison of mean of Nash-Sutcliffe index (E) according to each value of inputs used to
define the scenario runs. The numbers 1, 2, 3, 4 are the ordinal representation of the values in the series
of each input, corresponding to the values in Table 2.2 (e.g. for R, ‘1’= 0.02 m/h, ‘2’ = 0.033 m/h, ‘3’ =
0.054 m/h, and ‘4’ = 0.09 m/h and so on).
2.4.2

Arbitrarily-defined REW and rainstorms: using the estimated scaling parameters

Here, the closure relation performance is evaluated for the set of arbitrarily-defined REW or
independent runs where scaling parameters in closure relation have been estimated from observable
REW properties and rainstorm characteristics (Table 2.4). 28% of the total test scenarios are excluded
from the analysis due to the insignificant amount of runoff produced (i.e. runoff less than 0.5% of net
rain). As before, the closure relation is evaluated by comparing its outputs against the results from the
high resolution model.
2.4.2.1 Testing the approaches for estimations of scaling parameters
Global method
The descriptive statistics of scaling parameters from calibrating the closure relation to output of the
high-resolution model (i.e. exclusive the scenarios with a runoff less than 0.5% of net rain to avoid
the effects of outliers and extremely high parameter values in the regression models) (Table 2.6) depict
a relatively large range of parameter values. The distributions of all scaling parameters in the closure
relation are positively skewed. The chi-square test rejects the null hypothesis of a normal distribution
at a 95% confidential level for all scaling parameters. Hence, the values of scaling parameters must be
transformed (i.e. logarithmically or algebraically) such that the parameters are approximately normally
distributed. The values of independent variables (i.e. model inputs) are subject to the transformation as
well because the distribution of original values of independent variables can be highly skewed for two
reasons. First, the model inputs are defined as geometric series. Second, the exclusion of parameters of
no-runoff scenarios has an effect on the distribution of model inputs. The regression models for each
scaling parameter including the r2 values are shown in Table 2.7. Model inputs are all log-transformed
while transformation of dependent variables (i.e. scaling parameters in the closure relation) is chosen
based on trial and error such that a normal distribution is obtained.
According to the Mallow’s Cp statistics all independent variables (i.e. model inputs used to create
scenario runs in the high resolution model) should be used as predictors in the regression models.
The adjusted r-square values shows that the variances explained by the regression models are larger for
transformed ponding factor a and reservoir parameters b compared to the transformed values of lag
time c.
For ponding factor (a), it is difficult to explain the direction of the relation between the
independent variables and the ponding factor a (i.e. negative or positive, Table 2.6) through the
regression coefficients. The ponding factor is defined as a product of ponding factor and surface water
(Eq. 2.13), so a determines the slope of the ponding fraction curve. The value of a increases with the
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Table 2.6 Descriptive statistics of the scaling parameters in the closure relation.
Parameters Definition

Min

a

2.86

b
c

Ponding factor

Reservoir parameter 3.9 x 10
Lag time

1.9x 10

-4

-7

Mean

Max

Median σ *

C.V.**

Skewness

194.5

4980

132.6

209.2

1.08

4.1

0.05

0.3

0.03

0.05

0.94

1.6

0.11

0.65

0.07

0.12

1.08

2.2

*σ is standard deviation
**C.V. is coefficient of variation.

Table 2.7 Regression coefficients and predictors* in the regression models for estimation of the scaling
parameters.

Predictors

log(a)

log((b/0.5)+0.05) log(c+0.005)
Coefficient

Intercept

4.04

3.68

-6.14

log(R)

-0.99

0.65

-0.3

log(T)

-0.56

0.47

0.01

log(L)

-0.4

-0.65

0.39

log(savg)

0.25

0.43

-0.35

log(Ks)

0.03

-0.06

-0.03

log(abs(Hf ))

0.04

-0.04

-0.01

log(θ0)

-0.05

0.05

0.01

log(c1)

-0.06

-0.02

0.07

0.72

0.76

0.58

r

2**

*

For explanations of the symbols, see Table 2.2. log() is the logarithmic
transformation with natural base, abs() is absolute value.
**
adjusted r-squared values with a number of predictors in the models.

degree of change in ponding fraction or, say, the discharge generation rate. Discharge response is more
spontaneous when the units have parallel flow pattern, associated with a steep slope gradient and small
variation of micro relief. Therefore, a has a positive relation with slope gradient and negative relation
with variation in micro relief.
The reservoir parameter (b) is large when a large amount of runoff is generated. Therefore, the
reservoir parameter has a positive relation with rainfall intensity, event duration, slope gradient, and
antecedent moisture content. A negative relation is found with slope length, saturated hydraulic
conductivity, positive values of matric suction at the wetting front and variation in micro relief.
For the lag time (c), the regression coefficient is expected to be negative for the event duration and
antecedent moisture content; while positive for saturated hydraulic conductivity and matric suction
at the wetting front. The hydrologic responses are more instantaneous (i.e. lag time is small) when
event duration is long (i.e. more water to the system) and infiltration capacity is small (i.e. decrease
in saturated hydraulic conductivity, decrease in matric suction at the wetting front and increase in
antecedent moisture content).
39

500

0.10

1500

0.20

2500

c

0

500

1500

r2=0.68

0.00

0

r2=0.52
2500

0.00

0.10

0.20

0.0 0.1 0.2 0.3 0.4 0.5 0.6

b

0.30

a

0.30

r2=0.54
0.0 0.1 0.2 0.3 0.4 0.5 0.6

Figure 2.7 1:1 plots of closure relation scaling parameters (i.e. a, b, c) obtained by regression models (y
axis) versus those obtained by calibration (x axis), including r2 values. The red lines are 1:1 lines.

The parameter values obtained from the regression models are back transformed and plotted against
the corresponding calibrated values (Fig. 2.7). With the non-transformed parameters, the plots show a
slight decrease in the agreement between the calibrated parameter values and the values predicted by
the regression models. Only 50% of variance is explained by the regression models for a and c; while
68.3% of variance of b is explained.
Local method
The inverse weighted distance method was tested with different power ς values (Eq. 2.18), and we
found that the best results were obtained with ς equal to 3. It should be noted that there are abrupt
changes of parameter values at the locations close to the edges (i.e. either left or right) of the parameter
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Figure 2.9 Evaluation criteria of the closure relation using the scaling parameters derived from the
regression method (plots in row 1 and 3: A-C and G-I) and from the inverse weighted distance
interpolation method (IDW; plots in row 2 and 4: D-F and J-L). The length of the bars represents the
percentage of scenarios that fall into the intervals of evaluation criteria, represented by individual bars. E,
Nash-Sutcliffe index; eQcum and eQmax, percentage of error in prediction of total discharge volume and peak
discharge, respectively.

space. These parameter values are considered as outliers because they belong to the scenarios with
insignificant amount of runoff generated (i.e. runoff less than 0.5% of net rain). It turned out to be
necessary to remove these parameter values to avoid the influences of these extreme parameter values
in the interpolation if the point of interpolation is close to the edges of the parameter space. Therefore,
most of the test scenarios (i.e. Table 2.4), have relatively small neighbourhood size, ranging from
21-232 points.
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Figure 2.10 Total discharge volume (Qcum, left) and peak discharge (Qmax, right) obtained by closure
relation with parameters estimated by the multiple regression (y axis, top) and by inverse weighted
distance interpolation (y axis, bottom) versus the results of the high-resolution model (x axis).

2.4.2.2 Estimation of the lumped model parameters
Fig. 2.8 shows that, compared to the multiple regression method, the inverse distance interpolation
method gives better results in estimating lumped scaling parameters of the test scenarios data set. For
parameter a, both approaches give equally good predictions. However, the inverse weight distance
interpolation method largely improves the predictions of parameter b and c. For the low-runoff
scenarios group, a is underestimated while b and c are overestimated. The parameter predictions for
the high-runoff scenarios group show the opposite results. Predictions of c is underestimated while a is
overestimated only using the inverse weighted distance interpolation method.
2.4.2.3 Hydrograph prediction
When considering reproduction of hydrographs, as expected, the closure relation using the estimated
scaling parameters shows a lower performance than the closure relation with the calibrated scaling
parameters, as manifested by the decrease in the percentage of scenarios with a good fit between
the closure relation and high resolution model (Fig. 2.4 and 2.9). In general, the closure relation
performance using the estimated scaling parameters is larger for the high-runoff group than for the lowrunoff group, regardless of the methods of parameter estimation. This finding is similar to the closure
relation using the calibrated scaling parameters (i.e. Sect. 2.4.1). Fig. 2.9 also shows that the closure
relation with parameters estimated by inverse weighted distance interpolation has superior performance
to the closure relation that uses the regression models to estimate its parameters. For both low-runoff
and high-runoff scenarios groups, the percentages of scenarios that fall into a class of ‘small’ prediction
errors (i.e. eQcum and eQmax below 20% and E index above 0.7) are lower for the case of the closure
relation that uses parameters based on regression. However, errors in the peak discharge prediction in
the low-runoff scenarios group are exceptions (Fig. 2.9H and 2.10K).
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The comparison between the total discharge volume as well as the peak discharge calculated by the
closure relation and those produced by the high-resolution model (Fig. 2.10) supports the findings that
the closure relation performs better when its parameters have been obtained by the inverse weighted
distance interpolation. As with the results of the closure relation with calibrated scaling parameters, the
prediction of total discharge volume is more accurate than the peak discharge.

2.5

Discussion and conclusion

In this chapter, we propose and evaluate a closure relation for infiltration-excess overland flow (i.e.
infiltration and Hortonian runoff flux) that can be applied in both REW and HRU modelling
framework. The closure relation is developed as a lumped conceptual model that calculates the crossboundary flux as a function of input flux, a current and past state of storage in the REW, pointscale measurable physical properties, and a set of scaling parameters describing the effects of scale
transfer (i.e. REW geometry and sub-REW scale heterogeneity in processes and measurable physical
properties). These scaling parameters can be derived from observable REW physical characteristics,
geometry, state variables as well as the boundary conditions. The past trajectory of the input flux is
neglected in the derivation of the scaling parameters in this study.
The closure relation for infiltration and Hortonian runoff is derived following the numerical
simulation approach. In doing so, an extensive set of cross-boundary flux (i.e. rainfall, infiltration,
overland flow) and internal states for a large range of hypothetic REWs and rainstorms was generated
by a high-resolution physically-based model. This synthetic data set provides complete knowledge of all
states and fluxes for a wide range of catchment and rainstorm characteristics that could not be obtained
from measurements. Furthermore, with the use of a high-resolution model, point-scale measurable
values can be used throughout the procedure. The closure relations consist of the standard form of the
Green & Ampt equation and a linear reservoir describing the infiltration and Hortonian runoff flux
respectively. The closure relation uses three scaling parameters; a ponding factor, a reservoir parameter,
and a lag time.
The results show that the closure relation C for infiltration and Hortonian runoff can be identified
and parameterized using the synthetic data set. The closure relation is capable of reproducing the
Hortonian runoff for an extensive range of scenarios of REWs and individual storms when calibrated
for each scenario. More than 80% of the ‘high-runoff’ scenarios and about 75% of the ‘low-runoff’
scenarios have a Nash-Sutcliffe efficiency index between 0.7 and 1.0 (Fig. 2.4). The performance of the
closure relation reduces when a small amount of runoff is generated and when the hydrologic response
is not instantaneous. This situation occurs with a small rainstorm, high infiltration capacity, and REWs
with a geometry decelerating runoff responses (i.e. large slope length, high slope gradient, and a large
variation in micro relief resulting in a random flow pattern). Under these conditions, spatial processes
in runoff generation (i.e. interaction between infiltration, runon and runoff) become important. The
closure relation does not explicitly consider such spatial interactions as it is fundamentally a lumped
conceptual model, resulting in a lower performance for the group of ‘low-runoff’ scenarios.
Regarding the estimation of the scaling parameters from the observable REW properties and
rainstorm characteristics, a local approach (see Fig. 2.8), using inverse distance weighted interpolation
in the parameter space, outperforms the regression method. The local method gives better estimates
of all scaling parameters in the closure relation, except for the ponding factor a, resulting in a better
discharge prediction compared to the regression method. In the independent runs, 65% of the events
in the ‘high-runoff’ scenario has a Nash- Sutcliffe efficiency index between 0.7 and 1.0, with the scaling
parameters estimated by the local method. This percentage decreases to 50% when the global method
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Figure 2.11 Schematic figure of the development of closure relations for Hortonian runoff in the context
of the disaggregation-aggregation framework proposed by Viney and Sivapalan (2004). The uppercase
symbols denote the variables or function at the REW scale while the lowercase symbols are for the
local (point) scale. It , it are the input; St , st are state variables; P, p are parameters. c and C are process
conceptualizations (i.e. physically-based high resolution model and closure relations, respectively). u is a
set of scaling parameters.

is used to estimate the scaling parameters. These findings indicate a considerable degree of nonlinearity in the parameter space; the multiple linear regression technique is apparently not sufficient
to describe the relations, especially at the edges of the parameter space where the scaling parameters
for the ‘low-runoff’ scenarios are located. This non-linearity may be due to the spatial heterogeneity in
the infiltration process in the Hortonain runoff generation mechanism that becomes more important
in the ‘low-runoff’ scenarios and, hence, complicates the tasks of scaling parameter estimation by the
regression method (Kling and Gupta, 2009). Here, we conclude that the relation between the scaling
parameters and observational parameters is non-linear and can be best described using the local
information in the parameter space.
It is expected that the discharge predictions would be more accurate if estimation errors of scaling
parameters in the closure relation are further reduced. To reduce the errors, it is recommended to use
more points in the parameter space, which means that a larger artificial data set is required. Focus
should be more on scenarios producing a small amount of runoff because these scenarios are located
near the edge of the parameter space, where the parameter values may exhibit a strong non-linear
change over the parameter space. Another option would be to employ other data transformation
techniques and use other parameter estimation methods.
The development of closure relations in this study partly follows the disaggregation-aggregation
approach originally proposed by Robinson and Sivapalan (1995) and later schematically presented
in Viney and Sivapalan (2004). Robinson and Sivapalan (1995) proposed to estimate the REW scale
closure relation from REW scale values. Here, we propose a different approach where REW-scale
closure relations are derived from local-scale measureable values. As we assume uniform meteorological
forcing and unit properties, the disaggregation of REW-scale variables It, St, P to local-scale values it,
st, p is neglected in our study. Using local-scale values, we use a physically-based high-resolution model
to represent the processes c at the local scale. For the process conceptualization at the REW scale (i.e.
closure relations C), we use for infiltration the same form of process conceptualization as used at the
local scale, and for runoff we identify a new form of process conceptualization (i.e. a linear reservoir
with lag time). This requires an additional set of parameters to compensate the scale transfer effects,
called scaling parameters u. Aggregation of the local-scale processes to REW scale processes is done by
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generating an extensive data set of hydrologic responses with the high-resolution model. The scaling
parameters u in the closure relations C are found by calibration against this synthetic data set. Finally,
a multiple regression and a local interpolation method are proposed that allow direct estimation of
the REW-scale scaling parameters from local-scale values (diagonal line in Fig. 2.11). Note that this
is different from the approach described by Viney and Sivapalan (2004), as their approach proposes
to estimate the scaling parameters of the closure relation from REW-scale values. Thus, our approach
is feasible mainly when local scale values have been observed, or when appropriate disaggregation
methods to downscale REW-scale values to local-scale values are available. The development of
closure relations following our approach can also be considered as identifying a dynamic emulation
model in the context of database mechanistic and top-down modelling (Young and Ratto 2008). In
this approach, a reduced order emulation (i.e. closure relations) is developed based on the analysis of
data obtained from planned experiments using the higher order simulation model (i.e. high-resolution
model).
The limitation of this study is mainly the limited physics used in the high-resolution model.
Due to the limited computational resources, it was not possible to represent the processes at the
local scale using fully physically-based process descriptions (e.g. Darcy-Richard equations or multilayer infiltration model), as this would considerably increase model run time. Also, spatial variability
of parameters within the REW was partly neglected, although runoff was considered spatially
variable. Incorporating spatial variation in parameters of the high-resolution model would require
introduction of additional parameters describing the higher order statistics of the parameters. This
would significantly increase the number of runs required with the high-resolution model, as a much
larger parameter space would need to be filled. Moreover, spatial variability in surface characteristics
(i.e. micro-topography, vegetation, infiltration parameters) insignificantly explains the scale effects in
runoff generation compared to the temporal dynamics of the boundary conditions (van de Giesen et
al., 2011). With these reasons, spatial variability of REW parameters was not included in the database.
However, both using more physics and incorporating spatial variation is possible within our proposed
framework. The only requirement would be large computational resources (cluster computations).
It might be needed to incorporate more key processes related to Hortonian runoff generation
mechanism in the closure relation. For example, several studies have shown that the surface storage
may influence the Hortonian runoff generation in agricultural areas (e.g. Govers et al., 2000). Thus,
parameters related to surface roughness such as Manning’s roughness coefficient, soil porosity and
surface roughness index should be considered in creating the artificial data set in the high-resolution
model. Surface storage processes should, hence, be explicitly considered in the closure relation as well
as in the estimation of scaling parameters. Furthermore, this study does not consider other discharge
generation processes, such as the saturated overland flow and subsurface flow, which play an important
role in the runoff generation in the low-lying slopes and humid catchments.
Finally, it is important to assess the value and applicability of the closure relations in real-world
cases. This involves testing the closure relations against the field data (i.e. discharge). Inputs and
boundary conditions required in the closure relations can be obtained from field observations (i.e.
rainfall, REW properties) or estimated using a simple evapotranspiration model (i.e. initial soil
moisture content). The application and evaluation of our approach for real world data were done in the
context of hydrologic response unit modelling and presented in Chapter 3.
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3

Hortonian runoff closure relations for
hydrologic response units: evaluation against
field data

This chapter is based on:
Vannametee, E., Karssenberg, D., Hendriks, M.R., and Bierkens, M.F.P., 2013. Hortonian runoff
closure relations for geomorphologic response units: evaluation against field data. Hydrological and
Earth System Sciences, 17(7), 2981 – 3004.

Abstract
This chapter presents an evaluation of the closure relation for Hortonian runoff, proposed in Chapter
2, that incorporates a scaling component to explicitly account for the process heterogeneity and scale
effects in runoff generation for the real-world case studies. We applied the closure relation, which
was embedded in an event-based lumped rainfall-runoff model, to a 15 km2 catchment in the French
Alps. The catchment was disaggregated into a number of hydrologic response units (HRUs) based on
landform types, to each of which the closure relation was applied. The scaling component in the closure
relation was identified using the empirical relations between rainstorm characteristics, geometry, and
local-scale measurable properties of the HRUs. Evaluation of the closure relation performance against
the observed discharge shows that the hydrograph and discharge volume were quite satisfactorily
simulated even without calibration. Performance of the closure relation can be mainly attributed to
the use of scaling component, as it is shown that our closure relation outperforms a benchmark closure
relation that lacks this scaling component. The discharge prediction is significantly improved when the
closure relation is calibrated against the observed discharge, resulting in local-scale HRU-properties
optimal for the predictions. Calibration was done by changing one local-scale observable, i.e. hydraulic
conductivity (Ks), using a single pre-factor for the entire catchment. It is shown that the calibrated Ks
values are somewhat comparable to the observed Ks values at a local scale in the study catchment. These
results suggest that, in the absence of discharge observations, reasonable estimates of catchment-scale
runoff responses can possibly be achieved with the observations at the sub-HRU (i.e. plot) scale. Our
study provides a platform for the future development of low-dimensional, semi-distributed, physicallybased discharge models in ungauged catchments.

3.1

Introduction

Lumped precipitation-runoff models represent a region, mostly a catchment, as a single unit. Larger
watersheds are often disaggregated into a number of regions (e.g. sub-catchments, hillslopes, functional
units, and so on), to which a series of such lumped models representing processes for particular
hydrological compartments, such as the unsaturated zone, the groundwater zone, or the surface water
zone, that are specifically defined for these regions are applied (i.e. a semi-distributed model). At the
core of a lumped modelling approach lie the closure relations, which quantify the mass exchange fluxes
between the hydrological compartments in the regions (Beven, 2006). A wide range of approaches exist
for lumped modelling, including conceptual modelling approaches, mostly referred to as Hydrological
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Response Unit models (HRUs) (Flügel, 1995), and physically-based approaches of which the most
widely known is the Representative Elementary Watershed framework (Reggiani et al., 1998; 1999).
As with any hydrological modelling, the key challenge in lumped precipitation-runoff modelling is
the identification of appropriate closure relations and estimation of parameter values used in the closure
relations. A number of studies are dedicated to developing the closure relations for specific hydrological
compartments that partly resolve the problems related to scale-dependent effects, process non-linearity,
sub-unit heterogeneity, and hysteresis (Troch et al., 2003; Lee et al., 2007; Reggiani and Rientjes,
2010). The existing closure schemes require parameter values that are representative for the region that
is lumped by the model, which typically has a size above 105 m2 (e.g. Fenicia et al., 2005; Varado et al.,
2006). Direct measurement of lumped parameter values representative to this scale is notably difficult
or even almost not possible (Molnar and Julien, 2000; Mileham et al., 2008; van Schaik et al., 2010),
although remote sensing techniques might provide this possibility in the near future (Vereecken et al.,
2008; Lakshmi, 2013). The alternative is to upscale the measured parameter values at local (point) scale
to the values representative at the scale of the region modelled by the closure relations. This comes,
however, with massive challenges and difficulties (Bierkens et al., 2000; Zehe et al., 2006; Jana and
Mohanty, 2012; McIntyre et al., 2012). For instance, in Hortonian runoff modelling, which is the
focus of this chapter, derivation of the scale-transfer functions for saturated hydraulic conductivity was
shown to be relatively difficult as the infiltration and runoff flux are strongly dependent on both the
size of the region and the spatial variation over the region (Karssenberg, 2006). Due to these problems,
parameter values in lumped catchment models are often derived by ad-hoc calibration, mostly against
catchment discharge (e.g. Lazzarotto et al., 2006; Setegn et al., 2009; Betrie et al., 2011; Mango et
al., 2011). This has the major disadvantage, however, that derived parameter values cannot easily be
transferred to other catchments because representative parameter values will change with unit geometry,
spatial heterogeneity and boundary conditions (Blöschl and Sivapalan, 1995; Beven, 2006).
Chapter 2 addresses the issues discussed above by defining a rigorous approach for identification of
the closure relations in lumped precipitation-runoff models, focussing on the closure relations related
to Hortonian runoff, in particular the infiltration flux to the unsaturated zone, and the runoff flux.
The closure relations use local-scale parameter values as inputs to derive the runoff flux generated at
the scale of the model units. To account for scale transfer, the closure relation explicitly includes scaling
parameters that are used to characterize the effects of geometry and process variability in the model
units for Hortonian runoff generation. To avoid ad-hoc estimation of these scaling parameters, we also
developed a parameter estimation scheme, which is based on empirical relations between the geometry,
and locally-observable properties of the model units, including boundary conditions and past trajectory
of surface water storage. These relations were identified from an extensive set of precipitation – runoff
responses generated by a distributed, physically-based, high-resolution model. It was shown that
the closure relation could potentially lead to the modelling of Hortonian runoff by using a lumped
model with input parameters representative at a local scale. The methodology proposed in Chapter 2
is somewhat similar to the works by Massuel et al. (2011), in which they scaled up the surface runoff
processes, using the detailed fine-scale physically-based model to derive the runoff coefficient as a basis
to estimate the groundwater recharge over a large region.
In Chapter 2, the closure relation was only tested for hypothetic watersheds using a synthetic data
set of rainfall-runoff responses from the virtual experiments; thus questions regarding the transferability
and applicability of closure relations in real-world situations remain to be investigated. Here, as the
next logical step, performance of the closure relation developed in Chapter 2 is evaluated, using
a new discharge data set observed in a real catchment. Also, we investigate the improvement of the
model’s predictive capability as a result of the use of scaling parameters by a comparison of the model
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results with a closure relation that does not incorporate scaling parameters (i.e. as a benchmark). This
chapter specifically addresses the following research questions: 1) How suitable are the closure relations
proposed in Chapter 2 for simulating observed catchment-scale hydrologic responses (i.e. hydrograph
and total discharge volume)? 2) What are the advantages of using closure relations to represent
processes within the model units over using a simple lumped rainfall-runoff model that neglects these
processes?
The closure relations were applied to a small test catchment in the French Alps. Model units
are HRU derived from a geomorphological classification of the terrain into landform units. HRUs
represent areas that are internally relatively homogenous, thus allowing us to use a set of uniform (i.e.
lumped) parameters to describe the averaged unit characteristics. The catchment was disaggregated
into a number of HRUs. The closure relations, including the scaling parameters, were parameterized
for individual HRUs using properties (e.g. geometry, local-scale saturated hydraulic conductivity)
and rainstorm characteristics observed in the field. Discharge was simulated for individual HRUs and
subsequently routed over the drainage network. Performance of the closure relation was evaluated
for two situations; in an ungauged and gauged basin. In the first situation, discharge was simulated
using closure relations that were not calibrated and by using locally-observed HRU properties or values
reported in literature. For the gauged situation, on the other hand, closure relations were calibrated
against the observed discharge to derive a local-scale input optimal for discharge simulation, as this
local-scale parameter is often obtained with a large degree of uncertainty. It is important to note here
that we did not calibrate the scaling parameters or modify the relations used to determine the scaling
parameters, that were established in Chapter 2, as this is considered to be part of the closure relation
itself that also needs to be evaluated.
The chapter is organized in three parts. The first part describes the methodology and the application
of closure relations in the test catchment. In the second part we present the evaluation results and
performance for both types of closure relations (i.e. with and without scaling parameters). In the last
section, we analysed and discussed the predictive performance, and assessed the improvements gained
from using the closure relations with scaling parameters.

3.2

Methodology

3.2.1

Catchment-scale rainfall-runoff modelling framework

The modelling framework has four model components, which can be combined into two main
modules – the module for calculating boundary conditions (i.e. net rainfall) and the module for runoff
modelling. The runoff module consists of the closure relations simulating the Hortonian runoff flux
generated from HRUs and a routing component to obtain the runoff response at the catchment outlet
(Fig. 3.1). At the HRU scale, runoff generation is simulated using two approaches. One approach
uses the closure relation proposed in Chapter 2. As a benchmark, we use another closure relation
that does not include scaling parameters. The simulation is done over time t, using a time step (∆t)
of 5 minutes for all components. Below, the symbols used in the equations represent properties at an
individual HRU, except if indicated otherwise. If properties of multiple HRUs are presented in the
same equation, the subscript i is used to indicate properties of each individual HRUi.
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Figure 3.1 Schematic representation of the modelling framework used in the study. The Hortonian runoff
generating processes for individual HRUs defined in the closure relation are shown in concept in the box.
The plus and minus signs indicate incoming and outgoing fluxes of the HRUs, respectively.

3.2.1.1 Mass-balance closure relations for a Hydrologic Response Unit
Closure relations using the scaling parameters
A brief summary of the closure relation using the scaling parameters developed in Chapter 2, denoted
as C, is revisited here. For each HRU, the change in the surface water storage St (m) of the Hortonian
runoff zone (Lee et al., 2007) is modelled as:
dSt
= ectop, t − ecu, t − e co, cr, t
dt

(3.1).

In Eq. 3.1, t is time (h); ectop, t (m/h) is the net rain flux at t; ecu, t (m/h) is the infiltration flux to the
unsaturated zone at t; and eco, cr, t (m/h) is the outgoing runoff flux of the domain to the saturated
overland flow and channel zones.
The proportion of the HRU where Hortonian runoff occurs changes over time. The HRUscale infiltration flux is determined as a function of both water availability at the soil surface and the
maximum infiltration capacity (i.e. potential infiltration rate), taking account of the runon-runoff
process within the HRUs during a rain event. Using the Green & Ampt infiltration equation (Kale and
Sahoo, 2011), the closure relation for the HRU-scale infiltration flux is defined as:

 H (η − θ 0 )
e cu, t = − min ( e ctop, t ⋅∆ t ) +St , ρ t ⋅K s 1 + f


Ft





 ⋅ ∆t  ∆t





(3.2).

In Eq. 3.2, ‘min(x, y)’ selects the lesser value of x (i.e. the depth of water available for infiltration) and
y (i.e. potential infiltration depth at t over the Hortonian runoff zone); ρt (-) is the ponding fraction
at t, representing the proportion of the HRU with Hortonian runoff and infiltration; Ks (m/h) is the
saturated hydraulic conductivity; Hf (m) is the matric suction at the wetting front; η (-) is the soil
effective porosity; θ0 (-) is the antecedent moisture content; and Ft (m) is the cumulative infiltration at
t. During the rainstorm, infiltrating water is supplied by rainwater and the infiltration flux is spatially
uniform over the HRUs; the ponding fraction is assumed to be one. After the storm period, the
infiltration flux becomes spatially variable and the extent of the Hortonian runoff zone (i.e. ponded
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area) decreases over time. This is related to the flow pattern that determines the spatial pattern of runoff
in the HRUs (see Chapter 2). The ponding fraction is modelled as:
ρt = a ⋅ St − ∆ t ; t ∈ T

;t ∉ T

=1

(3.3),

with, a (m-1), the ponding factor, a scaling parameter related to the spatial variation in runoff and
infiltration; T, a set of the time domain during which the HRUs receives rainwater. Note that
rainstorms are modelled as distinct events in time.
Discharge from the HRU is simulated using a linear reservoir and related to surface storage. As
hydrologic responses are not instantaneous, we use a past state of the HRU storage to calculate the
responses at the time of interest, accounting for travel times over the slope. The Hortonian runoff flux
leaving the HRU to the channel is, thus, modelled as:
eco, cr, t = b ⋅ St − c

;t > c

=0

;t ≤ c

(3.4).

And, discharge from the HRU (Qt; m3/h) is calculated as:
Q t = e co, cr, t ⋅ A HRU

(3.5).

In Eq. 3.4, b (h-1) is the reservoir parameter, a scaling parameter representing the storage properties
of the HRU; c (h) is the third scaling parameter, a lag time representing the delay in HRU storage in
releasing water; St-c (m) is the storage in the HRU, expressed as a depth of water layer at the surface at
t-c; AHRU (m2) is the area of the HRU.
The three scaling parameters (i.e. a, b, and c) can be directly estimated for each HRU from eight
observable parameters. These are the rainstorm characteristics (i.e. average storm intensity Ravg (m/h)
and storm duration T (h)), geometry of HRU (i.e. average slope gradient savg (-), slope length L (m),
and micro relief c1 (m)), and local-scale observable soil parameters within HRU (i.e. saturated hydraulic
conductivity, matric suction at the wetting front, and initial moisture content). Estimation of the value
of these parameters is done by distance-weighted interpolation between points in a large database
(approximately 65,000 scenarios) of these observable characteristics with associated scaling parameters
(Chapter 2).
Closure relations without scaling parameters
In order to evaluate the performance of the closure relation C, we use another closure relation, referred
to as C*, which has a form that is similar to C but without the scaling components. C* is defined by
using fixed values of the scaling parameters; a = 0 in Eq. 3.3 and b = 1, c = 0 in Eq. 3.4. This results
in a closure relation that does not take into account the scaling effects and spatial processes in runoff
generation. By defining b = 1, C* neglects storage within the HRU, which results in instantaneous
runoff response from the HRU (i.e. c = 0). Without this storage capacity, the past state of the HRU
storage, St-∆t (Eq. 3.3) is zero, which results in a zero value for the ponding fraction ρt. Thus, infiltration
after a rain event is neglected (i.e. a = 0). The outgoing runoff flux at t is simply a surplus of the net
rain flux at t after abstracting the infiltration flux at t:
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(3.6).

*
= e ctop, t + e *cu,t
eco,
cr,t

The superscript * indicates that the fluxes are calculated from the closure relation C*. In Eq. 3.6,
multiplication of e*co,cr,t by the area of the HRUs results in the discharge of the HRUs (i.e. Eq. 3.5).
Without storage capacity, the infiltration flux in Eq. 3.2 is reduced to:



H f (η − θ 0 )
e *cu, t = min ectop, t , K s 1 +


Ft


=0


 ;t∈ T


;t∉ T

(3.7).

3.2.1.2 Runoff generation at the catchment level
Discharge Qt generated from each HRU is assumed to flow directly to the channel network, which
drains water to the outflow point of the catchment. We assume no gain or loss of water in the channel
zone by other processes (i.e. channel precipitation, infiltration, and evaporation) because these amounts
of water are relatively small compared to the amount of discharge volume generated from HRUs
(i.e. the channel reaches are relatively short). The travel time Ci (h) of discharge from HRUi to the
catchment outlet is calculated as:
Ci =

Di

A 
 r 
 P


23






−1

sr, i ⋅ n

⋅

(3.8).

In Eq. 3.8, Di (m) is the distance over the drainage network from the outlet of HRUi to the catchment
outlet. The denominator is the flow velocity (m/h) along the channel, calculated using Manning’s
formula, with Ar (m2) the average channel cross-section, P (m) the wetted perimeter, sr,i (-) the averaged
channel slope gradient along the flow path from the outlet of HRUi to the catchment outlet, n (h/m1/3)
the Manning’s roughness coefficient of the channel.
The discharge at the catchment scale at t (QW, t ; m3/h) can be derived as a sum of the discharges
generated from all individual HRUs that reach the outlet at t:
N

Q W, t = ∑ Q i , t − C
i =1

i

(3.9)

where Qi, t-Ci is the discharge (m3/h) generated from HRUi at t-Ci; N is the total number of HRUs.
3.2.1.3 Forcing and boundary conditions
Model forcing and boundary conditions required for the closure relations are net rain flux and
antecedent moisture content before the events start, derived for individual HRUs. Since these
components are not part of the closure relation for Hortonian runoff, description of these components
is given in a separate section.
Net rain flux is defined as the rain flux that reaches the soil surface of the HRU after subtraction of
the interception:
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− S I , t − ∆t  
S
ectop, t = R t - min ( R ⋅ vcov ) ,  I, max


 t

∆t




(3.10)

vcov = e − k ⋅ LAI

(3.11)

S I, max = LAI ⋅ S I, leaf

(3.12)

S I, t = min( S I, max , S I, t − ∆t + ectop, t − ∆t )

(3.13).

In Eq. 3.10, Rt (m/h) is the rain flux. The second term represents the interception, in which vcov (-) is
the vegetation cover, estimated by the Beer-Lambert equation (Bulcock and Jewitt, 2010), SI, max (m) is
the maximum content of the interception storage, and SI, t (m) is the actual interception storage. In Eq.
3.11 and Eq. 3.12, k (-) is a light extinction coefficient, LAI (-) is the leaf area index, SI, leaf (m) is the
maximum storage capacity per unit leaf area. We assume no canopy loss during events. Furthermore,
it is assumed that the rainwater intercepted by the canopy does not reach the soil surface and has
completely evaporated after the event. The canopy interception storage is, thus, empty at the start of
the following event.
As initial soil moisture content at the start of the events was not monitored in the field, a simple
soil water balance model of the unsaturated zone is used to obtain the initial soil water content for an
individual HRU at the start of the events. We assume large enough groundwater depth such that there
is no influence of groundwater on the upper soil zone. Soil moisture content of individual HRUs at t
(θt) is estimated by:


  S + R ⋅ ∆t − E  

t
a, t  ,θ  ,θ
θt = max min   rz, t
s
PWP
 



r
 




(3.14)

where Srz, t (m) is the soil water in the root zone, r (m) the averaged root-zone depth of the catchment,
Ea, t (m) the actual evapotranspiration flux, θs (-) the soil moisture content at saturation, and θPWP (-) the
soil moisture content at permanent wilting point. Note here that r, θs, and θPWP are assumed constant
for all HRUs, and that θs equals soil porosity. The actual evapotranspiration can be estimated as a
function of the potential evapotranspiration Ep, t (m), soil water availability, and soil water stress (Xia
and Shao, 2008):
E a, t = Ep, t
= Ep , t ⋅ k θ , t ⋅
kθ, t =

θt − θ PWP

θ fc− θPWP

*

; kθ ,t ≥ kθ
1
k θ*

; kθ , t < kθ*

(3.15)

(3.16)

where kθ, t(-) is the fraction of readily available water for plants in the root zone of the HRU. kθ*(-) is
the critical threshold below which the soil is considered under water stress, commonly set at 0.5 or at a
moisture content of half the soil moisture content at field capacity, θfc (-) (Dingman, 2002; Gervais et
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al., 2012). At this point, soil water availability for plants is limited and the actual evapotranspiration
rate becomes less than the potential evapotranspiration (Pereira et al., 1999).
The potential evapotranspiration flux is assumed to be spatially uniform and calculated using a
conceptual evapotranspiration model. We did not use a physically-based evapotranspiration model (e.g.
Penman-Monteith equation) because it has shown in Oudin et al. (2005) that the conceptual models
provide sufficiently reliable estimates of evapotranspiration for a lumped model application. In setting
up our model, we compared a number of different conceptual evapotranspiration models, namely;
Thornthwaite, Hamon, Blaney-Criddle, and Romanenko (Xu and Singh, 2001). The results show that
estimates of potential evapotranspiration using these models are relatively comparable. The difference
in monthly evapotranspiration is between 20-40 mm, with a maximum of 75 mm in summer. To
represent the evapotranspiration in the study area (Sect. 3.2.2.1), we selected the Thornthwaite method
because it calculated a yearly estimate of evapotranspiration that is close to that observed in the study
catchment, which is 750 mm/year (de Jonge, 2006) Monthly potential evapotranspiration using the
Thornthwaite method is calculated as:
 10 ⋅ Tm
4 N
Ep = ⋅ m ⋅ l d ⋅ 
 I
3 30
 h

λ






(3.17)

1.51

 Tm 

Ih= ∑ 
 
m =1 5
 
12

(3.18)
3

2

−2

−7
−5
λ = 6. 7 ⋅ 10 ⋅ I h − 7. 7 ⋅10 ⋅ I h + 1. 8 ⋅10 ⋅ I + 0. 49

(3.19)

where Nm (days) is the number of days in a given month m; ld (h) is the average monthly day length.
Ih (°C) is an annual heat index; Tm (°C) is the mean monthly air temperature of a month m; λ is an
empirical coefficient. Monthly Ep, t obtained in Eq. 3.17 is equally distributed over each time step ∆t
and subsequently used to determine soil moisture content at HRUs in Eq. 3.14 and Eq. 3.15.
3.2.2

Catchment and observations

3.2.2.1 Description of the catchment
The catchment is a first-order sub-basin of the Buëch catchment, located near the village of Savournon
in the administrative department of Hautes-Alpes, France. The catchment has a size of 15.7 km2
with an elevation range of 710-1780 m (Fig. 3.2). The region has a Mediterranean climate with
Alpine influences (van Steijn and Hétu, 1997). Lithology of the test catchment is characterized by
deposits of Callovian-Oxfordian black marls, known as ‘Terres Noires’ (Oostwoud Wijdenes and
Ergenzinger, 1998; Descroix and Gautier, 2002; Giraud et al., 2009), which are found below the
‘Calcaire Tithonique’ limestone. The morphology of the catchment is mainly shaped by periglacial
processes during the Pleistocene. The upper part of the catchment is dominated by steep scree slopes
below ‘Calcaire Tithonique’ limestone hogbacks. Eroded materials from the upslope area contribute
to the formation of extensive fan-shape alluvial deposits at the flat part of the catchment, on which
the major land use activities are pasture and agriculture. Intensive erosion on highly-erodible marly
deposits on the steep areas results in the formation of a badlands topography and deep-cut gullies
(Mathys and Klotz, 2008) erosion and sediment yield within mountainous catchments presents
a strategic interest due to the consequences which arise from these phenomenons and the need for
natural hazard mitigation engineering. In the Southern French Alps, the Black Marls formation covers
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Figure 3.2 Location and topographical characteristics of the study catchment, including the measurement
locations of rainfall, meteo, and discharge data.

a large area. These Jurassic marine black marls (Bajocian, Bathonian and Callovo-oxfordian. Vegetation
characteristics in the catchment are quite variable, ranging from Mediterranean shrubs to a number of
deciduous and alpine coniferous species.
3.2.2.2 Field data collection
Meteorology and discharge
A meteo station was installed approximately at the centre of the catchment. Temperature, air pressure,
relative humidity, incoming solar radiation, wind speed and wind direction were recorded as an average
state for 0.5 hour intervals. Rainfall data were collected at 12 locations over the period of March to
October 2010 (Fig. 3.2) by using tipping bucket rain gauges with a bucket volume representing 0.2
mm of rain.
Discharge data were collected at 3 locations (Fig. 3.2). Upstream areas (i.e. sub-catchments) above
the gauging locations are 11.9, 3.8, and 0.6 km2, referred to in this chapter as a Large (L), Mediumsized (M) and Small (S) catchment, respectively (Fig. 3.3). L and M are independent from each other
in terms of surface water because they are separate catchments, whereas S is a sub-catchment of M.
The water stage at these locations was continuously recorded using pressure transducers. The stream
bed and cross-sectional profile at the measurement location for the S catchment were fixed using the
rectangular weir construction, while this construction was not used in the water stage measurement
for L and M catchment. Stream discharge was measured 15-20 times at each location using salt
dilution gauging with the slug injection method (Moore, 2004; Hendriks, 2010). Taking uncertainty
in the measurements of water stage and discharge into account, a number of possible stage-discharge
rating curves at each measurement location were constructed, from which an ensemble of discharge
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time series for 3 catchments were obtained accordingly. The final hydrograph for each catchment was
calculated by averaging the hydrograph realizations that give the best-estimated discharge at the time
measurements were done.
Although Hortonian the runoff process is the main focus in this study, it is not assumed
that Hortonian runoff is the only runoff generating mechanism in our study catchment because
groundwater flow also contributes to the stream. Thus, separation of the hydrograph is required to
retrieve the Hortonian runoff component. This was done on an event basis using a graphical method
(Hendriks, 2010). A straight line was projected from the start of the hydrograph rising to intersect
the hydrograph at the falling limb, where the contribution of the Hortonian runoff to the event’s
discharge had ended. The partition of discharge above this straight line is considered as Hortonian
runoff. The runoff partition point was indicated where the slope of the hydrograph or slope of the
recession coefficient in the recession limb is inflected in the semi-logarithm plot (Blume et al., 2007).
For reliable estimation of Hortonian runoff using this simple technique, we only focus on large
rainstorm events that a significant amount of discharge was generated and hydrographs showed a clear
rising and falling limb. In these events, Hortonian runoff (i.e. quick flow) can be clearly identified and
partitioned from the base flow component. Moreover, if several inflection points were observed on the
hydrograph recession limb, we selected the earliest point as a discharge separation point to ensure that
the runoff component is mainly generated from the Horton process, which is the fast runoff generation
mechanism.
Geomorphology, soil and vegetation
Topography, morphology of the landscape, geologic parent material, and characteristics of the sediment
deposits at the surface and near-surface were investigated throughout the catchment. Soil texture and
regolith thickness were also estimated at a number of locations. The orientation of the hill slope relative
to the channel network and catchment drainage system was also noted. These observations were used
to map the landscape’s geomorphic characteristics and resulted in the geomorphological map of the
catchment (see Sect. 3.3.1).
Saturated hydraulic conductivity for each different regolith type was measured at a number of
locations, covering an area of 100 km2 that also includes the study catchment. The local scale Ks values
were measured over a plot size of 30 x 30 cm2, using rainfall simulation method (Adhikari et al., 2003).
Artificial rain was generated from a pressure-controlled water reservoir containing a sprinkler head
and a number of capillary tubes to release the water at the desired intensity. The amount of rainwater
applied to the plot and corresponding generated runoff were measured every minute, from which the
infiltration rate can be subsequently derived. The Ks value for each experimental plot was determined
by curve fitting, in which the Ks value was chosen resulting in the best fit to the Green & Ampt
infiltration curve (Kale and Sahoo, 2011).
Vegetation was observed and mapped as units of relatively uniform vegetation types (Fig. 3.4). For
each vegetation unit, a number of plots with a size of 100 m2 (i.e. 10-15 plots) was randomly chosen.
The proportion of the area covered by vegetation in each plot was visually estimated and averaged to
obtain a representative vegetation cover for each vegetation unit.
Delineation of the HRUs
Information on geomorphology, vegetation and the drainage network are crucial in the disaggregation
of the study catchment into a number of HRUs. The HRUs were delineated such that the units are
uniform in terms of genesis, structural pattern and hydrological properties. In this study, HRUs were
derived by subdividing the major landforms into more fundamental landscape units with distinct
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vegetation and regolith properties. The boundaries of the units were defined by the local watershed
divide or coincided with the channels to which the units drain. This delineation rule simplifies our
case study by restricting the HRU’s incoming flux only to the net rain. HRUs do not receive the crossboundary surface runoff flux from adjacent HRUs (i.e. runon). Hydrologic properties and processes
operating over individual HRUs can be regarded as relatively homogeneous.
3.2.3

Parameterization in the modelling framework

Forcing data, boundary conditions, and properties of individual HRUs were obtained from field
observation or taken from various sources of reference. Details of the parameterization methods and
parameter values used in the closure relations are presented in Table 3.1.
3.2.4

Sensitivity analysis

A sensitivity analysis was performed by calculating changes in hydrograph characteristics as a result
of changes in model parameters. This was done for each model parameter separately, considering
Ks, Hf, θ0, LAI, SI, leaf, and n. The model parameter was adjusted by ±25% of the value used for the
base runs (i.e. values representing catchment characteristics derived from field data, Table 3.1). The
relative changes in three hydrograph components; discharge volume, peak discharge, and time to peak
discharge were calculated and averaged over all events used in the evaluation of the closure relation
performance. The model sensitivity was investigated for the closure relation C and the benchmark
closure relation C*.
3.2.5

Calibration and evaluation of closure relations

For the scenarios with calibration of closure relations, calibration was performed by matching the
simulation results to the observed discharge at each catchment outlet. We used a simple split-sample
approach for the calibration. Two sets of events, in total approximately half of all events observed in
each catchment, were randomly selected for calibration and validation. As we focus on the capacity
of the closure relations to produce accurate discharge responses (i.e. the shape of hydrograph), the
objective function used in the calibration is the Nash-Sutcliffe efficiency index, E (-):
Tend

E = 1−

∑ (Q t , sim − Q t , obs )2

t =1
Tend

(3.20)

∑ (Q t , obs − Q obs )2
t =1

where Tend is the end time of simulation; Qt, sim (m3/h) is discharge simulated at t from the closure
relations, Qt, obs (m3/h) is the observed discharge at t; and Qobs (m3/h) is the mean observed discharge.
This calibration procedure was used for the model using both closure relations C and C*.
As we aim to evaluate the performance of closure relations proposed in Chapter 2 including
relations between the scaling parameters and measurable characteristics of a HRU, calibration is only
allowed for the local-scale measurable parameters, which are usually obtained with a large degree of
uncertainty. The saturated hydraulic conductivity Ks was chosen for calibration because it is a key
parameter governing the mechanism of Hortonian runoff generation. Calibration of Ks was done by
adjusting a single prefactor, added to Ks as a multiplier (i.e. calibration factor) for the entire domain,
using a brute force calibration approach. The calibration factors were defined as a sequence of discrete
values ranging from 0.1 to 500. The optimal calibration factor of Ks is the value that results in the best
E, evaluated for all calibration events. To avoid the effect of outliers, we used the median.
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Event duration (h)

Monthly averaged
Temperature (°C)

Monthly average day
length (h)

T

Tm

ld

Maximum interception HRU
capacity per LAI (mm)

Light extinction
coefficient (-)

SI, leaf

k
Catchment

Fraction of vegetation HRU
cover (-)

HRU

Catchment

Catchment

vcov

Vegetation LAI

Leaf area index (-)

Event averaged rainfall HRU
intensity (m/h)

Ravg

Climate

HRU

Rainfall flux (m/h)

Rt

Rainfall

HRU

Spatial unit

Symbol Description

Group

Field observation. Note that the vegetation cover fraction observed in the field was only used
for deriving the average LAI of the vegetation units. For calculating interception and net rain
flux, the vegetation cover fraction at the HRUs was estimated using Eq. 3.11.

Estimated for each vegetation unit using the LAI global dataset (Scurlock et al., 2001). A
surcharge of 2 was added to the forest-type units to compensate for the vegetation layer at
the forest floor (Breuer et al., 2003). The average LAI for each vegetation unit was obtained by
reducing the estimated LAI with a fraction of vegetation cover observed in the field.

Sum of the daylight hours, estimated using the CBM model (Forsythe et al., 1995) over each
month

Measured in 0.5 hour intervals and averaged on a monthly basis

Sum of time steps that the averaged rain depth over the HRUs is above 0.07 mm

Calculated for the period that averaged rain depth over the HRUs is above 0.07 mm. This
threshold is arbitrarily set to indicate the smallest rain depth that is recognized as an event.

Averaging a precipitation map over each HRU for each time step. Precipitation maps have
grid cell sizes of 37.5 m2, and are created by inverse distance interpolation of observed
precipitation using an inverse distance exponent of two (Ahrens, 2006).

Methods/remarks

0.5

Brolsma et al. (2010); Kuriakose et al. (2009)

0.001-1.3 Estimated for each vegetation type using values suggested by Brolsma et al. (2010) and
Koivusalo et al. (2006). A surcharge of 0.3 mm was added to the forest-type units to account
for the additional interception capacity of the undergrowth at the forest floor.

0.05-1

0.01-10

-

-

-

-

-

Values/
range

Table 3.1 Input, parameters, and parameterization method used in the modelling framework.

θPWP

θ0

η

Hf

Ks

Moisture content at
Field capacity (-)

Moisture content at
wilting point (-)

Matric suction at the
wetting front (m)

Saturated hydraulic
conductivity (m/h)

Symbol Description

Catchment

Catchment

Moisture content at
Catchment
the start of simulation
period (-)

Porosity (-)

Catchment

Catchment

HRU

HRU

Spatial unit

0.5

0.27

0.1

0.25

0.42

-

-

Values/
range

Dingman (2002); Gervais et al. (2012)

Value used for loamy soil, which is the average soil texture of the catchment (Rawls et al.,
1982).

Value used for loamy soil, which is the average soil texture of the catchment (Rawls et al.,
1982).

We used a slightly smaller value for the moisture content at field capacity for loamy soil (i.e.
the average soil texture of the catchment) as the catchment was relatively dry at the start of
the simulation period.

Used value for the loamy soil, which is the average soil texture of the catchment (Rawls et al.,
1982).

Estimated from the HRU’s regolith properties, which are related to the landform types. The
referred-to values are reported in Rawls et al. (1982). See Table 3.4.

Estimated from the HRU’s regolith properties, which are related to the landform types. The
referred-to values are reported in Rawls et al. (1982). See Table 3.4.

Table 3.1 (Cont.)

Group

θfc
Critical moisture
content (-)

Assumed

Methods/remarks

Soil

k θ*

50
HRU

Root zone depth (cm) Catchment

r

Micro relief on HRU
surface (mm)

80-0.4

c1

Generated random fields of micro relief, using different values of c1, for a hypothetical hill
slope that has the same slope gradient for each HRU. We determined the drainage direction
path over the HRUs by following the direction from a cell to the steepest descent as
determined by its eight neighbouring cells (Burrough and McDonnell, 2004). We chose the c1
value that results in a flow pattern most resembling that of the HRU observed in the field.
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Channel cross section Subcatchment
(m2)

Distance from a HRU
outlet to the (sub)
catchment outlet (m)

Channel slope (m/m)

Manning’s coefficient
(h/m1/3)

Ar

Di

sr,i

n

Channel

Unit Length (m)

L

Catchment

HRU

HRU

HRU

Average slope gradient HRU
(m/m)

savg

HRU
Geometry

Spatial unit

Symbol Description

Group

Table 3.1 (Cont.)

0.3

-

-

0.3 (L)
0.15(M)
0.04(S)

-

-

Values/
range

These estimations are based on the observed stream bed materials, using a value given in
Chow et al. (1988)

Averaged slope at each grid cell over the drainage path from a HRUi outlet to the (sub)
catchment outlet.

Calculated from the local drainage direction (ldd) map

Field observation at a number of transects along stream channels. We calculated the average
cross section for each sub-catchment.

Calculated as a weighted average of the longest drainage paths from the HRU’s divide to the
HRU’s outlets according to the upstream areas.

Extracted from the digital elevation data (DEM)

Methods/remarks

It is preferable to use a single optimal calibration factor that is suited for all events observed in
all catchments. This is to satisfy the assumption used in the parameterization of Ks to the HRUs that
soil hydraulic properties of specific landforms are invariant in the catchment, and also to maintain
the relative order of Ks values for the HRUs after calibration. However, physical characteristics
of the S catchment are significantly different from the other catchments. More than 90% of the S
catchment area is dominated by a badlands topography and scree slopes with sparse vegetation cover,
while the other two catchments are mainly characterized by alluvium or colluvium deposits with
agricultural activities and forests. Including events from the S catchment would introduce a bias in the
identification of the optimal calibration factor for the entire catchment. Therefore, a second optimal
calibration factor was exclusively derived for the S catchment. The optimal calibration factor for L and
M catchments were identified together because the physiographic characteristics are quite comparable
between these catchments.
We evaluated the performance of the models using the closure relation C and C* (both with
and without calibration) with a separate set of events not used in the calibration (i.e. validation set).
Performance of the closure relations was evaluated in terms of response signature (i.e. hydrograph),
measured with E, and discharge quantity. Percent error in discharge volume (eQcum) is computed as:
eQcum =

Q cum, sim

− Q cum, obs

Q cum, obs

⋅ 100

(3.21)

with Qcum, obs and Qcum, sim (m3) being the total observed and simulated discharge volume, respectively.
For the qualitative interpretation, the closure relation is considered as having a ‘good’ performance
with E larger than 0.4 or eQcum smaller than 50%; ‘satisfactory’ with E between 0-0.4 or eQcum between
0-50%. The term ‘poor’ is used to describe the simulation with E less than zero or eQcum larger than
100%.

3.3

Results

3.3.1

Delineation of HRUs, soil properties, and catchment discharge

The catchment was classified into 11 types of major landforms, from which 59 HRUs were derived
(Fig. 3.3, Table 3.2). Statistics of the measured Ks values for different types of HRU (Table 3.3) show
large variation, which will be partly due to measurement errors. Determination of Ks using the rainfall
simulation method is notably difficult due to a number of factors related to the experimental setup
introducing errors in the measurements (i.e. leakage, raindrop size, rain intensity, and so on). Large
variation in the measured Ks values can also be explained by the nature of Ks being variable in space.
As the Ks measurements are not available for all types of HRUs and measured values will include
measurement errors, it is decided to use Ks values proposed in Rawls et al. (1982) (Table 3.4). The Ks
values provided by Rawls et al. (1982), derived from the pedo-transfer functions, are somewhat lower
than those measured in our catchment. We will discuss this after presenting calibrated Ks values, which
can be compared to the values observed in our catchment and those from Rawls et al. (1982).
More than 30 rainstorm events were observed during the study period (Table 3.5). Characteristics
of observed rainfall events depict seasonal differences. Events in summer and autumn (i.e. July-October)
were mainly observed as isolated events with a relatively high intensity (i.e. maximum intensity up to
0.1 m/h in 5 minutes). This intensity is far larger than the measured Ks values, which supports the
claim that Hortonian runoff occurs in the study area. However, in spring and early summer, the events
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Table 3.2 Characteristics of HRUs for catchments.
Area (103 m2) savg (m/m)

L (m)

max

min

max

min

max

min

44

1140

21

0.74

0.03

1737

76

M

12

776

27

0.61

0.09

1501

196

S

3

288

53

0.38

0.18

1035

307

Catchment

N

L

N, number of HRUs; savg, slope (m/m); L, length (m)

Table 3.3 Comparison of saturated hydraulic conductivity (Ks; mm/h) values observed in the study area
and the calibrated values used in the closure relation C and C*.
Calibrated values used
in the closure relation

Field measurements

Unit type
N

min

max

mean

S.D.

C

C*

Alluvial fan
(coarse regolith)

201

9

125

76

25

52

860

Alluvial fan
(fine regolith)

126

15

125

64

26

28

460

colluvium

10

22

101

67

22

28

460

River plain

60

10

125

87

29

52

860

N, number of measurements; S.D., standard deviation

consisted of a set of consecutive light rainstorms, which resulted in complex hydrographs with multiple
peaks that do not have a clear rising and falling limb. In this case, Hortonian runoff may have an
insignificant contribution to the total event discharge. For the evaluation of the closure relations, we
neglected the events with a runoff coefficient (i.e. fraction of Hortonian runoff volume to the total
rainfall volume over the catchment) smaller than 0.015, which were, in total, 10 events. For these
events, it is likely that the stream discharge was dominated by processes not accounted for in the
closure relations, for instance direct channel precipitation (i.e. stream channels possess about 1.5% of
the catchment area). As the events were observed in the sub systems located next to each other and
belong to the same catchment, inter-comparison between events in the evaluation of closure relations is
possible.
Discharge used in establishing the rating curve was mostly observed during the low and moderate
flow period. For half of events observed in the studied catchment, the discharge were extrapolated
about 1-3 order of magnitude beyond the maximum gauged discharge. A stage-discharge relation for
the S catchment is considered most reliable and valid beyond the maximum measured discharge used
in constructing this relation because the cross-sectional profile and stream bed at the measurement
location of water stage were stable. Discharge time series for L and M catchment were obtained
with a somewhat larger degree of uncertainty compared to the S catchment. However, differences in
hydrograph realizations caused by this uncertainty are not significantly large. The observed hydrograph
for three catchments are considered reliable and can be used in the evaluation of closure relation
performance.
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Table 3.4 Soil texture and corresponding soil hydraulic parameters (Ks and Hf ) estimated for each type
of landform units (Rawls et al., 1982).
Landform unit

Soil/regolith type

Ks (mm/h)

Hf (m)

Hogback

outcrops

0.01

-10-5

River plain

sandy clay loam

4.3

-0.449

Alluvial fan (coarse regolith)

sandy clay loam

4.3

-0.449

Alluvial fan (fine regolith)

clay loam

2.3

-0.446

Colluvium

clay loam

2.3

-0.446

Active badlands

black marls

0.6

-0.714

Inactive badlands

silt clay

0.9

-0.647

Glacis

slit loam

6.8

-0.404

Glacis remnant

silt loam

6.8

-0.404

Mass movement

loamy sand

61.1

-0.142

Debris slope

loamy sand

61.1

-0.142

Table 3.5 Characteristics of the rainstorm events selected for evaluation of closure relations.
Catchment N

Ravg (mm/h)

T (h)

Runoff coefficient (-)

min

med

max

S.D.

min

med

max

S.D.

min

med

max

S.D.

L

15

2.0

4.5

34.6

10.4

0.4

4.3

27.9

7.9

0.02

0.04

0.11

0.03

M

7

4.0

5.1

8.0

1.8

3.6

5.5

9.4

8.0

0.017

0.04

0.13

0.04

S

17

2.0

4.1

29.3

7.7

0.4

3.9

23.5

6.9

0.015

0.08

0.3

0.09

Ravg, average rainfall intensity (mm/h); T, event duration (h); N, number of events; med, median; S.D., standard deviation.

3.3.2

Model sensitivity

The sensitivity analysis gives similar results for closure relations C (Table 3.6) and C* (Table 3.7). Of
the parameters related to the soil, the closure relations appear to be most sensitive to changes in Ks,
both regarding discharge volume and peak discharge. The closure relations are less sensitive to the
vegetation parameters (i.e. LAI and SI, leaf ). The time to the peak discharge is almost unaffected by
changes in both soil and vegetation parameters. The benchmark closure relation C* is slightly more
sensitive to the change of model parameters compared to C.
The Manning’s coefficient n is the most sensitive parameter in terms of timing in discharge
responses. Increasing n to 0.05 results in a delay of the peak discharge up to 25 minutes for both
closure relations, compared to the simulations from the base runs (i.e. n = 0.03). This delay increases
with the catchment size. Changing the Manning’s n has no effect on the total discharge volume.
The model is found to be sensitive to changes in the initial soil moisture content, particularly when
the soil wetness condition is close to saturation. Thus, estimation of soil moisture might have an effect
on our model results. However, differences in soil moisture estimated by different evapotranspiration
models are quite small, particularly in the wet period. Differences become larger when the soil dries
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Table 3.6 Sensitivity of the model results with the closure relation C. Values are averaged over all events
(N = 13)
Average changes in the model results

Catchment

Model
results

% Change in
parameter
Ks
value

Hf

θ0

LAI

SI, leaf

n*

L

Qcum

-25

13 %

7%

-9 %

2.54 %

2.57 %

-0.01 %

25

-9 %

-5 %

5%

-2.45 %

-2.45 %

0%

-25

13 %

10 %

-11 %

3.26 %

3.57 %

1.15 %

25

-9 %

-6%

4%

-2.67 %

-2.48 %

-3.27 %

-25

0h

0h

0.01 h

-0.01 h

0h

-0.17 h

25

0.01 h

-0.01 h

0.01 h

0h

0.01 h

0.38 h

-25

14 %

6%

-6 %

2%

2%

0%

25

-9 %

-4 %

8%

-1 %

-1%

0%

-25

15 %

9%

-11%

2%

3%

0%

25

-10 %

-6 %

5%

-1 %

-1 %

-1%

-25

-0.07 h

0.01 h

0.05 h

0h

0h

-0.12 h

25

0.01 h

0.02 h

-0.06 h 0 h

0h

0.2 h

-25

18 %

12 %

-15 %

1%

1%

0%

25

-10 %

-7 %

9%

-1 %

-1 %

0%

-25

18 %

14 %

-22 %

1%

1%

0%

25

-11 %

-8 %

7%

-1 %

-1 %

-2 %

-25

-0.01 h

-0.02 h

0h

0h

0h

-0.04 h

25

0h

0h

0h

0h

0h

0.06 h

Qmax

tp

M

Qcum

Qmax

tp

S

Qcum

Qmax

tp

Qcum, total discharge volume; Qmax, peak discharge; tp, time at the peak discharge; Ks, saturated hydraulic
conductivity; Hf, matric suction at the wetting front; θ0, initial moisture content; LAI, leaf area index; SI, leaf,
maximum interception capacity per LAI; n, Manning’s coefficient; N, number of events. Note that changes
regarding tp are expressed as the averaged absolute time difference from the standard runs (h).
*values of Manning’s n used in the sensitivity analysis are 0.02 and 0.05, instead of ±25%

out – about 20-25% in the dry period (not shown). However, in this condition, the model appears
to be less sensitive to the change in moisture content. Considering these findings, it can be stated that
the choice of evapotranspiration models used for estimation of initial moisture content does not have
remarkable effects on our evaluation of the closure relations.
3.3.3

Simulation of discharge without calibration

The closure relation C shows a ‘good’ performance in simulating the shape of hydrograph (i.e. E > 0.4)
for more than 30% of the events observed in the three catchments (Fig. 3.5A). Performance of closure
relation C is particularly high for events in the S catchment, where predictions of the hydrograph
shape are ‘good’ for almost 60% of the events observed in this catchment. However, it is shown that
the hydrograph magnitude is largely overestimated for a number of events, resulting in extremely low
(negative) E values (Table 3.8). Regarding the relative performance, the closure relation C is capable of
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Table 3.7 Sensitivity of the model results with the closure relation C*. Values are averaged over all events
(N = 13)
Catchment

Model
results

% Change in
parameter
Ks
value

Average changes in the model results
Hf

θ0

LAI

SI, leaf

n*

L

Qcum

-25

15%

10 %

-11%

3%

3%

0%

25

-10 %

-6 %

4%

-3 %

-3 %

0%

-25

16 %

11 %

-13%

7%

7%

5%

25

-10%

-8 %

4%

-3 %

-3 %

-10 %

-25

0.01 h

-0.3 h

0.03 h

0.03 h

0.04 h

-0.46 h

25

0.03 h

0.02 h

-0.04 h

0.05 h

0.04 h

0.42 h

-25

15 %

9%

-10 %

2%

2%

0%

25

-10 %

-6 %

8%

-1 %

-1 %

0%

-25

21 %

15 %

-10 %

2%

3%

6%

25

-13 %

-10 %

8%

-1 %

-1 %

-4 %

-25

0.01 h

0.02 h

0.08 h

0h

0h

-0.11 h

25

0h

0h

-0.1 h

-0.01 h

0.01 h

0.1 h

-25

22 %

17 %

-21 %

1%

1%

0%

25

-11 %

-8 %

9%

-1 %

-1 %

0%

-25

32 %

24 %

-26 %

0%

0%

-2 %

25

-10 %

-8 %

8%

0%

-1 %

-4 %

-25

0.04 h

0.04 h

0.02 h

0h

0h

-0.04 h

25

0h

0h

0.02 h

0h

0h

0.02 h

Qmax

tp

M

Qcum

Qmax

tp

S

Qcum

Qmax

tp

Qcum, total discharge volume; Qmax, peak discharge; tp, time at the peak discharge; Ks, saturated hydraulic
conductivity; Hf, matric suction at the wetting front; θ0, initial moisture content; LAI, leaf area index; SI, leaf, maximum
interception capacity per LAI; n, Manning’s coefficient; N, number of events. Note that changes regarding tp are
expressed as the averaged absolute time difference from the standard runs (h).
*values of Manning’s n used in the sensitivity analysis are 0.02 and 0.05, instead of ±25%

simulating discharge responses better than the benchmark closure relation C* (Fig. 3.5A, C and Table
3.8).
The closure relation C* appears to have almost no predictive capability for the hydrograph responses
as E values are far below zero for most events (Fig. 3.5C, Table 3.8). Hydrographs of an individual
event (Fig. 3.7A, C, and E) simulated by the closure relation C* exhibit an almost instantaneous
discharge response to rainfall, resulting in hydrographs that closely follow rainfall intensity and
severely overestimate runoff response. The closure relation C, on the other hand, produces a smoother
hydrograph with more delay in runoff responses relative to the rainfall. Although the magnitude of
discharge is overestimated when using the closure relation C, the shape of the modelled hydrograph is
comparable to the observed hydrograph. The discrepancy between observed and modelled hydrographs
is smallest for the S catchment. To provide a more comprehensive evaluation of the closure relation
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Figure 3.5 Nash-Sutcliffe index (E) in the L, M and S catchment calculated for the closure relations C (top
panels, A and B) and C* (bottom panels, C and D). Left panels, without calibration; right panels, with
calibration. Vertical dashed lines indicate the median of the Nash-Sutcliffe index. Note that plots on the
right panel show the evaluation only with the validation events.
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Figure 3.6 Percent error in total discharge prediction (eQcum) in the L, M and S catchment calculated for
the closure relations C (top panels, A and B) and C* (bottom panels, C and D). Left panels, without
calibration; right panels, with calibration. Vertical dashed lines indicate the median of the Nash-Sutcliffe
index. Note that plots on the right panel show the evaluation only with the validation events.

67

Without calibration

With calibration

10

5

4
3

E* = −394.86

12:00

14:00

16:00

04:00

06:00

08:00

12:00

14:00

16:00

25

2.0
1.5

Q (m h)

25

E = 0.85
E* = −0.47

0

1.0
0.0

10

0.5

40

(D)

3

30
20

E = −37.99
E* = −363.26

M catchment

x 103

0

2.5

0
10

Rt (mm/h)

(C)

40

08:00

10:00

12:00

14:00

16:00

04:00

06:00

08:00

Time

14:00

16:00

1.0

S catchment

x 103

(F)

15

0.8
0.6
0.4

E = 0.85
E* = −0.47

0

0.0

2

0.2

4

3

E = −3.94
E* = −71.55

6

12:00

5

Rt (mm/h)
Q (m h)

8

Q (m3 h)

15

(E)

0

S catchment

x 103

10:00

Time
0

06:00

5

04:00

Rt (mm/h)

50

M catchment

x 103

10:00

Time

10

10:00

Rt (mm/h)

08:00

40

06:00

Time

Q (m3 h)

15

0

0
04:00

10 12 14

20

2

Q (m h)

E = 0.7
E* = −0.64

1

E = −33.8

0

0

(B)

5
10
15
20

60
40

Q (m3 h)

80

Rt
obs
C
C*

20

L catchment

x 103

Rt (mm/h)

100

(A)

3

x 103

Rt (mm/h)

L catchment

04:00

06:00

08:00

10:00

Time

12:00

14:00

16:00

04:00

06:00

08:00

10:00

12:00

14:00

16:00

Time

Figure 3.7 Hydrographs (Q, m3/h) modelled using the closure relation C (red) and C* (blue) and observed
(obs, black), for an event on 17 June 2010. Rainfall intensity (Rt, mm/h) is shown on the secondary axis. E
and E* are the Nash-Sutcliffe indexes for the closure relation C and C*, respectively. Left panels (A, C, E),
without calibration; right panels (B, D, F), with calibration.

performance on an event basis, additional plots of observed and simulated discharge for a number of
selected events are given in an appendix A.
The relative performance of C and C* regarding errors in total discharge volume (Fig. 3.6A and
C) is similar to the results observed when considering E. The closure relation C gives a more accurate
prediction of total discharge volume compared to C*. The closure relation C has a ‘good’ performance
for 25% of the total events, while this number decreases to 15% for the benchmark closure relation C*.
Both closure relations C and C* give the smallest prediction errors in the total discharge volume in the
S catchment. However, the absolute performance in terms of errors in total discharge volume is rather
low for both C and C*. Discharge volume is, in general, largely overestimated for most of the events,
except for catchment S where discharge volume is underestimated for the high-intensity rainfall events.
Errors in total discharge volume do not differ considerably between closure relation C and C* (Table
3.8).
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Table 3.8 Performance of C and C* without calibration.
Catchment N

L

15

M

7

S

17

total

39

E

eQcum

Closure
relation

min

med

max

S.D.

min

med

max

S.D.

C

-115.5

-2.6

0.78

35.6

54.2

205.6

879.9

233.9

C*

-983.6

-40.3

-3. 6

264.5

50.8

277.0

1271.0

311.8

C

-292.0

-8.2

0.64

107.2

32.2

197.6

1462.0

506.3

C*

-875.2

-23. 8

-3.2

327.6

35.0

238.2

1565.0

545.4

C

-84.5

0.5

0.84

25.6

12.2

36.9

781.7

244.1

C*

-2573.0

-6.9

0.24

619.9

10.0

101.0

1378.0

359.7

C
C*

-292.0
-2573.0

-0.9
-19.2

0.84
0.24

52.6
452.7

12.2
10.0

136.0
176.8

1462.0
1565.0

306.9
378.7

N, number of events; E, Nash-Sutcliffe index; eQcum, percent error in total discharge volume; med, median; S.D., standard
deviation

Table 3.9 Statistics of the calibration and validation events.
Catchment Event type N

L

M

S

Ravg (mm/h)

T (h)

Runoff coefficient (-)

min

med max S.D.

min

med max

S.D.

min

med max S.D.

calibration 7

2.0

3.2

34.6 11.9

0.4

4.5

8. 7

2.9

0.02

0.03

0.05

0.01

validation

8

2.0

5.5

30.4 9.7

0.7

3.5

27.9

10.5

0.02

0.05

0.11

0.03

calibration 4

4.2

4.7

7.4

1.5

3.6

5.1

7.3

1.6

0.02

0.04

0.05

0.16

validation

3

4.0

7.3

8.0

2.2

3.8

11.4

26

11.3

0.03

0.08

0.13

0.52

calibration 8

2.4

3.8

29.3 9.9

0.4

4.3

8.9

3.0

0.04

0.07

0.14

0.04

validation

2.0

4.2

19.4 5.3

0.8

3.8

23.5

8.9

0.02

0.13

0.3

0.11

9

Ravg, average rainfall intensity (m/h); T, event duration (h); N, numbers of events; med, median; S.D., standard deviation

3.3.4

Simulation of discharge with calibration

3.3.4.1 Derivation of the calibration factors
Characteristics of the calibration events (Table 3.9), except for event duration, are not statistically
different from the events used for validation of the closure relations (statistical tests on mean and
variance differences not shown). Also, the predictive performance of closure relations for these two
event groups is quite comparable (Table 3.10). It can be asserted that the events used for calibration
have similar characteristics to the events for validation. The optimal calibration factors can be derived
without a remarkable bias caused by differences between two groups of events.
Figure 3.8A and 3.8B show the values of the Nash-Sutcliffe coefficient (E) for different calibration
factors. Although we aim at deriving optimal calibration factors based on E, effects of the calibration
factor on the percent error in discharge volume, eQcum, were also investigated (Fig. 3.8C and D). This
is to provide an insight into the capability of closure relations to predict the discharge volume. The
optimal calibration factor for each catchment can be visually identified from the highest point in the
response line of the Nash Sutcliffe coefficient; and the lowest point in the response line of eQcum.
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Figure 3.8 Median of the Nash-Sutcliffe index, E (A and B), and discharge volume error as a percentage
(C and D) calculated from events used for calibration (y axis) as a result of different calibration factors (x
axis) for L and M catchments together (black line, rectangular dots), and S catchment (red lines, triangle
dots) for the closure relation C and C*.

For the closure relation C, the response line for the Nash Sutcliffe coefficient clearly shows a
single optimum. According to Fig. 3.8A, the optimal calibration factor of 12 found for the L and M
catchment is larger than the value obtained for the S catchment, which was 5. For the S catchment, a
calibration factor of 1 results in a similar value for E as found when using a calibration factor of 5. This
supports the findings in Sect. 3.3.3 that the closure relation C can be used to simulate discharge in
this catchment without calibration (i.e. calibration factor = 1). The calibration factors resulting in the
lowest median of E are not very different from those resulting in the lowest median of eQcum (Fig. 3.8A
and C), allowing the use of a single calibration factor that performs well regarding both E and eQcum.
It is difficult to identify a single optimal calibration factor for the closure relation C*. The median
of E gradually increases with an increase in the calibration factor, but never exceeds zero (Fig. 3.8B).
The best median of E was found at an extremely high calibration factor. Here, we selected the highest
calibration factor, 200, as an optimum for the L and M catchment, while a calibration factor of 20 was
chosen for the S catchment. Contrary to the response line for the Nash Sutcliffe coefficient, the line for
eQcum shows a clear optimum (Fig. 3.8D) for C*. The optimal calibration factors for closure relation C*
for eQcum are similar to the values obtained for closure relation C (Fig. 3.8C and D).
In principle, calibration of the closure relation for the correct hydrograph shape should already be
sufficient because it will also simultaneously result in the simulations with correct discharge volume.
Therefore, the calibration factor found for the optimal E is chosen for validation of the closure
relations.
3.3.4.2 Validation results
The performance of the closure relation C is considerably improved after calibration, as can be seen
in Fig. 3.5, right-panels. The calibrated closure relation C has ‘good’ and ‘satisfactory’ performance
in predicting the hydrograph shape (i.e. according to E) for 30% and 50% of the validation events,
respectively (Fig. 3.5B). The best E obtained after calibration is 0.8 with a median of 0.3, which
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Table 3.10: Performance of non-calibrated closure relations evaluated for events used in calibration and
validation.
E
Catchment

L

M

S

Event type

eQcum

C

C*

C

C*

med

S.D.

med

S.D.

med

S.D.

med

S.D.

calibration

-6.5

41.4

-72.2

172.0

256.4

186.2

277.0

200.5

validation

-0.9

30.6

-25.7

338. 5

111.8

276.3

237.3

399.6

calibration

-23.1

138.3

-193.5

402.4

438.4

608.7

524.5

658.4

validation

-3.7

4.6

-19.2

14.4

144.0

99.4

229.4

116.4

calibration

0.35

20.8

-12.4

85.6

83.3

221.0

138.2

244.4

validation

0.52

30.1

-2.9

854.3

29.9

276.5

64.1

441.2

N, number of events; med, median; S.D., standard deviation; E, Nash-Sutcliffe index; eQcum, percent error in total
discharge volume

Table 3.11: Performance of C and C* after calibration.
Catchment N

L

8

M

3

S

9

total

20

eQcum

E

Closure
relation

min

med

max

S.D.

min

med

max

S.D.

C

-1.2

0.32

0.81

0.6

14.3

48.2

132.0

36.7

C*

-0.6

-0.4

0.07

0.2

74.3

84.6

96.4

8.5

C

-0.7

0.36

0.44

0.6

55.3

63.4

68.5

6.7

C*

-0.5

-0.36

-0.3

0.2

72.9

92.6

95.8

12.4

C

-16.3

0.13

0.86

6.5

11.8

72.9

308.2

103.9

C*

-165.6

-0.3

-0.03

55

49.6

88.2

191.7

41.5

C

-16.3

0.3

0.86

4.5

11.8

60. 7

308.2

72.3

C*

-165.6

-0.35

0.07

36.9

49.6

87.5

191.7

27.8

N, number of events; E, Nash-Sutcliffe index; eQcum, percent error in total discharge volume, med, median; S.D., standard
deviation

is slightly worse than what is found for the calibration events (i.e. 0.4). The results also show that,
after calibration, C is capable of reproducing the observed total discharge using the calibration factor
optimized regarding E (Fig. 3.7B). This result was expected because the optimal calibration factors
that result in the lowest median of eQcum are quite similar to those found for E (Fig. 3.8A and C).
Predictive capability of the closure relation C after calibration is somehow exacerbated for a number of
events observed in the S catchment, as shown by a lower median of E compared to the case of without
calibration (Table 3.11).
Contrary to the calibrated closure relation C, the benchmark closure relation C* has low
performance in simulating the hydrograph shape after calibration. Almost 80% of the validation
events have an E between -1 and 0 (Fig. 3.5D). The median E calculated for the validation events
is still below zero for all catchments (Table 3.11). Although the magnitude of hydrograph and peak
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Figure 3.9 Hydrographs (Q, m3/h, left panel: A, C, E) and the corresponding cumulative discharge volume
(m3, right panel: B, D, F) observed from individual catchments (obs, black) and simulated using the
closure relation C* with different calibration factors, k, for the event on 17 June 2010. Rainfall intensity
(Rt, mm/h) is plotted on the secondary axis.

discharge can be reduced as comparable to the observations, the shape of simulated hydrographs
represents a too instantaneous response to rainfall (Fig. 3.7B, D, and F). It is obvious that calibration
of C* is not sufficient to retrieve good results for E. This is also indicated by the small changes in
hydrograph shape when changing the calibration factor (Fig. 3.9A, C, E), reflecting the incapability
of the closure relation C* in representing Hortonian runoff at the scale of a HRU even with an ad-hoc
parameterization. Unlike C, the calibrated C* gives unsatisfactory predictions of the discharge volume
with the calibration factor optimized on E. Fig. 3.6D indicates that only one validation event has ‘good’
prediction of total discharge. However, when C* is calibrated on discharge volume, validation results
for cumulative discharge are considerably better (Fig. 3.9B, D, and F). We can conclude here that it is
only feasible to calibrate the benchmark closure relation C* to have a correct discharge volume, but not
for a correct shape of the hydrograph.
Performance of the calibrated closure relation C is considered as ‘poor’ in terms of E for events with
a runoff coefficient smaller than 0.02 (Fig. 3.10A). For these events, the hydrograph peak and total
discharge volume are considerably overestimated. The calibrated closure relation C exhibits the highest
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performance for events with a runoff coefficient between 0.05-0.1, beyond which the performance of
calibrated C gradually decreases with increasing runoff coefficient. Relations between eQcum and the
runoff coefficient (Fig. 3.10B) show a pattern comparable to those found for E; the smallest discharge
volume errors are found at intermediate values of the runoff coefficient. For events with a high runoff
coefficient, the calibrated closure relation C tends to underestimate the amount of discharge. In some
extreme cases, the discharge is considerably underestimated or almost not generated, resulting in a
value of eQcum that almost reaches 100% (Fig. 3.10B). With the use of calibration factor optimized for
best median E in all calibration events, performance of the calibrated closure relation C is optimal for
events with a moderate runoff coefficient. The calibrated closure relation C* does not exhibit a trend in
performance runoff coefficient because the discharge was poorly simulated for most events.

3.4

Discussion and Conclusion

This study aimed at evaluating, at the catchment scale, the performance of a previously-developed
closure relation for HRU-scale Hortonian runoff in Chapter 2. This closure relation, C, incorporates
scaling parameters to account for sub-HRU process heterogeneity. These scaling parameters can be
obtained as a function of rainstorm characteristics and measurable HRU properties, using relations
derived from an extensive synthetic data set given in Chapter 2. The closure relation was incorporated
in a rainfall-runoff model, which was applied to a first-order catchment in the French Alps. The
catchment was divided into 59 HRUs corresponding to dominant geomorphological features
and landforms. Performance of the closure relation C was evaluated on an event basis under two
circumstances that are often encountered in the hydrological modelling – a gauged (i.e. non-calibrate)
and an ungauged (i.e. calibrate) situation. To assess the relative performance of our closure relation,
results were compared to results from a benchmark closure relation C* that does not incorporate scaling
parameters.
The results show that the closure relation C clearly outperforms the benchmark closure relation
C*, with respect to the Nash Sutcliffe coefficient and error in total discharge volume for most events.
The closure relation C is capable of reproducing the hydrograph shape for our study catchment, even
without calibration. Shape and timing of responses of the simulated hydrographs by the non-calibrated
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C are in accordance with the observed discharge; however, the response magnitude and discharge
volumes are overestimated for a number of events. Contrary to the closure relation C, it is impossible
to obtain accurate discharge responses using the closure relation C* that does not correct for sub-HRU
processes. Discharge responses reproduced by C* are too dependent on the temporal characteristics of
storm intensities. Furthermore, the discharge volume is considerably overestimated.
Calibration of Ks in the closure relation C simultaneously improves the shape of the hydrograph
and total discharge volume, resulting in Ks values that are 5-12 times higher than the original
(uncalibrated) values. The calibrated Ks values in the closure relation C are somewhat smaller than those
measured in the study area, but fall within the range of observed Ks (Table 3.3). The measured Ks values
exhibit large variation, which is caused by measurement errors and large variation of Ks over short
distances (Karssenberg, 2006). The calibrated Ks values also lie within the range of Ks values observed
at the plot scale in other studies (e.g. Robichaud, 2000; Harden and Scruggs, 2003; Stone et al., 2008;
Langhans et al., 2011; van den Putte et al., 2013). According to this result, it can be asserted that,
as the scale effects are isolated and explicitly accounted for by the scaling parameters in the closure
relation C, the calibrated Ks values represent local (plot) scale values. This finding implies that our
closure relation C may be used for the discharge prediction even without calibration, particularly when
sufficient empirical information is available on local (plot) scale values of Ks. Unlike C, the benchmark
closure relation C* is incapable of reproducing observed hydrographs, even after calibration. As the
benchmark closure relation C* neglects scaling effects, process description is grossly simplified as
analogous to the runoff-generation processes at a plot scale; runoff was modelled as an infiltrationexcess flux that is instantaneously discharged from the HRUs without delay, resulting in hydrographs
with a too steep rising and falling limb compared to the observed hydrographs. Also, calibrated Ks
values for the benchmark closure relation C* are considerably higher than those measured in the study
area (Table 3.3) or reported in other studies. The calibrated Ks used in the benchmark closure relation
C* appears to have a limited physical meaning. However, after calibration, the benchmark closure
relation C* is capable of providing reliable estimates of discharge volume, albeit with hydrograph shape
different from those observed. It can be stated here, as a side remark, that calibration of Ks does not
significantly compensate for the uncertainty in the choice of parameters used in the model forcing or
routing components because the model is by far most sensitive to the changes in Ks and infiltration
parameters compared to the changes in vegetation and channel parameters.
The capability of the closure relation C to reproduce discharge using local scale Ks values as input,
can be attributed to the use of scaling parameters to account for the effects of the HRU’s geometry
(e.g. length, slope gradient, and connectivity in flow pattern) and sub-HRU processes (e.g. post-event
infiltration, HRU storage) on the response characteristics at the HRU scale (i.e. lag of responses,
attenuation of responses, and so on). Errors in the discharge magnitude of the non-calibrated runs
are mainly caused by the uncertainty in the local-scale infiltration parameters (i.e. Ks and Hf ) and
boundary conditions. It is shown that, in the S catchment, where the infiltration parameters can be
estimated with less uncertainty (i.e. HRUs have small infiltration capacity), discharge simulated
using the uncalibrated C is already quite accurate for a large number of events. For the benchmark
closure relation C*, calibration does not remarkably improve the discharge prediction, which is a
strong indication that C* does not properly capture the processes in the HRUs. It might be possible
to improve the performance of the benchmark closure relation C* by calibrating a larger number of
parameters. Even if this were possible, the performance of the benchmark closure relation would largely
rely on calibration, without the benefit of using observable watershed characteristics as in our closure
relation C. The result would be a model with a weaker physical basis compared to our closure relation,
because the issue of model structural inadequacy (Gupta et al., 2012) is not resolved.
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The absolute performance of C might be considered not very impressive in some events. However,
this is still acceptable for several reasons. In this study, we do not present the model development at an
operational stage, but merely evaluate the performance of C and a merit of incorporating the scaling
component in the closure relation. Evaluation was done on a relative basis by comparing the NashSutcliff coefficient E obtained from the simulations by C and C*. As it is not our aim to maximize
E, some model components are kept simple (i.e. interception and routing scheme) and calibration is
restricted to the most sensitive parameter, using simple calibration approach. Apart from this, it is also
notably difficult to perform event-based hydrograph prediction in a small catchment, as the errors in
boundary conditions and model parameters are hardly averaged out. Other studies in a small catchment
show relatively low E, as comparable to those of our studies (e.g. Meng et al., 2008). Nevertheless, we
would like to note that the closure relation C yields the simulation results with quite high E for a
number of events (i.e. E is large up to 0.8).
It can be argued that C* might not be an interesting benchmark because the process description
used in C* is somewhat too oversimplified; thus the poor simulation results from C* can be expected.
The benchmark closure relation C* essentially neglects the runoff-travel time within HRUs to the
stream network. However, this assumption is commonly made in many large-scale hydrological models,
in which the closure relations can be applied. In such models, delay in runoff generated at hillslopes or
the sub-grid sections is neglected or combined with the delay in the main channels in a grid cell or subcatchment (e.g. Yu, 2000). To deal with this argument, we have somewhat improved the benchmark
closure relation C* by incorporating a component to account for the runoff-travel time within HRUs.
The delay of HRU-generated runoff to the stream network is estimated using the Manning’s equation
(Chow et al., 1988), and assumed invariant for all HRUs as to avoid imposing the scaling element
in the simulation. With the improved benchmark closure relation C*, the simulated hydrographs at
the catchment scale show a lag response, but the shape still remains incorrect (i.e. too instantaneous
to the rainfall characteristics). Calibration of the improved C* also results in an extremely high Ks,
similar to those of the original C* (results not shown). It can be concluded that performance of C* is
not significantly improved even the delay in runoff generated from HRUs is considered. This finding
strengthens the fact that the process description used in C* is not appropriate due to the lack of a
scaling component.
The closure relation C exhibits the largest predictive performance for events with a moderate
runoff coefficient. Predictive capacity of the non-calibrated closure relation C decreases for events
with a low runoff coefficient. For these events, the hydrograph magnitude and discharge volumes
are grossly overestimated. This may have various causes. One is that the closure relation C does not
take into account spatial heterogeneity of the HRU properties and its effects on runoff generation.
Spatial variability of infiltration parameters becomes more important in the runoff generation for
low-intensity events. A deterministic process conceptualization using uniform infiltration parameters
is apparently not sufficient to capture the stochastic behaviour of infiltration and runoff generation
processes (Corradini et al., 1998; Karssenberg, 2006). Another limitation of our closure relation
is related to the limited information on the value of scaling parameters for low intensity rainstorms,
which were under-represented in the synthetic database used to derive scaling parameters (Chapter
2). Finally, additional errors in hydrograph estimation may occur due to errors in model inputs or
structural errors in modelling framework in which the closure relation is used. In this study, we
neglected seasonal dynamics of the vegetation characteristics, which might affect interception and the
amount of net rain. However, this effect is not expected to be significant because the model is almost
not sensitive to changes in the vegetation parameters. Overestimation of the event discharge can be also
partly attributed to the assumption that no water loss occurs in the streams. Even though the amount
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of in-stream loss is most likely relatively small compared to the discharge generated at the catchment
scale, neglecting the in-stream loss may result in an overestimation of the discharge for storm events
with a small runoff coefficient. For these events, discharge is mostly generated from upstream HRUs
(i.e. hogbacks, debris slopes, and badlands) due to a smaller infiltration capacity compared to the
downstream HRUs (i.e. colluviums and alluvial fans). Discharge generated at upstream HRUs is likely
to be lost to deeper groundwater from the channels before it reaches the outlets.
The results from this study demonstrate the possibility of applying the closure relation C for
discharge simulation in the real-world catchments. Based on these results, it can be concluded that
the framework proposed in Chapter 2 is promising and should be further investigated as an alternative
blueprint in the identification of closure relations. Following this approach, closure relations for
different hydrological compartments can be developed, providing a basis for lumped modelling
framework under the HRU or REW concept. This approach is particularly useful because it does not
entirely depend on field observations that might be costly or difficult to obtain. The closure relations
can be deduced using an artificial data set, generated by a distributed high-resolution model, as a
surrogate of real-world data.
Future research could focus on the improvement of the relations between scaling parameters in
the closure relations and observable parameters for a wide range of conditions. This can be done by
recalculating and extending the database to include more observable watershed characteristics in the
estimation of scaling parameters and focus more on light rainstorms. Also, the level of physics used in
the physically-base high-resolution model for identifying the relations between scaling parameters and
observables could be further improved. More importantly, other runoff generating mechanisms at the
catchment scale; such as, saturated overland flow, including groundwater flow and variably saturated
areas could also be considered in the modelling framework. The closure relations for these hydrological
components can be developed following the hillslope-storage Boussinesq approach (Troch et al., 2003).
Due to the fast progress in computing technology, limitations related to the available computational
resources and run time will no longer be an obstacle for the aforementioned tasks. Advantages and
trade-offs in using the closure relation C (either the current or improved versions) in comparison to a
fully-distributed hydrological model should also be investigated for catchments with different sizes; this
should be done in a systematic way by looking at the simulation run time, computational costs, model
efficiency, and calibration efforts.
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Appendix A
Additional comparison plots between the observed and simulated discharge from the closure
relation C and C*.
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Figure A3.1 Hydrographs (Q, m3/h) modelled using the closure relation C (red) and C* (blue), compared
with the observed discharge (obs, black), for an event on 1 April 2010. Rainfall intensity (Rt, mm/h) is
shown on the secondary axis. E and E* are the Nash-Sutcliffe indexes for the closure relation C and C*,
respectively. Left panels, without calibration; right panels, with calibration.
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Figure A3.2 Same as in Fig. A3.1, for an event on 7 April, 2010.
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Figure A3.3 Same as in Fig. A3.1, for an event on 7 September, 2010. Note that observed discharge in the
M catchment is not available for this event.
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Figure A3.4 Same as in Fig. A3.1, for an event on 8 September, 2010. Note that observed discharge in the
M catchment is not available for this event.

79

80

4

Semi-automated mapping of landforms
using multiple point geostatistics as a basis
for hydrological response units
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Karssenberg, D. Semi-automated mapping of landforms using multiple point geostatistics.
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Abstract
This study presents an application of a multiple point geostatistics (MPS) to map landforms. MPS
uses information at multiple cell locations including morphometric attributes at a target mapping
cell, i.e. digital elevation model (DEM) derivatives, and non-morphometric attributes, i.e. landforms
at the neighbouring cells, to determine the landform. The technique requires a training data set,
consisting of a field map of landforms and a DEM. Mapping landforms proceeds in two main steps.
First, the number of cells per landform class, associated with a set of observed attributes discretized
into classes (e.g. slope class), is retrieved from the training image and stored in a frequency tree, which
is a hierarchical database. Second, the algorithm visits the non-mapped cells and assigns to these a
realization of a landform class, based on the probability function of landforms conditioned to the
observed attributes as retrieved from the frequency tree. The approach was tested using a data set for
the Buëch catchment in the French Alps. We used four morphometric attributes extracted from a 37.5m resolution DEM as well as two non-morphometric attributes observed in the neighbourhood. The
training data set was taken from multiple locations, covering 10% of the total area. The mapping was
performed in a stochastic framework, in which 35 map realizations were generated and used to derive
the probabilistic map of landforms. Based on this configuration, the technique yielded a map with
51.2% of correct cells, evaluated against the field map of landforms. The mapping accuracy is relatively
high at high elevations, compared to the mid-slope and low-lying areas. Debris slope was mapped with
the highest accuracy, while MPS shows a low capability in mapping hogback and glacis. The mapping
accuracy is highest for training areas with a size of 7.5 – 10% of the total area. Reducing the size of
the training images resulted in a decreased mapping quality, as the frequency database only represents
local characteristics of landforms that are not representative for the remaining area. MPS outperforms
a rule-based technique that only uses the morphometric attributes at the target mapping cell in the
classification (i.e. one-point statistics technique), by 15% of cell accuracy.

4.1

Introduction

Distributed hydrological modelling requires catchment discretization into elementary units to represent
catchment heterogeneity and distribute the simulation of hydrological response fluxes. Many studies
delineate the response units based on geomorphological features and landforms components since they
generally represent areas with hydrological similarities due to internal homogeneity of morphometric
and physical properties (e.g. Tilch et al., 2002; Güntner and Bronstert, 2004; Uhlenbrook et al.,
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2004; Pluntke et al., 2013). In this chapter, we investigate the delineation of HRUs in the context
of geomorphological mapping. Manual derivation of landform units, as a basis to derive the HRUs,
through field mapping is labor-intensive and time-consuming, particularly for large areas (Adediran et
al., 2004). Mapping quality may be influenced by individual experiences in landscape interpretation,
which can result in bias in landform categorization (Williams et al., 2012). These problems encourage
scientists to resort to automated landform mapping, because the amount of fieldwork can be largely
reduced (Seijmonsbergen et al., 2011). Automated mapping is particularly useful for areas with limited
accessibility, such as high and dense-forested regions (e.g. Schneevoigt et al., 2008) and planetary
surfaces other than those on the Earth (Florinsky 2008), i.e. Mars (e.g. Stepinski et al., 2007), Venus
(e.g. Burl et al., 1994), and the Moon (e.g. Jain et al., 2013).
Automated landform classification has shown a rapid growth over recent years due to advances
in machine-learning technologies and the increasing availability of high-resolution digital terrain
data (Evans, 2012). Automated landform classification can be done following inductive or deductive
approaches, or a combination of these. The inductive approach, also referred to as unsupervised
classification, derives landform classes based on internal characteristics and self-organizing structure of
the terrain attributes without imposing prior knowledge of the geomorphological characteristics (Irvin
et al., 1997; Burrough et al., 2000; Bue and Stepinski, 2006; Etzelmüller et al., 2007). The deductive
approach performs the classification based on pre-set class definitions of the cell properties representing
particular landform classes obtained from field evidence, i.e. supervised classification (Hengl and
Rossiter, 2003; Reuter et al., 2006; Seijmonsbergen, 2008; Ho et al., 2013). Digital elevation models
(DEMs) are primarily used to deliver morphometric attributes such as slope for identifying different
landform types (Sulebak et al., 1997; Bolongaro-Crevenna et al., 2005; Gharari et al., 2011). Nonmorphometric information related to vegetation, lithology, land cover, and soil derived from remote
sensing and field observations can be used to improve the classification (Irvin et al., 1997; Benger,
2003; Adediran et al., 2004; Luoto and Hjort, 2005; Schneevoigt et al., 2008; Chartin et al., 2011).
Many existing automated classification techniques delimit landform units based on the statistical
analysis of terrain attributes obtained at a single location, often neglecting spatial relations of landscape
characteristics and landform patterns. These include, for instance, techniques based on automated
data grouping such as clustering (MacMillan et al., 2000), classification trees (Thuiller et al., 2003;
Stepinski and Vilalta, 2005; Chartin et al., 2011), and regression (Atkinson et al., 1998; Luoto and
Hjort, 2005; Ridefelt et al., 2010). These techniques often produce units lacking spatial coherence,
because spatial relations are not considered in the classification (Minár and Evans, 2008). Also, they
may result in misrepresentation of morphological breaks (sharp transitions) in the landscape, as this
requires information at more than one location to locate terrain discontinuities (van Niekerk, 2010).
To overcome this problem, a number of techniques have been proposed that incorporate spatial
information and relations between locations. These include region growing approaches (Romstad,
2001; van Asselen and Seijmonsbergen, 2006), terrain segmentation approaches (Dymond et al., 1995;
Klingseisen et al., 2008; Matsuura and Aniya, 2012), and approaches using variograms (Jordan, 2003;
Bishop et al., 2012) to give information on the spatial continuity of different morphological features
that can aid landform discrimination (e.g. Trevisani et al., 2009). These techniques are, however, only
based on statistics calculated between two locations, which is often insufficient to capture complex
spatial patterns (Wood, 1996; Caers and Zhang, 2004). Applications of the two-point statistics
classification techniques are, thus, mainly limited to extracting morphological features that have a
relatively simple geometry (e.g. Dymond et al., 1995; Etzelmüller et al., 2007; van Niekerk, 2010), or
as a basis for object-based classification (Drăguţ and Blaschke, 2006; Anders et al., 2011).
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Multiple point geostatistics (MPS) is developed to overcome limitations of one or two point
statistics in simulating complex spatial patterns (Guardiano and Srivastava 1993). This method
characterizes and simulates a random variable at specific locations based on the spatial configuration
of properties and their autocorrelations at multiple spatial locations retrieved from a training
image (Strebelle, 2002; Caers and Zhang, 2004; de Vries et al., 2009). This training image can be a
conceptual drawing, geological analogue, outputs from process-based modelling, or unconditional
object-based simulations that contain data patterns deemed present in the area that has to be mapped
(Hu and Chugunova, 2008; Honarkhah, 2011). Simulation of a random variable can be done for
a 2D domain or image (Liu and Journel, 2004), a 3D block (Comunian et al., 2011), or even in
4D (Wu, 2007). MPS has been widely used to simulate geological facies distribution for petroleum
reservoir modelling (Caers, 2001; Strebelle, 2002; Caers and Zhang, 2004), and to reconstruct fluvial
depositional architecture for simulation of groundwater and hydrogeological transport (Feyen and
Caers, 2005; Knudby and Carrera, 2005; Huysmans and Dassargues, 2009). Recent research applies
MPS for mapping the spatial pattern of land surface phenomena; for example, soil type distribution
(Meerschman et al., 2013), geological features using outcrop information from LiDAR images (Viseur,
2013), sub-pixel land cover mapping (Boucher, 2007), and rain clusters within cloudy regions (Wojcik
et al., 2009). However, to our best knowledge, there has been no attempt to use MPS for mapping
landforms.
In this chapter, we explore and investigate the use of MPS for landform classification, focusing on
medium-scale landform types with a dimension between 10-2 – 101 km2, such as alluvial fans, fluvial
terraces, and debris slopes (Dramis et al., 2011). Here, we follow the SNESIM approach (Strebelle,
2002), which is the first practical MPS algorithm that has shown a profound success in many
applications (e.g. Feyen and Caers, 2005; Rezaee et al., 2011; Tang et al., 2013). SNESIM retrieves,
for each pixel on a training image consisting of a field map of landforms and a DEM, a landform
class including associated DEM attributes in categorical values (e.g. slope classes) and landforms at the
neighbouring pixels. Frequencies (i.e. number of cells) of each landform class corresponding to all sets
of attributes observed in the training image are stored in a search tree (i.e. frequency database). In the
classification stage, the algorithm stochastically assigns to every pixel, in a sequential order, a realization
of a landform class drawn from a conditional probability distribution of landform types, read from
the search tree, for observed DEM attributes at the target pixel and previously-mapped landforms in
its neighbourhood. In this manner, landform mapping can be set in a probabilistic framework using
a Monte Carlo simulation approach, giving information on mapping uncertainty. Furthermore,
with a capability of using information at multiple cell locations, landforms in the surroundings can
be explicitly used to determine the landform class of the target cell. This information is potentially
useful in mapping, because landforms exhibit a structural pattern in the landscape due to the dominant
geomorphic processes at different locations (Evans and Cox, 1999; Dehn et al., 2001).
As a pioneer study, we will investigate the configuration and implementation of MPS in
geomorphological mapping with an aim to answer four questions: 1) What are the key attributes and
their associated class discretization that enable the best discrimination between different landforms? 2)
What is the capability of the MPS technique in mapping landforms in the study area? 3) What is the
relation between size of the training area and mapping quality? 4) What is the performance of MPS
relative to a standard classification technique? This study is carried out using a data set from the Buëch
region in the French Prealps. To investigate the fourth research question, we use a rule-based approach
because it has been widely applied in a stand-alone mode (e.g. Dikau et al., 1995; Ho et al., 2013)
or in combination with other techniques (e.g. Seijmonsbergen et al., 2011). Also, this technique is
relatively similar to MPS in that a set of heuristic rules or conditions, representing specific landform
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Figure 4.1 Location and topography of the study area

classes defined a priori, is used to inform a landform class at unknown locations. Unlike MPS, the rulebase classification does not consider spatial relations between landform units.
The chapter is organized as follows. Sect. 4.2 describes the geological and geomorphological
background of the study area. A description of the MPS technique for mapping landforms, including
the configuration of the technique for mapping landforms is presented in Sect. 4.3. Mapping results
are shown in Sect. 4.4; from these, mapping accuracy and the effect of the training area on mapping
quality are analysed and discussed. Conclusions and future perspectives, including general guidelines in
applying MPS in mapping landforms are presented in Sect. 4.5.

4.2

Study area

We demonstrate the MPS approach in mapping the landforms in the Buëch Valley, located within
the southern subalpine chain of the Dauphiné and Provence Prealps, in the department Hautes Alpes,
France (Fig. 4.1). The Buëch River is a tributary to the Durance River. The mapping site covers an area
of approximately 280 km2, stretching roughly for approximately 20 km along two main tributaries of
the Buëch River (Grand Buëch and Petit Buëch), from the town of Aspres-sur-Buëch (Grand Buëch)
and Veynes (Petit Buëch) down to some 10 km south of the confluence of these tributaries near the
town of Serres. The elevation ranges between 700 and 1800 m (Fig. 4.1). The geology of the area is
characterized by a sequence of sediments from the late Jurassic (Fig. 4.2; Dumas et al., 1987). The
upper-most layer consists of highly-resistant massive limestone of Kimmeridgian-Tithonian age (i.e.
Calcaire Tithonique), which overlies alternating layers of limestone and marl (i.e. marno-calcaires)
of Argovian age. The bottom layers in the sequence are calcareous black marls deposited during the
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Figure 4.2 Schematic presentation of the landform units across a valley in the study area. Arrowheads
point toward the landforms that are observed at 10 cells downstream from a landform at the start of
arrow lines with a proportion larger than 10% of the total cells of that landform class (Sect. 4.4.2.2 and
Fig. 4.9), in the field geomorphological map (Sect. 4.4.1). Note that the arrows only provide qualitative
information on the relative positions between landforms; and the arrow length does not represent the
distances in the landscape. Vertical scale is exaggerated.

Callovian and Oxfordian (i.e. Terres Noires; Miramont et al., 2000; Battiau-Queney, 2005). These marl
deposits are thick (1500 – 2000 m) compared to the overlying Argovian deposits (300 m) and Calcaire
Tithonique (20 – 80 m) (Descroix and Olivry, 2002; Brocard et al., 2003). The sedimentary layers were
intensively deformed during two subsequent orogenic phases: the Pyreneo-Provencale orogeny from the
late Cretaceous to the Eocene with a West – East strike; and the Alpine orogeny in the late Miocene
with an NNE−SSW strike. This resulted in a sequence of short folds and thrusts pertaining to these
two orogenic phases (Blanchard, 1921; Battiau-Queney, 2005; Brocard and van der Beek, 2006), and a
landscape made up of anticlinorial domes and smaller synclinal structures, sometimes at high elevation
(synclinaux perchés). The constituent rocks are heavily affected by this deformation by folding and
faulting (e.g. diastrophism) and by subsequent weathering during the deglaciation period and the
Holocene (Blanchard, 1921). Quaternary deposits are widely found throughout the area, of which the
deposits from the last glacial (Würm) period are most prominent. These deposits are largely of glaciofluvial origin, with material delivered by meltwater streams from the Durance glacier that intruded
the Buëch valley at the Freissinouse pass (Brocard et al., 2003). Locally, hillslope deposits from the
Holocene can be found.
Present-day geomorphological characteristics (Fig. 4.2) can be traced back to the late Miocene
after the Alpine orogeny. Geomorphological development in the Buëch Valley is strongly linked to
differences in lithological resistance to erosion between the massive limestone (e.g. Calcaire Tithonique)
and soft marls (e.g. Terres Noires). The Calcaire Tithonique is resistant to erosion, resulting in hogbacks
at anticlinal valley sides that tower high above the valley floor. In contrast, the Terres Noires marls
show relatively little resistance to erosion. In conjunction with material supplied from the Calcaire
Tithonique hogbacks, the Terres Noires marls have given rise to the development of concave, pedimentlike slope surfaces (i.e. glacis d’érosion) during the Pleistocene. These glacis d’érosion slopes, referred
to as glacis hereinafter, have been formed under the influence of frost weathering, solifluction and/or
gelifluction when cold, periglacial conditions existed and vegetation was largely absent. Cold conditions
then also resulted in large quantities of debris to be transported to the river system, resulting in river
valley infilling and raised riverbeds. During a subsequent interglacial period with decreased sediment
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supply, the river incised, causing the formerly elevated floodplains to become glaciofluvial terraces.
With a consecutive alternation of glacial and interglacial periods during the Pleistocene, a sequence
of fluvial terraces was successively created at different levels: since large parts of the Buëch Valley were
not covered by glaciers, these glacio-fluvial terraces were not eroded by glacier ice and can nowadays be
found at elevations of approximately 190 and 80 m above the present-day valley floor (Brocard et al.,
2003). Colluviums and alluvial fans in the area stem from the end of the last ice age (Würm), which
resulted in progressive accumulation of fine sediments downslope (Descroix and Gautier, 2002). The
sharply incised badland topography of certain marl areas was subsequently formed in the Holocene due
to high-intensity precipitation, causing severe erosion of the marl deposits downslope. Badlands are
prominent landforms in the Buëch valley, responsible for a significant amount of the sediment supply
to streams and rivers in the area (Descroix and Olivry, 2002).

4.3

Methodology

4.3.1

Field mapping of landforms

A field map of landforms is required to train and validate the automatically created landform map.
In this study, we mainly focus on mapping the ‘landform complex’ (Dramis et al., 2011), which is
a sequence of relatively homogeneous entities representing a characteristic morphological pattern of
landform elements, for example, debris slopes, alluvial fans, and fluvial terraces. Landform units at
this scale can be chosen as model units in a hydrological model (Chapter 3) or as functional units for
planning and management (e.g. Arattano et al., 2010).
Following van Asselen and Seijmonsbergen (2006), a map legend was constructed using two
criteria: the environment in which landforms were developed (i.e. hillslope or fluvial), and the
dominant forming process (i.e. structural control, erosion, or accumulation). This resulted in eight
landform classes (Table 4.1). Hydro-geographical features were also mapped into four classes: lake
(natural and artificial), main river, perennial stream, and ephemeral stream.
Classification rules or criteria were defined for each landform class. These mapping criteria
include locally-observable terrain characteristics and the topographical context observed in the vicinity
sufficiently covering the characteristic dimension of the landform units, i.e. approximately 500 m for
the landform types mapped in this study (Speight, 1990). The mapping criteria can be grouped into
characteristics of lithology (e.g. regolith type, texture, thickness of regolith layer, colour, and sorting),
topography (e.g. relief, composition and spatial arrangement of landform elements), morphology (e.g.
slope angle, aspect, and curvature), vegetation (e.g. type and coverage), channels (e.g. form, pattern,
and density), status of geomorphological activity (e.g. active, inactive), dominant geomorphological
agents, position relative to the main channel and watershed divide, and relations between different
landform types. These criteria were observed and evaluated at approximately 400 locations and the
landform class was identified. The topographical map at a scale of 1:10,000 was used as a base map to
delineate landform boundaries. This mapping scale is suitable because the typical size of the landform
units examined in this study (i.e. >104 m2) can be captured at this scale (Speight, 1990; MacMillan
et al., 2004; van Asselen and Seijmonsbergen, 2006; Dramis et al., 2011). The field campaign of
geomorphological mapping took one month. The mapping procedure started by identifying the
hydrological features, particularly the main rivers and perennial streams, because they often indicate the
borders between different landform units. The units that can be easily recognized from a long distance,
i.e. large-size units or units with a distinct shape (e.g. alluvial fans), were mapped in a subsequent order.
Finally, the mapping was done for units with smaller sizes, requiring detailed inspection at a local scale.
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Concave slope surface, narrow and elongated, with
decreasing slope angle from 25º to 3º in downstream
direction. Situated at a relatively high position in the
landscape, but not always connected to the mountain
crest. The lower part might be disconnected from the
main part due to erosion, resulting in low-relief isolated
hills with flat top. Badlands often present at the side or
at a lower part.

Glacis

Accumulation

Intensely dissected terrain with extensive branches of
interconnected sharp ridges, forming local watershed
divides and V-shaped gullies with steep side slopes (>
65º). Slopes are highly incised by small rills showing
high drainage density as a result of intensive erosion by
overland flow. Mostly bordered by deep-cut ephemeral
channels. Situated at a variable height in the landscape.

Badlands

Erosion

Debris slope Extensive rectilinear slope surface with slope angle
between 25º – 40º. Positioned high in the landscape,
below mountain crests or hogbacks. Mass movements
are included in this class.

Steep ridge or cliff (60 – 80º) of bare rock as a result of
lithological resistance to erosion. Located at the highest
position in the landscape as a stretching rocky belt with
narrow width along the mountain crest or watershed
divide in a perpendicular direction to the slope.

Hogback

Structural
control

Hillslope

Topography/morphology

Heterogeneous matrix-rich
deposit, consisting of loose
and angular materials of
limestone fragments, mostly
eroded from higher elevation
and crudely stratified.
Thickness of deposit up to 10
m.

Relatively thin deposit layer
with increasing thickness
downslope (i.e. 0.5 – 2 m).
Moderately-sorted angular
clasts with relatively fine
matrix; boulder-size materials

Very thin layer of dark-colour
marls or clay with high
weathering degree. Relatively
impermeable and erodible.

Highly-resistant massive
limestone. Absence of
material deposits or soil layer
due to steepness.

Material deposits

Descriptions

Landform
class

Geomorphological
Process
environment

Table 4.1 Descriptions of the landform classes used in landform mapping

Lack of vegetation at
the steep part while
densely-vegetated in
moderate to low lying
slope (< 25º).

Mainly forest. Deciduous
species at low elevation
and coniferous species
at high elevation.

Absence or sparse
vegetation (< 10%),
of which short grass,
shrubs and coniferous
tree are the most
common species.
Agricultural activities
not present.

No vegetation, or
short grasses or shrub
vegetation.

Vegetation/landuse

Table 4.1 (Cont.)

Accumulation

Geomorphological
Process
environment
Fluvial

Topography/morphology

Well- developed soil layer,
Grassland and intensive
heterogeneous and poorlyagricultural activities.
sorted materials dominated
by fine-grained marls or
calcareous debris particles.
Decreased grain size along
the slope. Thickness of
deposits between 1 and 10 m

Material deposits

Descriptions

Alluvial fan

Fan-shape landform with a convex cross-sectional profile
across the main slope, usually covering a large area of up
to a few km2 with gentle slope gradient varying from
0.5º to 20º. Developed at a relatively low position in the
landscape at the foot of a steep slope with an abrupt
transition of slope gradient. Deep-incised streams at
lateral boundaries.

Materials are generally
composed of abundant
angular gravel within a finer
matrix. Internal structures
poorly developed to absent.

Vegetation/landuse

Colluvium

Deposits without a clear fan shape and source areas.
Situated directly at the foot of moderate to steep
slopes. Often laterally interconnected. Slope profile
slightly concave.

Relatively fine grains (i.e. sand Grassland, shrubs, and
and silt) with rounded gravel. forest. Agricultural
activities can be found
Moderately to well sorted.
Variable deposit thickness,
usually >0.5 m.

Landform
class

Fluvial
terrace

Elevated plane of flat surface slope with sharp-cut
boundary (i.e. steep side slope). Developed along the
main valley parallel to the main river. Position variable
in the landscape, higher than the present-day river level.
No longer flooded by the river.

Similar to fluvial terraces.
Sedimentation process still
active. Gravel bar present.

Forest, shrub, grassland,
or no vegetation. Small
agriculture activities.

Grassland, light density
forest. Agricultural
activities can be found.

River plain

Low-lying flat terrain unit bordering the main river
channel or permanent streams at the same or slightlyhigher elevation. Regularly or yearly flooded. Relatively
unclear boundary with the landforms at a higher
position (e.g. colluviums).
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4.3.2

Multiple point geostatistics for mapping landforms

4.3.2.1 Concept
We use the multiple point geostatistical method developed by Strebelle (2002), which is a single normal
equation simulation algorithm often referred to as SNESIM. This MPS approach is a probabilistic
technique: the data value (i.e. landform class) at a pixel is simulated based on the discrete probability
function of a random variable given a conditioning data event at multiple locations (Honarkhah,
2011). SNESIM is regarded as the first practical MPS algorithm and it has brought the initial MPS
concept by Guardiano and Srivastava (1993) into practice (Hu and Chugunova, 2008; Mariethoz and
Lefebvre, 2014). In this study, the SNESIM algorithm was implemented in Python, and run in the
PCRaster Python framework for stochastic modelling, which has operators on raster maps (Karssenberg
et al., 2007). As with other MPS algorithms, SNESIM derives from a training image the statistics of
a multiple-point pattern that is used in the mapping phase. In this study, the training data set consists
of a field map of landforms and the DEM. In the training phase of the algorithm, the landform class
at a location (i.e. pixel) is characterized by a set of topographical properties for that location, taken
from the DEM, and landforms at multiple neighboring locations. This information, collected from
all pixels in the training area, is used as ‘knowledge’ to map landforms in other areas where only the
DEM is available (Fig. 4.3). To define the conditional relationships between topographical attributes
and landforms, the continuous data (e.g. DEM derivatives) must be converted to categorical variables.
The SNESIM approach generates an automated landform map in two stages: training and mapping
(Fig. 4.3). In the training stage, the SNESIM algorithm visits each cell in the training image and
retrieves a set of attributes over the data search template with a central node at the cell visited (Fig. 4.4),
referred to as an attribute pattern. The attribute pattern consists of morphometric attributes, given as
categorical values of DEM derivatives (e.g. elevation and slope classes) at the central template node, and
landforms at two locations in the downstream direction from the central template node (Fig. 4.4; see
Sect. 4.3.2.2). The downstream direction is retrieved from a local drainage direction map, in which the
flow direction in each cell is assigned to one of its eight surrounding cells with the steepest descending
slope in the DEM (Burrough and McDonnell, 2004). The algorithm stores the attribute patterns of all
nodes in a search tree structure, i.e. a frequency database, as shown on the right of Fig. 4.3. This form
of data storage results in a fast retrieval of the information in the mapping stage (Strebelle, 2002; de
Vries et al., 2009).
In the mapping stage, the order in which the cells in the mapping area are sequentially visited is
specified first (see Sect. 4.3.2.5). The algorithm visits the cells in this order, executing the following
three steps for each cell. First, the algorithm retrieves the attribute pattern in the template centred at the
cell visited, which includes the DEM attributes of the central template node and the landforms at its
downstream locations (in case neighbouring cells have already been visited and mapped). Second, the
frequencies of each of the landform class occurrences (i.e. number of cells) conditioned to the attribute
pattern observed in the template are retrieved from the search tree. This information is converted into a
categorical probability distribution giving the probability of landform classes at the cell visited:
Pr ob { I ( i , g ) | Vi } =

f ( Vi | g )
f (Vi )

(4.1)

where I(i,g) is the event that the cell i belongs to the landform class g, Vi is the vector containing the
attribute pattern observed at location i: f(Vi ) is the number of cells in the training area with the attribute
pattern Vi, and f(Vi | g) is the number of cells in the training area with the attribute pattern Vi that belong
to the landform class g. In the third and final steps, a realization of the landform class is drawn from
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Figure 4.3 Schematic representation of the MPS concept for mapping of landforms. The mapping procedure consists of two steps; training (above) and
mapping (below). The search tree as a frequency database (right) is created for the training stage, providing probability distributions of landform classes
conditioned to certain attribute patterns, which are used to map the landforms outside the training area. Note that, due to a limited space, we only
present, in the search tree, the relations of four landform classes (i.e. A to D) given three attributes; two morphometric attributes discretized into two and
three classes, and one non-morphometric attribute (i.e. a landform in the neighbourhood). Data search template is shown in Fig. 4.4.
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Figure 4.4 Mapping areas of 5 × 5 cells and data search template used in this study (bold cells). The
template consists of the central node (red) and cells at two locations downstream of the central node
(green) (i.e. immediate downstream neighbor, and 10 cells downstream from the central node). Cell
drainage direction is shown in blue lines. The attribute pattern for each node consists of a set of local
DEM derivatives and landform types at one and 10 cells downstream. Note that, due to a space limit, a
template with four cells instead of 10 cells downstream from the central node is shown.

this probability distribution and assigned to the cell visited. The algorithm then moves to the next cell
in the predefined sequential order and repeats the mapping procedure. This is done until all cells in the
mapping area have been assigned a realization of a landform class.
In case the attribute pattern Vi observed at the target mapping cell does not exist in the database
(e.g. attributes are missing or not observed in the training images), the last attribute in Vi will be
disregarded, resulting in a new attribute pattern. This attribute trimming process is done until the
trimmed attribute pattern matches an attribute pattern in the frequency database. Then, the numbers
of cell occurrences with respect to this trimmed attribute pattern are retrieved and converted into
the categorical probability distribution of landform classes to be used in mapping. If the entire set
of observed attributes Vi does not match the attribute patterns observed in the training area (i.e. all
attributes have been dropped out), a probability distribution of landform classes over the entire training
area (i.e. marginal probability distribution) will be calculated and used in mapping.
To ensure reliable statistics, the attribute patterns used in mapping should have enough replicates
(i.e. cell counts) in the training image (Liu, 2006). In this study, a minimum number of replicates
allowing an attribute pattern to be used in mapping is set to five. This value was derived based upon
a number of test runs. If this condition is not satisfied, attributes in the observed attribute pattern are
dropped one-by-one, until the number of cells corresponding to the new attribute pattern is equal to or
above five.
Since the MPS technique assigns to the cells a realization of a landform class drawn from a
conditional probability function, the landform class assigned to given cells may vary from one map
realization to another. Thus, the landform mapping has to be done in a stochastic Monte Carlo
framework, in which a number of different equally likely map realizations are generated and used to
derive the final landform map, which contains for each cell the most often occurring landform class in
the cell, calculated over all map realizations. In addition, this stochastic framework allows calculating
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Table 4.2 Attributes used in geomorphological mapping
Type

Attributes

Symbol Descriptions/remarks

Morphometric

Height above the
nearest drainage

HAND

Adjusted terrain height relative to the elevation at the nearest
channel to which a cell drains (Rennó et al., 2008; Nobre et
al., 2011). The channels, as a reference elevation level, are
defined as cells with the upstream area exceeding 2 km2
(i.e. 1500 cells). A cell drainage direction is calculated based
on the elevation data using the eight-point pour algorithm
(Burrough and McDonnell , 2004).

Slope gradient

S

Absolute change in height per distance in horizontal
direction; a value between 0 and 1, calculated over a window
of 3 × 3 cells using the third-order finite difference method
(Skidmore, 1989).

Profile curvature

φ

Change in slope gradient per distance in horizontal direction
along direction of the slope (Zevenbergen and Thorne, 1987).
Negative at concave slopes and positive at convex slopes.

Slope variability

Svar

Absolute difference between the minimum and maximum
slope gradients over certain areas (Ruszkiczay-Rüdiger et al.,
2009), obtained over a 7 × 7 cell window (i.e. about 0.07 km2).

Non-morphometric Landform at one cell G1
downstream
Landform at 10 cell
downstream

G10

A landform at a close proximity to the cell of interest, located
at an adjacent downstream position.
A landform at a cell located 10 cells (375 – 530 m) away from
a cell of interest in the downstream direction along the local
drainage direction map.

uncertainty in the map (see Sect. 4.3.3.1). The Monte Carlo procedure has been run by generating 35
map realizations. Test runs with a larger number of realizations gave comparable results, indicating that
the 35 realizations are sufficient.
4.3.2.2 Attributes used in mapping
We investigate the suitability of four morphometric and two non-morphometric attributes for
mapping landforms in the study area (Table 4.2). These attributes are chosen analogous to the criteria
used in field mapping (Sect. 4.3.1). Morphometric attributes are derived from a 37.5 m resolution
DEM. These attributes are retrieved from the same location as in the field map of landforms, i.e.
at the central node of the data search template (Sect. 4.3.2.1, Fig. 4.4). Three of the morphometric
attributes used, elevation, slope gradient, and profile curvature, are amongst the most fundamental
attributes that are considered as sufficient in characterizing and discriminating different landform types
(Hammond, 1964). These attributes are, thus, commonly chosen for automated landform classification
(e.g. MacMillan et al., 2000; van Asselen and Seijmonsbergen, 2006; Gharari et al., 2011). Note that
elevation used in this study is the relative elevation to the regional base level, i.e. elevation at the nearest
river to which cells drain, or the lowest elevation in sub-catchments (Rennó et al., 2008). In addition,
slope variability is used to represent topographical roughness around the cell of interest.
Non-morphometric attributes in the neighbourhood (i.e. landform classes) are used to represent
the spatial patterns of landform units in the landscape. We consider landforms at two locations,
i.e. at the direct downstream neighbour of the central template node, and at 10 cells downstream
(i.e. 375 – 530 m) from the central template node following the drainage path. A group of cells in
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proximity is likely to belong to the same class of landform; as such a landform at the adjacent location
is a good indicator to determine a landform at a location of interest. This information can also help
in maintaining the spatial continuity of mapped landform features. Landforms have a structure of
organization across the landscape; certain landforms coexist resulting in a sequential formation of
landform units along the hillslope (Fig. 4.2). A landform at 10 cells downstream from the central
template node is used to represent a landform at the lower boundary of the landform at the cell of
interest, giving positional relations between landforms (see Sect. 4.4.2.2).
4.3.2.3 Class numbers and class boundaries of morphometric attributes
SNESIM requires the use of categorical variables to create the frequency database (Sect. 4.3.2.1).
The number of classes and class boundaries for discretization of continuous morphometric attributes
was selected based on the zonal statistics of DEM derivatives for each landform class calculated over the
entire study region. Class boundaries were manually defined such that each of the resulting attribute
classes represents a single or a small number of different types of landforms. We kept the number of
classes at a minimum, because increasing the number of classes leads to a larger number of different
attribute patterns in the frequency tree, resulting in a smaller number of replicates per attribute pattern.
A small number of replicates should be avoided, as this reduces the reliability of the conditional
probability functions represented by the frequency tree.
4.3.2.4 Training images
Training images should contain sufficient information on the characteristics and spatial pattern of
landforms present in the mapping areas. In this study, we select a training image covering an area of
28 km2 or 10% of the study area. The training image consists of four circular areas, each of which
has a diameter of 3 km (i.e. 80 cells) and size of approximately 7 km2. This size is chosen based on
an assumption that field mapping of landforms could possibly be done by one or two persons in a
short time period. Also, the dimension of a single training image sufficiently covers the characteristic
length of most landform units, including the spatial pattern of landforms (Fig. 4.5). Although large
and elongated landforms (i.e. debris slopes and river plains) may not be entirely captured within the
training image, the position of these units relative to other landforms is well represented. These four
areas are randomly located over the study region to account for the spatial variability in landform
characteristics and to increase the statistical reliability in the training data sets (Fig. 4.5). Landform
mapping using this training image is referred to as the ‘base’ mapping scenario.
We also examine the effect of the size of training images on mapping quality since the amount of
information used in mapping is strongly related to the size and coverage of the training images. A set
of mapping scenarios with different sizes of training images is created. This is done by dropping out
at least one of the four training areas used in the base mapping scenario. This results in 16 mapping
scenarios with training image sizes ranging from 7 to 20 km2 or 2.5 – 7.5% of the total area. Accuracy
of the auto-generated landform maps is expected to be related to the size of the training images used in
mapping.
4.3.2.5 Path of cell visit in mapping
SNESIM visits the cells in a sequential order in the mapping stage. Landforms that have been
previously mapped in the nearby pixels will be conditions to map the cell under a current visit. In
this way, the path of cell visits may have a strong influence on the mapping quality as it is directly
related to the information content used in mapping (Liu and Journel, 2004). Here, we investigate two
different cell mapping orders, i.e. one on a random basis and one along the local drainage network in
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upstream direction. For the latter approach, landforms at the downstream cells will be initially mapped,
providing hard conditions for mapping the landforms at the upstream cells. The path of cell visits that
results in a higher mapping quality is chosen and used throughout the study.
4.3.3

Evaluation of the MPS technique

4.3.3.1 Uncertainty in the mapping results
Variation of landform classes mapped at a cell over map realizations can be quantified using the index
of qualitative variation (Gibbs and Poston, 1975):
qi =

Gi  G i p 2 
1 − ∑ g, i 
Gi − 1  g = 1 

(4.2)

where qi is the index of landform variation mapped at cell i, pg,i is the proportion of realizations with
a landform g that is assigned to cell i, and Gi is the total number of landform classes assigned to cell i.
The index varies between 0 and 1, indicating, respectively, that a single landform class is observed over
all map realizations, and a low mapping uncertainty; and that all landform classes are evenly assigned
across all map realizations and a high uncertainty in mapping.
4.3.3.2 Mapping accuracy
The accuracy of the landform maps produced from the MPS technique is evaluated against the field
map of landforms obtained in Sect. 4.3.1. It is assumed that errors of field-mapped landforms are
relatively small and do not have a significant effect on the evaluation results. Evaluation of the mapping
accuracy is done for the final landform map for each mapping scenario, separately for the area outside
the training area used in the base scenario (i.e. all training images), and for the training area itself of
the respective scenario. The latter is done to retrieve information on the possible maximum mapping
accuracy when there is no discrepancy between landform characteristics in the training and mapping
areas. The quality of the automated map is evaluated per pixel and over a group of adjacent pixels.
For a pixel-based evaluation, the fraction of correctly classified cells and the kappa statistics are
used. The kappa coefficient (κ) is computed as (Lillesand et al., 2004):
κ=

pa − pe
1 − pe

(4.3)

where pa is the fraction of correctly classified cells, and pe is the overall probability of random agreement
among landform classes whose cells are mapped both correctly and incorrectly. The Kappa coefficient
ranges from 0 to 1. A value of 1 represents a perfect agreement between two maps, and 0 corresponds
to an agreement that would only be obtained by chance.
Evaluation of mapping quality over a group of contiguous pixels is done using two criteria. First,
we evaluate the degree of landform similarity between the automated and field maps, for every cell
location, over a template of 4 × 4 pixels (150 × 150 m). This is calculated as (Pontius et al., 2004):
G

A

F

si = ∑ min( fg, i , fg, t )

(4.4)

g =1

where is an index of landform similarities over a window with a central location i, g is a landform class
(= 1,…,G, with G the total number of landform classes observed in the study area), fg,i is a fraction of
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cells with a landform class g over the window with a central location i, the superscripts A and F indicate
the automated map and field landform map, respectively, and min(x,y) selects the lesser value of x and
y. The index of cell similarities ranges between 0 and 1. A value of 0 means that landform classes over
the window between the two maps are totally different, while a value of 1 indicates identical landforms
between the two maps. Total landform similarity can be obtained by averaging the index of similarity
over the whole map.
Second, we evaluate the average difference Dsize (m2) in the size of landform units between the
automated and the field maps (Hagen-Zanker, 2006). This metric is calculated as follows. First, areas
(m2) of contiguous patches (i.e. representing single landform units) are retrieved and assigned to the
cells that belong to the units. The cell values are, then, distance-weighted averaged using a search radius
of 4 cells. These are done for both the automated and field maps. In the next step, these two maps
are subtracted to result in a new map representing cell-by-cell differences in the weight-averaged unit
sizes. These values are, then, averaged over the whole map to retrieve the average difference in unit sizes
between the automated and field maps. This calculation was made using the Map Comparison Kit
software package (Visser and de Nijs, 2006). A positive value of Dsize indicates that the average size of
landform units in the automated map is larger than that of the field map, and a negative value means
the opposite.
4.3.3.3 Performance relative to the rule-based classification approach
To evaluate our mapping algorithm, the automated maps generated by MPS are compared to those
from a rule-based classification, which is a widely used automated technique (e.g. Ho et al., 2012;
2013). Here, the classification procedure is set up in a similar manner as MPS. The classification rules
are defined as combinations of different attributes discretized into classes; each combination describes
the characteristics of a particular landform. We only use morphometric attributes (Sect. 4.3.2.2) to
define the classification rules, neglecting the non-morphometric attributes in the neighbourhood.
Thus, the classification is only based on statistics of attributes at the target mapping cells without
considering spatial relations between cells. The classification rules are heuristically derived from the
statistical analysis of attributes for each landform class sampled in the training image. Distribution
characteristics of morphometric attributes for different landform classes are analysed to identify the
attribute values that enable discrimination between landform classes. This is done in a hierarchical
order for each mapping attribute. HAND is used as the first condition, followed by slope gradient,
profile curvature, and slope variability. This results in a classification tree whose lowest branches (i.e.
rules) represent single types of landform. With these heuristic rules, the landform class in each pixel
is identified deterministically. Note that class numbers and class boundaries chosen for morphometric
attributes in the rule-based classification are different from those used in the MPS.

4.4

Results

4.4.1

Field map

The Buëch valley (Fig. 4.5) is dominated by debris slopes and badlands (16%) (Table 4.3). Hogback is
the least present landform type (0.2%).
Landforms show a sequential organization from the mountain crest to the valley bottom, as shown
in the schematic cross section of Fig. 4.2. Hogbacks occupy the highest position in the landscape,
below which debris slopes extend over the upslope part. Glacises are generally found at approximately
the same elevation as debris slopes, and are sometimes still connected to hogbacks at their upper
boundaries. Badlands and colluviums are typically positioned below the debris slopes and glacises.
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Figure 4.5 Field map of landforms; rasterized to a 37.5 m cell size. Hydrological features are not shown.
The training areas (A to D) are indicated with circles.

River plains are present at the valley bottom, surrounded by elevated plains of fluvial terraces and
alluvial fans. This sequence of landform classes suggests that the relative elevation and position of units
over a slope profile between the watershed divide and streams are of importance in characterizing the
landforms.
The proportion of landform units in the training area of the base scenario (i.e. A to D combined,
Table 4.3) is slightly different from that of the area outside the training image (i.e. mapping area). The
proportion of landform classes in individual training areas (i.e. A, B, C, and D separately, Table 4.3)
shows quite some variation.
4.4.2

Analysis of mapping attributes

4.4.2.1 Morphometric attributes
The morphometric attributes (Fig. 4.6A, C, E, G) are positively and moderately correlated (Table 4.4),
indicating that the attributes partly contain similar information. However, each attribute carries specific
information that, when combined, is expected to be valuable in the automated mapping process.
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discrimination between landform classes (see Fig. 4.8).
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Figure 4.7 Comparison between the mean values of normalized morphometric attributes to a range of 0 –
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The landforms in the fluvial environment (river plain, fluvial terrace, alluvial fan, and colluvium)
have comparable mean morphometric attribute values (Fig. 4.7A). The range of variation of
morphometric attributes is however small, resulting in limited overlap between these landform classes,
implying that the landforms can possibly be distinguished, despite their similarity in mean values
(Fig. 4.8). A landform class can often be distinguished from the others using a single morphometric
attribute. For example, HAND is the most useful attribute to distinguish river plain from other
landform classes because the river plains are situated at the lowest position in the landscape and have
the lowest HAND value. However, alluvial fan and fluvial terrace are an exception, as morphometric
characteristics of these two landform classes considerably overlap (Fig. 4.8). Discrimination between
alluvial fan and fluvial terrace, using these morphometric attributes alone, is expected to be difficult.
Morphometric properties of landforms in the hillslope environment (debris slope, glacis, hogback,
and badlands) are clearly different from those in the fluvial environment. HAND appears to be the
most important attribute capable of distinguishing units as the mean values differ between landform
classes in the hillslope environment (Fig. 4.7B). However, Fig. 4.8 shows that morphometric properties
of landforms in the hillslope environment exhibit large variation and overlap between landforms, i.e.
morphometric properties of debris slope significantly overlap with glacis and hogback. However, debris
slope can possibly be discriminated from badlands using HAND and slope gradient.
4.4.2.2 Non-morphometric attributes
Non-morphometric attributes, i.e. landforms at downstream locations from the cell of interest,
provide additional information to distinguish between landform classes. A landform at the immediate
downstream neighboring cell is mostly identical to the landform at the target cell (results not shown).
However, this is exceptional for hogback where the direct downstream cells are of other landform
types, mainly debris slope. This is due to the small size and elongated shape of hogback, extending along
watershed boundaries (Table 4.1).
Landforms at a location of 10 cells downstream along the local drainage network from the cell of
interest (Fig. 4.9) often correspond to the immediately next landform class in the top-down landform
sequence shown in Fig. 4.2. However, for very large landform units (i.e. alluvial fan and debris slope),
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Figure 4.8 Box plots showing statistical properties of morphometric attributes for different landform
classes, with the class boundaries indicated on the second axis.

a distance of 10 cells downstream may not be sufficient to retrieve the landform at the adjacent
downstream neighbour.
Landform classes located 10 cells downstream from the cells of interest can be explained by the
processes during landscape evolution (Sect. 4.2). There is a dominating landform class at 10 cells
downstream for some landform types. For example, the majority of landform classes observed at
10 cells downstream from the fluvial terrace cells is river plain (i.e. 50% of the fluvial terrace cells;
Fig. 4.9A). This is because fluvial terrace and river plain are both found in the river valleys, often
neighbouring each other, where river plain is by definition at a lower elevation and thus often occurring
10 cells downstream from fluvial terrace. So, a landform at a 10-cell downstream location is an
important criterion to distinguish fluvial terrace from other landform classes in the fluvial environment.
Generally speaking, non-morphometric attributes in the surroundings (i.e. landform types) provide
additional information where morphometric attributes alone are insufficient in distinguishing between
landforms.
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Figure 4.9 Landforms observed at 10 cells downstream for cells in the fluvial environment (A) and in the
hillslope environment (B). Each line shows the percentage of the landform classes (shown on the axis of
the spider plots) observed 10 cells downstream from cells belonging to a particular landform.
4.4.3

Configuration of the MPS technique

4.4.3.1 Defining class boundaries for morphometric attributes
The MPS technique requires the attribute values to be discretized into classes (See Sect. 4.3.2.3, Fig.
4.6B, D, F, H). The analysis of the four morphometric attributes used in this study has shown that
HAND and slope gradient are key attributes in distinguishing different landform classes. In this
study, HAND and slope gradient are classified into seven and five classes, respectively (Fig. 4.8A, B).
Landforms in the fluvial environment correspond to narrow ranges of variation in HAND and slope
gradient (see Sect. 4.4.2.1). Narrow class intervals were, therefore, chosen for low attribute values.
On the other hand, given the large ranges of variation in HAND and slope gradient observed in the
hillslope environment, coarser class intervals were used for higher attribute values. The two other
morphometric attributes, profile curvature and slope variability, do not show a large capability of
discriminating between landform classes. Here, we used low class numbers for these attributes; two
classes for profile curvature and three classes for slope variability (Fig. 4.8C, D).
4.4.3.2 Order of cells in mapping
The order used in visiting cells during automated mapping (Sect. 4.3.2.5) affects the mapping results.
Mapping the cells on a random basis results in map realizations with excessive noise (Fig. 4.10A).
On the other hand, the mapped landform units are more spatially contiguous when cells are visited
and mapped in an upstream direction along the drainage network (Fig. 10B). Results from the base
mapping scenario (i.e. Sect. 4.3.2.4) show that the average difference in unit size, Dsize, between
mapping realizations with different orders of cell visit is between 1 and 4 km2. The average number
of attributes used in mapping of a cell is 4.7 when the cells in the map are randomly visited. This
number increases to 5.6 when cells are mapped along the drainage network. This finding indicates
that, with a random cell mapping order, non-morphometric attributes are not fully used during the
mapping process because landforms at downstream locations may not be available (i.e. cells are not
visited and mapped). Thus, information used in mapping is mostly limited to the morphometric
attributes. This has the main disadvantage that the spatial relation between landform units in the
landscape is not used in mapping, resulting in noise in the automated maps, which reduces mapping
accuracy, and particularly causes errors in average unit size between the automated and field maps.
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Figure 4.10 Examples of map realizations as a result of different cell mapping orders, using the training
images defined in the base scenario. Mapping the cells on a random basis (A, C, E) and mapping the cells
on a systematic basis along the local drainage path in an upstream direction (B, D, F). Note that the map
realizations are partly shown for the area within the box given in Fig. 4.12.
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Figure 4.11 Index of variation in landform classes mapped at certain cells (qi, Eq. 4.2). Note that the index
does not represent the cell mapping accuracy.
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Based on a single map realization, the fraction of correctly-mapped cells using four attributes (only
morphometric attributes used) is 0.35, while this fraction increases to 0.55 for cells that are mapped
using six attributes (i.e. landforms in the neighbourhood are used). These results show that the nonmorphometric attributes in the neighbourhood are beneficial and should be used in mapping.
However, using the path of cell visits along the drainage network may result in artifacts of simulated
landform features, i.e. straight lines along the flow direction (Fig. 4.10B). These artifacts are caused by
propagation of mapping the same landform class in the upstream direction when a landform at a direct
downstream neighbour is used in mapping (i.e. a landform at the direct downstream neighbour is
often the same type as a landform at the target cell; see Sect. 4.4.2.2). These artifacts can be minimized
by aggregating a large number of map realizations. We selected the option of cell mapping along the
drainage path for all scenarios, as it results in a higher mapping quality than randomly visiting cells.
4.4.4

Mapping results

4.4.4.1 Overall mapping quality
Individual map realizations show considerable variation in the landform class mapped at a particular
cell (Fig. 4.10); in the base scenario 30 – 35% of cells in the area do not have the same landform
class for all realizations. The index of cell similarity over 4×4 windows between map realizations, si,
(Eq. 4.4) is 0.76, i.e. the value averaged over the map. The variation in landform classes mapped at
cells, evaluated over all map realizations, is quite large in low-lying areas and mid-level positions in the
landscape (Fig. 4.11), indicating a large uncertainty in mapping landforms in these areas. Mapping
uncertainty is somewhat smaller at higher elevations. A single class of landform is mapped at many
locations in this area (i.e. qi =0; Fig. 4.11). The probability of the most occurring landform class at
cells (Fig. 4.12) is typically small for cells close to the unit boundaries, while this probability gradually
becomes larger toward the centre of units. This probability pattern indicates an uncertainty in defining
the boundaries between landform units, as the cells at this location may exhibit characteristics that can
be considered as belonging to multiple types of units. Thus, the cells cannot always be classified as a
certain landform class in every map realization.
In the base scenario, the percentage of correct cells and the kappa coefficient for individual map
realizations are 48.6 ± 0.6% and 0.34 ± 0.05, respectively. The index of cell similarity (Eq. 4.4) ranges
between 0.51 and 0.53. The average unit size of individual map realizations is somewhat larger than
the field map with Dsize values of 1.35 – 3.60 km2. The overall accuracy of the final map (Fig. 4.13) is
slightly better than that of a single map realization. The percentage of correct cells increases to 51.2%,
with a kappa coefficient of 0.37. The index of cell similarity also increases to 0.54. However, the quality
of the final map with regard to the unit size is slightly lower than that of individual map realizations,
with Dsize increasing to 4.6 km2.
There is considerable spatial variation in the mapping accuracy. Cells located at a high elevation
near local watershed boundaries are mapped with a higher accuracy than cells at lower elevation. The
automated map also exhibits a larger degree of similarity with the field map at higher elevations (Fig.
4.14A). The probability in mapping the correct landforms at cells even reaches unity at many highelevation locations (Fig. 4.14B), mainly because usually only one type of landform (debris slope) is
found at high elevations. Mapping accuracy is relatively low in areas at mid-slope positions and near
the main river. In these areas, different landforms that have overlapping morphometric and nonmorphometric properties can be observed (see Sect. 4.4.2). Accordingly, the degree of cell similarity in
these areas is also quite small (Fig. 4.14A).
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Figure 4.12 Probability of landforms mapped in each cell, expressed as a shade of colour for each landform
class, for the base scenario. The box in the lower right indicates the area where the map realizations are
shown in Fig. 4.10. Note that information about mapping accuracy is not given in this figure.
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Figure 4.13 Final geomorphological map using training areas defined in the base scenario.
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Figure 4.14 Quality of the automated map in the base scenario. A) Index of cell similarities (i.e. landform
classes) between the automated map in the base scenario and the field map, evaluated over a template of
4 × 4 pixels (si, Eq. 4.4); 1 = similar, 0 = dissimilar. B) Probability of correct cell mapping.

4.4.4.2 Mapping quality per landform class
The landform classes are different regarding the mapping accuracy. Because the results for the different
criteria are comparable, we focus on the mapping quality as presented by the percentage of correct cells
for the base mapping scenario. The class debris slope can be mapped with the highest accuracy. It is
shown that 90% of the debris slopes in the field map are correctly mapped (i.e. Producer’s Accuracy),
while 75% of the debris slope cells in the automated map truly represent debris slopes in the field (i.e.
User’s Accuracy) (Table 4.5). The accuracy of mapping debris slope corresponds well with the spatial
pattern in mapping uncertainty. Fig. 4.11 and 4.14B show that debris slope is mapped with a high
certainty (i.e. qi = 0) and that a large number of these debris slope cells in the automated maps are
correct (probability of a correctly-mapped landform class of 1). As noted, debris slope is the dominating
landform class in the higher part of the landscape. Thus, mapping the debris slopes in this area is
relatively straightforward. Alluvial fan is the second most accurately mapped landform class in this
study (Producer’s Accuracy of 57%). However, the proportion of alluvial fans in the automated map
that really represent alluvial fans in the field is smaller (User’s Accuracy of 34%). This indicates an
overestimation of alluvial fan in the automated map. A large mapping accuracy of alluvial fan may be
partly due to this overestimation. Other landforms are mapped with Producer’s Accuracies below 35%.
Mapping accuracy is lowest for hogback. It is shown that hogback is scarcely present in map
realizations, and totally absent in the final map (Fig. 4.13). This is due to the small proportion of
hogbacks present in the training image. With a small number of cell counts in the frequency
database, probability of hogback under any attribute conditions is low. As a result, the cells tend to be
misclassified to other landform classes that have similar characteristics to hogback and are more often
present in the training image. The hogback was entirely misclassified as debris slope (Table 4.5).
Mapping accuracy is also relatively low for glacis, with Producer’s Accuracy only 5%. Glacis
is considerably misidentified as either debris slope, or, to a lesser extent, as badlands and colluvium
(Table 4.5). The low mapping accuracy of glacis can be mainly explained by two factors. First, its
characteristics overlap with other landform classes. With the chosen class boundaries, it is not possible
to discretize the morphometric attributes to specifically correspond to the properties of glacis only (Fig.
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Table 4.5 Confusion matrix showing the number of cells in the automated map of the base scenario (column), derived from MPS, classified to landform
classes in the field map (row). Mapping accuracy of the automated map from the rule-based classification is shown in the last column.

Field map

4.8). This includes profile curvature, which is the key criterion to differentiate glacis from debris slope
in field mapping, but does not enable discrimination between these two classes in automated mapping
(Fig. 4.8C). Second, the training images contain a relatively low number of glacis cells compared to
those of other units with overlapping characteristics, which affect the probability of the glacis with
respect to other landforms. This results in an underestimation of glacis in the automated map and,
consequently, in a low mapping accuracy of the glacis class. Glacis is only misclassified to landforms
found in its adjacency (e.g. debris slope, colluvium, and badlands; Fig. 4.2).
Among the landforms in the fluvial environment, fluvial terrace is mapped with the lowest
Producer’s Accuracy of 20% (Table 4.5). Fluvial terrace is mainly misclassified as alluvial fan (42%)
due to the overlapping properties of these two classes (Sect. 4.4.2). It is obvious that the mapping
attributes used in this study are not sufficient to discriminate between fluvial terrace and alluvial fan.
In field mapping, alluvial fans can easily be identified and separated from the fluvial terraces due to
its prominent fan shape. However, attributes representing the shape and geometry of landforms are
not used in this study due to the difficulties in translating and representing these attributes in a single
grid cell as a DEM derivative. The low mapping accuracy of fluvial terrace may also be caused by low
mapping quality of river plain, which is often observed at a direct downstream position of fluvial terrace
(Fig. 4.9A). As the mapping criteria include landforms at downstream neighbours, errors in mapping
the landforms at downslope locations may worsen the quality of mapping the upslope landforms. River
plain is highly underestimated in the automated map and heavily misclassified to alluvial fan (Fig. 4.13,
Table 4.5), causing omission errors in mapping fluvial terrace. Similarly to glacis, fluvial terrace and river
plain are often misclassified to landforms in the fluvial environment, but rarely to landforms found in
the hillslope environment.
4.4.4.3 Mapping quality relative to rule-based classification
MPS shows a better performance in creating the automated landform map compared to the rule-based
classification. Using the rules defined in Fig. 4.15, the resulting automated map has 35.3% of correct
cells (Fig. 4.16). Even though the rule-based map contains less noise and the landform units show a
large spatial continuity with sizes comparable to those in the field map (i.e. average unit size difference
of 1.9 km2), the geometry of glacis, badlands, colluvium, and alluvial fan, is not correct. The rule-based
technique produces units that are largely elongated in the direction of the elevation contours; however,
in reality landform units extend along the slope direction or drainage network due to the slope
aggradation or degradation processes that form the units (Fig. 4.5). This problem does not occur in
the automated map generated by MPS. The rule-based technique largely overestimates the proportion
of landforms that are not frequently observed in the field, i.e. hogback, glacis, and fluvial terrace, which
results in an increased mapping accuracy of these landform classes compared to using MPS (Table
4.5). Debris slope, alluvial fan, and badlands, on the other hand, are considerably underrepresented in
the rule-based map, while these landforms are quite ubiquitous in the Buëch valley. As a result, the
mapping accuracy of these landform classes is low (Table 4.5). These findings clearly show that MPS
outperforms the rule-based classification technique in landform mapping. The rule-based technique,
however, has a superior capability to MPS in mapping river plain. This landform class can be mapped
with correct shape and relatively high accuracy (80%), while its proportion is also comparable to
the field map. Since river plain is specifically found at the lowest position in the landscape and its
characteristics do not overlap other units, river plains can be mapped accurately even with a rule based
on a single morphometric attribute (i.e. HAND, see Fig. 4.15).
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the base scenario. Each rule represents a single landform class (bold and underlined). HAND = height
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³

Legend
Hogback
Fluvial terrace
River plain
Alluvial fan
Colluvium
Badlands
Glacis
Debris slope
Mapping area

0

3

6

9

12

Km

Figure 4.16 Automated geomorphological map derived from the classification rules in Fig. 4.15.
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4.4.5

Effect of training area on map quality

Percentage of correct cells

The size of the training area affects the mapping quality, irrespective of the criteria used in evaluating
mapping accuracy. Here, we only discuss the results based on the percentage of correct cells (Fig. 4.17).
It is shown that the average map quality in the mapping area (i.e. excluding the training area used
in the base scenario) is highest for the scenario with the largest training area (i.e. the base mapping
scenario). The decrease in mapping accuracy with training area size is related to the degree of mismatch
between landform characteristics in the training area and the mapping area. Relations between
topographical attributes and landform classes vary over the study site. This spatial non-stationarity is
due to variations in geomorphological processes, to a large extent caused by variations in geology and
hydrology. With a large training area, these variations are averaged out, resulting in a frequency tree
that is representative for the entire region, and a high mapping accuracy. On the other hand, with a
small training area, the frequency tree of the training area may not be representative for the mapping
area, as it is derived from a small area that may have very specific landform characteristics. This bias
results in a lower mapping accuracy. It is additionally shown that the mapping quality of individual
training scenarios does significantly differ when the training area is small (Fig. 4.17), which is caused by
the considerable differences in the frequency trees between small training areas.
It is found that the average mapping accuracy outside the training areas is only slightly lower when
the size of the training areas is reduced from 10% to 7.5% of the total area. This reveals that in our
study area, the optimal size of the training image is already reached at about 7.5% of the whole area.
At this size, the training data set is already sufficiently large to establish a frequency database that is
representative for mapping landforms in the remaining area.
The mapping quality is relatively high within the training areas (i.e. proportion of correct cells of
60 – 85%, and a kappa coefficient of 0.5 – 0.7). This can be regarded as the highest possible mapping
accuracy because the information used to map landforms is completely contained in the training
data set. Mapping errors inside the training images are solely caused by overlapping characteristics of
landform classes. This source of error is intrinsic and unavoidable in the automated mapping, even
when the landform characteristics of the training and mapping areas would be identical. The map
quality within the training areas decreases with increasing size of the training images (Fig. 4.17).
This can be explained by an increase in variability in the relations between landform classes and
terrain attributes in the training data set, as certain landforms can be found under different attribute
conditions over a large area. This non-stationarity results in more uncertainty in mapping.
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Figure 4.17 Percentage of correct cells versus the size of the training images
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4.5

Discussion and conclusion

4.5.1

General findings

In this study, we present an application of the multiple point geostatistics (MPS) technique to
mapping the landforms, following the SNESIM approach and using a data set from the Buëch
catchment, Southern France. The training data set consists of a field map of landforms and a DEM.
In this approach, the data set is used to characterize the landforms, given (1) properties observed at the
location itself and (2) properties in the neighbourhood. The properties used in the study include four
morphometric attributes at the cell of interest and two non-morphometric attributes at neighbouring
cells.
The results show that the MPS technique is capable of reconstructing the general pattern of the
landforms in the study area with a percentage of total correct cells of 51% and a kappa coefficient
of 0.37, using training areas of 28 km2, which represents 10% of the total mapping area. MPS
outperforms a rule-based classification, which is essentially a one-point statistics technique, by 15%
of overall cell accuracy, and regarding the capability of reproducing the shape of landform units
and overall proportions of different landforms. With MPS, the mapping accuracy is largest at a
high position in the landscape, where a single landform type, debris slope dominates. Quality of the
automated map is somewhat lower in mid-slope and low-elevation areas as several landform types
with overlapping characteristics can be found at these positions in the landscape. Mapping accuracy
for landform classes considerably varies, with percentages of total correct cells ranging from 90%
(i.e. debris slope) to 5% (i.e. glacis). With the exception of debris slope, landforms are generally better
classified in the fluvial environment than in the hillslope environment. This is related to the statistical
properties of the morphometric attributes characterizing the landforms. Landforms in the fluvial
environment correspond to narrow ranges of attribute values with sharp boundaries, while the attribute
values of a particular landform class often overlap with each other in the hillslope environment. It is
also shown that mapping uncertainty is relatively large at cells near the boundaries of landform units,
implying difficulties in identifying distinct boundaries between different landforms due to overlapping
cell characteristics. The mapping quality decreases with a decrease in the size of the training area.
4.5.2

Evaluation of MPS for landform mapping

MPS has a number of advantages compared to other automated mapping techniques. The main
advantage is that non-morphometric attributes at multiple point locations, i.e. landforms observed
in the neighbourhood, can be used to provide contextual information for mapping landforms at the
location of interest. This contextual information is mostly used in field-geomorphological mapping,
but often neglected in automated mapping techniques due to the incapability of two-point statistics
in using these attributes to characterize landforms. MPS, thus, offers the opportunity to combine two
classification paradigms using both geometric properties and the spatial pattern in geomorphological
mapping. Also, using attributes in the neighbourhood results in less noisy landform maps, because
spatial correlation is taken into account. Furthermore, the MPS technique can be used to map
landforms at any scale of interest because the landform classes to be mapped can be directly defined
in the training data set. Finally, MPS allows probabilistic landform mapping, which enables the
investigation and evaluation of mapping uncertainty at different locations and for different landforms.
Map uncertainty is valuable information, both in academic and applied research, and is essential when
landform maps are used as input to other analyses or models, for instance, when they are used as inputs
to hydrological models for estimation of the spatial distribution of model parameters. Also, uncertainty
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information can be used to identify locations where additional field observations are required to
improve the mapping quality.
The MPS technique has, however, a number of weaknesses in landform mapping. As categorical
attribute values are used to characterize the occurrence of landforms, it is likely that landforms with
overlapping characteristics are often related to the same set of attribute values. This hampers the
discrimination between landform classes. Increasing the number of classes per attribute or using more
attributes to improve the discrimination between landform classes may not be an appropriate solution.
Indeed, the information used in characterizing and mapping landforms must be kept at a minimum
to ensure a sufficient number of cell occurrences for each attribute pattern in the frequency database.
Capability of the MPS technique in distinguishing different landforms is, therefore, limited by the
amount of information tolerated to produce a reliable probability distribution. Another weakness of
the MPS technique is the use of training data sets as an information source in mapping. Errors in the
training data sets are intrinsically transferred to the automated map. These include errors in the field
map of landforms itself, which are unavoidable in the automated map and cannot be evaluated, and
errors caused by using training data sets that are not representative of landform characteristics in the
mapping area. Also, the MPS technique tends to underestimate the landforms that are undersampled
in the training images due to a low probability of unit occurrences, resulting from small counts in
the frequency database, compared to those of other landforms with overlapping characteristics that are
more often present in the training images. Finally, MPS is computationally intensive since the cells are
sequentially mapped, and multiple map realizations are required. However, run time is not a big issue
nowadays due to large computational capabilities of available computers.
4.5.3

Configuration of MPS for landform mapping

Results from this study suggest a promising future of the MPS technique in landform mapping.
Successful application of MPS in landform mapping is, however, largely dependent on the
configuration of the technique. Finding the appropriate configuration is not easy, as it depends on
many factors, including geomorphological characteristics of the study site. Thus, configuration of
MPS should be optimized for individual cases based on expert knowledge and exploratory analysis of
field data as was done in this study. Although a number of challenges exist for future research (see
Sect. 4.5.4), we can provide from this study a number of recommendations for configuring MPS for
mapping landforms.
Number of attributes and classes: First, during the training and mapping phases, the number of
mapping attributes (e.g. DEM derivatives) and associated class numbers (e.g. slope classes) should
not be too high. This is to ensure that sufficient replicates (i.e. number of cell counts) of attribute
patterns occur in the training image, which is required for obtaining reliable statistics. In addition, we
recommend to use a minimum number of cell counts during the mapping phase, as was also done by
Liu (2006). We used a minimum of five, which could probably be used as a rule of thumb, although
the optimal value will differ between studies, as it depends on the information used to create the search
tree.
Order of visiting cells in mapping phase: The sequence of cell visits during mapping should not be
random but organized to use previously-mapped cells, as conditioning data, as many as possible. This
is the case when visiting cells along the drainage network, because the mapping attributes include
landforms at downstream cells. This issue is also addressed in Liu and Journel (2004) who developed an
approach to structure the path of cell visit to maximize the number of conditioning data for simulation
at non-visited cells.
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Training image: The training image should contain multiple areas in the study site to avoid
sampling bias. There is no strict guideline on the size of training image to be used (Hu and Chugunova,
2008); however, it should be sufficiently large to capture the spatial pattern and range of landform units
(Caers and Zhang, 2004). We found an optimal training image size of 7.5 – 10% in the study area (20
– 28 km2), which implies that the training image can be rather small to obtain a good mapping quality.
Above this size, mapping quality does not significantly improve. This can be explained by an increase in
variation in landform types observed under particular attribute conditions when the size of the training
images becomes larger. Thus, the size of the training images must be chosen as to balance the variability
within the training data set and the representativeness of the training data set for the mapping area.
Use of probabilistic information: We do not recommend deterministic mapping based on the
maximum probability of landform class per attribute. In deterministic mapping, the landform most
frequently observed per attribute pattern in the training image will always be mapped, while other
landforms with overlapping characteristics that are less present in the training images will be totally
neglected. This results in an overrepresentation in the automated map of landforms that are most
dominating in the training image. Therefore, it is beneficial to follow a Monte Carlo approach,
requiring at least 30 realizations for consistent results.
4.5.4

Future perspectives

A number of strategies need to be explored to improve the quality of the automated maps in future
studies. Morphometric attributes that are not capable of discriminating between landform classes (e.g.
profile curvature) should most likely be dropped out and replaced by non-morphometric attributes,
which include landforms at a larger number of neighbouring locations (i.e. landforms at longer
distances than 10 cells downstream), and attributes related to vegetation, soil, or land cover, possibly
retrieved through remote sensing. This information enables more detailed landform classification; for
instance, badlands with different stages of development, or fluvial terraces with different formation
ages. With the use of more neighbourhood attributes, a multi-grid simulation approach is required to
prevent attribute patterns with a too small number of replicates and to reduce the size of frequency tree
(Hu and Chugunova, 2008).
Mapping quality could also be improved by using hard conditioning data such as landforms
mapped in the field at multiple locations in the study area, or automatically extracted landform features
with extreme morphometric characteristics (e.g. Miliaresis and Argialas, 2000; Stout and Belmont,
2014). Note that this option requires a very large number of conditioning locations since the cells at
further distances might not be influenced by this hard conditioning data (Liu, 2006). Quality of the
automated map can be also improved by improving the quality of the field geomorphological map
used as a training data set. Also, high-resolution topographical data such as LIDAR DTMs (Anders et
al., 2011), ASTER GDEM (Tachikawa et al., 2011), and HRSC-A (Otto et al., 2007), can be used
as base information to improve mapping quality of small-scale landform units (e.g. slopes with mass
movement and hogbacks).
Future studies also need to use an improved simulation procedure. Bayesian updating and
servo-system correction can be implemented to constrain the statistics of the simulated map to the
global statistics of the mapping area (Liu, 2006). If landform characteristics exhibit a strong spatial
inconsistency (i.e. non-stationarity), the entire mapping area can be dissected into sub-regions of
relatively uniform geomorphological characteristics, where mapping the landforms can be done on a
separate basis using different training data sets (e.g. de Vries et al., 2009). It would also be worthwhile
to apply other MPS approaches in geomorphological mapping. Recent MPS algorithms (e.g. Zhang
et al., 2006b; Chugunova and Hu, 2008; Mariethoz et al., 2010; Straubhaar et al., 2011) allow using
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continuous data as auxiliary variables to control the position of the pattern; and classification is made
based on pattern matching. These techniques are computationally fast as they avoid using the search
trees to store the statistics from the training images and allow a parallel simulation within the same
mapping domain. These algorithms are, therefore, suitable to deal with non-stationary images and
simulation domain (Straubhaar et al., 2011). It might also be important to revise the procedure in
deriving the final landform map, in order to reduce the possible overestimation of landform classes that
are oversampled in the training image (Soares, 1992).
In addition to improving mapping quality, it is also important to proof the applicability and
transferability of the MPS technique in geomorphological mapping at other areas; for example,
using the information obtained from the study area in this chapter to map landforms for the entire
Buëch basin or other catchments in the French pre-Alps region. Future research can also be directed
towards the utilization of automated geomorphological maps for different applications; for example,
landscape planning or hydrological prediction. For the latter case, the automated geomorphological
map can be incorporated into a hydrological modelling framework to provide information on the
model units and model parameterization (e.g. Khan et al., 2013). The following chapter investigates
the use of automated geomorphological maps generated in this chapter to derive the HRUs for the
discharge modelling framework developed in Chapter 3. In this way, benefits and values of automated
geomorphological mapping, including the performance of the MPS technique, can be evaluated from
a practical perspective. This will, in turn, deliver useful information for an improvement of the MPS
technique in geomorphological mapping to serve hydrological applications.
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5

Uncertainty in discharge prediction
related to automated spatial discretization
of hydrologic response units in a semidistributed model

This chapter is based on:
Vannametee, E., Karssenberg, D., Hendriks, M.R., de Jong, S.M., and M.F.P. Bierkens. Uncertainty in
discharge prediction related to automated spatial discretization of hydrologic response units in a semidistributed model. In Preparation.

Abstract
Uncertainty in semi-distributed modelling of discharge can arise from errors in the delineation of
model units. This chapter investigates the uncertainty arising from model unit delineation mismatch
when units are delineated automatically using the multiple-points geostatistics (MPS) technique
(Chapter 4); and the unit response is obtained from predicted closure relations based on observable
hydrological variables (Chapter 2). Uncertainty in discharge modelling is evaluated for four scenarios
of hydrologic response units (HRU), which are automatically made using information retrieved
from training images of different sizes (Chapter 4). The results show that total prediction errors over
all events are comparable between automated HRU scenarios. Moreover, errors in predictions are
quite different between two groups of rainfall events, and can be explained by the mapping quality
of the runoff-contributing HRUs. Discharge is significantly underestimated for events with a low
initial moisture content because the main runoff-contributing sources for these moisture states, i.e.
hogbacks, are significantly underrepresented or neglected from the automated HRUs in all scenarios.
For events with a high initial moisture content, errors in discharge prediction are much lower in the
events for three scenarios of automated HRUs, i.e. discharge volume errors are less than 35%. Here,
the misclassification of hogbacks has little effect for wetter catchment as the runoff contribution from
other HRUs (e.g. debris slopes at the north location and badlands) is much more important. Results
also show that the variation in discharge prediction is largely explained by the proportion of the runoffgenerating HRUs in the automated maps. The geometry of HRUs (i.e. average slope and length)
matters much less. These findings suggest the importance of the correct estimation of the proportion of
HRUs with a low infiltration capacity, while the overall accuracy of HRU delineation can be of a minor
concern. This also entails that it is necessary to derive the discharge stochastically from an ensemble of
HRU realizations to avoid the underestimation of runoff-contributing areas.

5.1

Introduction

Analysis of uncertainty in discharge predictions is an essential step in hydrological modelling.
Identification of the error sources in the model, including the quantification of these errors, delivers
crucial information that can be used to justify the model reliability and to evaluate the degree of
confidence in using the predictions for designated purposes.
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Sources of errors in hydrological models can be typically categorized into three groups; input
errors, parameterization, and model structure errors (Lindenschmidt et al., 2005; Jin et al., 2010).
In semi-distributed models, uncertainty in model parameters may also be caused by the spatial
discretization used in a model. The latter is an error source often neglected in uncertainty analyses
(e.g. Li et al., 2010). This is because the application of semi-distributed hydrological models is mostly
restricted to a specific catchment discretization scheme that is used as a given assumption in the
model development (Francke et al., 2008); for instance, hillslopes (Visser et al., 2005; Woolhiser et
al., 1990), triangular planes (Vivoni et al., 2004), landscape functional units (Güntner and Bronstert,
2004; Hallema and Moussa, 2013), or sub-watersheds (Reggiani et al., 1998; 1999). Hence, the
model units are considered as known a priori; and there is no need to evaluate the model uncertainty
due to the choice of model units. However, there are many different methods for the delineation of
model units, including different protocols for the ‘appropriate’ catchment discretization (Flügel, 1995;
Winter, 2001; Dehotin and Braud, 2008; Zhang et al., 2012). This applies particularly for models
based on the hydrologic similarity concept, i.e. Hydrological Response Units (HRU), e.g. SWAT
(Arnold et al., 1998). Following these different catchment discretization schemes results in different
model units, leading to different discharge predictions. These are thus a source of uncertainty, related to
parameter uncertainty or model structural uncertainty, depending on one’s point of view. Uncertainty
in delineation of model units can also emerge from configurations of a given discretization scheme that
change with data availability or computational resources; such as DEM resolution (Chaubey et al.,
2005; Wechsler, 2007) and level of spatial disaggregation (Jha et al., 2004). In addition, delineation
of the model units itself can be subject to errors – i.e. the model units may not correspond to realworld landscape units that represent more or less uniform spatial processes and are most suitable for
modelling. This delineation error is particularly important when automatically-generated model units
(i.e. using statistical techniques or image classification) are used and when the model predictions are
sensitive to certain types of units being misclassified (Miller et al., ,2007).
The uncertainty in delineation of model units manifests itself in the uncertainty in discharge
predictions in various ways: 1) the model units can be variable in terms of unit characteristics, i.e.
unit geometry (size, shape), proportion of different units and number of units. The unit geometry
determines the spatial domain over which the spatially heterogeneous information needs to be
aggregated. Uncertainty in aggregation of distributed parameters can, thus, arise from uncertainty in
size and shape of model units (Bierkens et al., 2000; Karssenberg, 2006); 2) the proportion of various
units may be uncertain, having a direct influence on the quantity and magnitude of the generated
discharge; 3) the spatial organization and relative position of model units in the catchment may
estimate wrongly and thus exert sizable effects on the shape and timing of the discharge responses;
4) the required number of units used in the model is not known beforehand and may influence
catchment response. The latter is related to the level of catchment disaggregation. We note that the
effect of catchment subdivision level on the changes in hydrological predictions has been investigated
in a number of studies, mostly in the light of whether this improves model predictive performance (Jha
et al., 2004; Muleta et al., 2007; Das et al., 2008; Kumar and Merwade, 2009; Gong et al., 2010).
In this chapter, we investigate the uncertainty in discharge predictions when the model units are
automatically delineated using multiple-point geostatistics (MPS). The model units are delineated as
hydrologic response units (HRU) that are based on landforms and these HRUs are assumed to have
uniform hydrological properties. We use the semi-distributed rainfall-runoff model presented in
Chapter 2 and 3, to simulate discharge at the HRU level and to investigate the prediction uncertainty.
The results may deliver important guidelines to improve the MPS technique for future applications in
hydrological modelling. We specifically address three research questions: 1) what are the differences (i.e.
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uncertainties) between discharge predictions resulting from auto-delineated HRUs and those based on
field-observed HRUs? 2) How is the uncertainty in discharge prediction using the automated HRUs
related to the different training data set used? 3) How does the uncertainty that arises from automated
unit delineation compare to other sources of predictive uncertainty, e.g. uncertainty in rainfall
characteristics? In addition to evaluating the prediction uncertainty caused by the automated HRUs,
we also investigate whether the quality of the automated maps, evaluated as the degrees of similarities
to field geomorphological observations, is a good predictor for the quality of discharge predictions.
To answer these questions, we investigate uncertainty in the simulated discharge in a small
agricultural catchment in the French Alps using automated HRUs generated with four training data
sets of different sizes (i.e. 4 HRU scenarios). As a benchmark, i.e. to evaluate the prediction errors
due to errors in automated HRUs, discharge is also simulated using HRUs delineated from field
observations. The quality of discharge prediction is evaluated for each HRU scenario based on the
simulation results from selected rainfall events. Uncertainty in discharge simulation is also evaluated on
an event basis using the automated HRUs that are derived from different training data sets, including
HRU realizations taken from each HRU scenario. The causes of discharge variation and uncertainty
are, subsequently, analyzed and explained based on characteristics of HRUs used in the simulation (i.e.
proportion of HRU types, slope, length) and event characteristics (i.e. rainfall intensity, antecedent
moisture content).
The remaining part of this chapter is set up as follows. Sect. 5.2 provides the methodological
framework, including a short description of the study area, model used, the automated HRU
delineation procedure, and the approach used to evaluate uncertainty in discharge prediction. Sect. 5.3
provides the results of the uncertainty analysis and its contributing sources. Sect. 5.4 summarizes the
main findings and presents an outlook on how to improve automated mapping of model units to be
useful in future hydrological applications.

5.2

Methodology

5.2.1

Study area

We investigate the uncertainty in discharge modelling using a data set obtained from a 16-km2
catchment close to the village of Savournon in the Ouzère catchment, a tributary of the Buëch river,
in the department Haute-Alpes in France. This catchment has also been used to test and evaluate the
performance of the Hortonian runoff closure relations developed in Chapter 2. Discharge was gauged
at three locations, resulting in three nested sub-systems (i.e. catchments) which can be used to study
surface runoff. The uncertainty in discharge prediction was investigated for the largest sub-catchment
only (i.e. 12 km2, Fig. 5.1), as this catchment can be considered representative for the area. Geology of
the study catchment is dominated by highly-erodible black marls (Terres Noires), overlain by limestone
deposits from the Tithonian age. The catchment is mainly used for agriculture at low-lying areas, while
the upper part is covered by forest. A large part of the catchment has been severely degraded by water
erosion, resulting in the development of badlands which limits the expansion of agricultural activities.
A detailed description of the geology and geomorphology of the area is provided in Chapter 4.
5.2.2

Hydrological model

We use the rainfall-runoff modelling framework developed in Chapter 3 to investigate the prediction
uncertainty as a result of HRU delineation. The modelling framework consists of two main models.
The first model calculates initial and boundary conditions (i.e. net rain flux and the soil moisture
content at the start of a rainstorm). The second model is an event-based model simulating runoff
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Figure 5.1 HRUs delineated using field mapping. The red line indicates the watershed used in this study.
Black lines show the boundaries between individual HRUs.

responses at HRUs and routing the discharge from HRUs to the catchment outlet. It uses the
Hortonian runoff closure relation developed in Chapter 2 to simulate runoff generation at individual
HRUs. The closure relation consists of the Green & Ampt infiltration equation and a time-lagged
reservoir model to calculate infiltration-excess runoff, and to simulate the amount of discharge
volume generated, including the delay in discharge responses at the HRU scale, respectively. The
closure relation incorporates a set of scaling parameters (i.e. ponding factor, reservoir parameter, lag
time – see Chapter 2 for explanations) to represent the spatial processes within the HRUs and to
explicitly account for effects of the HRU geometry in runoff generation. These scaling parameters
are estimated for each HRU as a function of the initial and boundary conditions (i.e. average rainfall
characteristics, antecedent moisture content), geometry of the HRUs (i.e. slope and length), and the
HRU characteristics that can be measured at a local (plot) scale (i.e. saturated hydraulic conductivity
(Ks, m/h), matric suction at the wetting front (Hf, m), and micro relief ). We developed a database that
contains empirical relations between scaling parameters, rainfall characteristics, and properties of the
HRUs (Chapter 2). These relations were identified using a synthetic rainfall-runoff data set generated
from a physically-based high-resolution model.
5.2.3

Defining HRUs

5.2.3.1 Field observations
HRUs are delineated following the boundaries of major landforms in the catchment. This results in 43
HRUs of 9 landform classes that have relatively uniform properties and do not receive cross-boundary
run-on fluxes from other HRUs (Chapter 3). In this study, the field-observed HRUs in Chapter 3
are reduced to 6 classes – i.e. hogback, river plain, colluvium, alluvial fan (coarse and fine material),
badlands (inactive and active state), glacis (including glacis remnant), and debris slope (including mass
movement features) – in order to match the HRU classes in the automated maps. Note that, with the
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Figure 5.2 Aggregated HRU maps for the HRU scenarios.
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Figure 5.3 Examples of HRU realizations (Realiz.) for each of the HRU scenarios.
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reclassification of HRUs, the boundaries and geometry of original HRUs remain unchanged from those
used in Chapter 3.
5.2.3.2 Automated delineation
We use a multiple-point geostatistics (MPS) technique to automate the delineation of the HRUs.
The MPS technique has been shown to be capable of mapping landforms in the entire Buëch region,
including the study catchment, with a reasonable accuracy (Chapter 4). The MPS technique assigns
a landform class at a cell of interest using a probability function of landform class occurrences
conditioned to multiple terrain morphometry and the surrounding landforms. This probability
function is derived from training images, which consist of a field geomorphological map and a digital
elevation model of the training area. In addition, as the mapping procedure uses a probabilistic
framework, landforms are given by a set of realizations. The resulting automated maps can, therefore,
be used to represent uncertainty in the delineation of HRUs, given a certain training data set.
To evaluate the model uncertainty caused by the auto-delineated HRUs, we select automated
geomorphological maps generated in Chapter 4 using four training data sets that are retrieved from an
area of 7, 7, 21, and 28 km2. These scenarios are referred to as A, D, BCD, and ABCD, respectively,
according to the training area(s) used in mapping (Fig. 4.5, Chapter 4). The quality of the automated
maps, evaluated as a percentage of correct cells against the field map for each map realizations, varies
between scenarios (Table 5.1). For each HRU scenario, two sets of automated HRU maps are chosen.
First, we select the HRU map that represents, in each pixel, the most-frequent occurring landform class
over 35 HRU realizations. This is referred to as an aggregated HRU map (Fig. 5.2). Second, 10 HRU
map realizations, out of 35, are randomly chosen (Fig. 5.3). As the HRUs correspond to landforms, the
resulting automated maps can be directly used in the modelling framework.
The chosen automated HRU maps from Chapter 4 are quite different from the HRUs delineated
by field observation (Fig. 5.1-5.3). Percentages of correct cells of the automated HRU maps used in
this study vary between 15-50% (Table 5.1). The automated maps contain a larger number of HRUs
than those delineated from the field observations. The numbers of automated HRUs decrease with an
increasing size of training images used (Table 5.1). The automated HRUs (for both HRU realizations
and aggregated HRUs) might not include all HRU types observed in the study catchment. This can be
explained by two factors: 1) the HRU types missing on the automated map are not represented in the
training images due to the small size of training areas (e.g. hogback, badlands, glacis, and debris slope do
not exist in the training images in mapping scenario A; and hogback does not exist in mapping scenario
Table 5.1 Number of HRUs and quality of the automated HRU maps used in this study.
Percentage of correct cell evaluated
against the field HRU map, (%)

Number of HRUs
HRU
scenario

Map realizations
Aggregated
map
min max mean S.D.

A

246

695

742

717.2

14.4

15.7

13.5

16.7

15.3

0.92

D

228

482

525

499.2

12.2

36.5

33.7

34.9

34.4

0.35

BCD
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274

324

308.5

15.6

49.3

45.8

50.8

47.4

1.43

ABCD

158

275

356

306.6

24.1

48.8

38.6

49.3

46.4

3.27

S.D. = standard deviation
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Map realizations
Aggregated
map
min max mean S.D.

Table 5.2 Regolith materials and infiltration parameters (calibrated) for the HRUs defined in this study.
HRU type

Regolith material Ks (mm/h) Hf (m)

Hogback

outcrops

0.12

-10-5

River plain

sandy clay loam

51.6

-0.45

Fluvial Terrace

sandy clay loam

51.6

-0.45

Alluvial fan

sandy clay loam

45.6

-0.45

Colluvium

clay loam

27.6

-0.45

Badlands

black marls (clay)

9.7

-0.65

Glacis

slit loam

81.6

-0.4

Debris slope (north)

outcrops/marls

3.36

-0.714

Debris slope (south)

loamy sand

733.2

-0.14

Ks = saturated hydraulic conductivity; Hf = matric suction at the wetting front

D), and 2) the map aggregation procedure underestimates or neglects the less-frequently occurring
classes in cells (e.g. hogback disappears from the aggregated map BCD and ABCD, whilst this HRU
class does exist in the map realizations).
Realizations of HRU maps that resulted from a given training data set (i.e. within a HRU scenario)
are relatively similar (Fig. 5.3), while the aggregated HRU maps show considerable variation between
different HRU scenarios that use different training data sets (Fig. 5.2). Also, the aggregated HRU maps
contain less noise than the map realizations, resulting in a reduced number of HRUs in the aggregated
maps and an increased overall similarity between the aggregated and field HRU map (Table 5.1).
Automated delineation always yields a larger number of HRUs than field observation.
5.2.4

Model forcing and parameterization

We select 6 rainfall events that were used in the validation of the calibrated Hortonian runoff closure
relation (Chapter 3) to evaluate uncertainty in hydrological predictions. Inputs, boundary conditions,
and parameters (geometry, infiltration, and vegetation parameters) are derived for individual HRUs
following the methods presented in Table 3.1, Chapter 3. The infiltration parameters (Ks and Hf ) are
taken from Rawls et al. (1982). Ks is calibrated against the discharge measurements, resulting in a Ks
12 times higher than the uncalibrated value. The calibrated Ks values are denoted in Table 5.2. Due to
the reclassification of the HRU types (Sect. 5.2.3.1), infiltration parameters for the combined HRU
classes are derived as an area-weighted average of the values of the original classes. Note that we make a
distinction between debris slopes in the north and the south of the catchment as the regolith properties
are different between these two locations (Table 5.2). Debris slopes in the northern part of the study
area are assigned different infiltration parameters than those in the south. The discharge is simulated
over a time step of 5 minutes.
5.2.5

Evaluation of discharge prediction uncertainty

Uncertainty in model predictions caused by the HRU delineation is evaluated using the chosen
automated HRU maps (Sect. 5.2.3.2). We focus on uncertainty related to the shape of the response
(i.e. the hydrograph) and total discharge volume. We evaluate the uncertainty in discharge predictions
as a result of using different training data sets to generate the HRUs (i.e. between HRU scenarios) and
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uncertainty due to the variation over the HRU realizations generated from a certain training data set
(i.e. within a HRU scenario). Discharge is derived following two approaches – using the aggregated
HRU maps to simulate discharge (i.e. a deterministic approach), and averaging an ensemble of
discharges generated from individual HRU map realizations (i.e. a stochastic approach). Discharge
simulation as a result of using the automated HRUs is evaluated against the simulations based on the
field-observed HRUs, which is regarded as the most accurate representation of the HRUs. Errors in
total discharge volume are evaluated for individual HRU scenarios as mean error (ME), mean absolute
error (MAE), and root mean-squared error (RMSE):
N

ME =

A

∑ ( Qi

i =1

A

∑ |Q i

i =1

F

− Qi |

(5.2)

N
N

RMSE =

(5.1)

N
N

MAE =

F

− Qi )

A

F2

∑ (Qi − Q i )

i =1

(5.3).

N

In Eq. 5.1, Eq. 5.2, and Eq.5.3, QiA and QiF denote the total discharge volume (m3) of event i,
simulated using HRUs derived from the automated map and from field observation, respectively; N
is the number of events used in the evaluation. Note that the errors are separately calculated for the
discharge derived from the deterministic (i.e. discharge from aggregated HRU maps) and the stochastic
approach (i.e. the average of discharge realizations). Prediction uncertainty related to the shape of the
hydrograph is evaluated qualitatively. We also evaluate the variation of event discharge predictions
related to using different training images to generate the automated HRUs. These are compared against
the discharge variation within a single HRU scenario using different HRU realizations. Coefficients
of variation of total event discharge volume are calculated for aggregated HRU maps from different
scenarios and map realizations within each HRU scenario.
We also investigate the runoff generation sources (i.e. HRU types that generate runoff) for each
rainfall event to gain an insight into the prediction uncertainty due to the automated HRUs and the
response characteristics from these HRUs. This is done on a theoretical basis by comparing infiltration
capacity of each HRU type with the observed average rainfall intensity during an event. The infiltration
capacity of the HRUs is obtained by averaging the potential infiltration flux at every simulation time
step, calculated by using the Green & Ampt equation, over the event. The HRUs with an average
potential infiltration capacity smaller than the average event intensity are regarded as the major sources
of runoff for the event. The amount of discharge generated is, then, correlated with the characteristics
of the HRUs that are significant runoff generation sources. The correlation coefficients are expected to
provide crucial information on the key characteristics of the HRUs explaining uncertainty in runoff
generation. We focus on the characteristics related to geometry (slope, length), which are inputs to the
closure relations, and the proportion of different HRU types on the discharge responses. Proportion
of the HRUs is defined as a ratio between a number of cells belonging to the HRU of interest and the
total number of cells in the maps. Thus, HRU proportion can also be viewed as sizes or areas of specific
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Figure 5.4 Hydrographs generated from different automated HRUs (aggregated HRU maps)(dashed lines
in colour) and the benchmark hydrograph calculated using field-observed HRU (solid black line) for 4
rainfall events. Q (m3/h) is discharge. Rainfall intensity, Rt, (mm/h) is shown on the secondary axis.

HRUs in the HRU maps. This analysis is done separately for each rainfall event and for different
mapping scenarios, using characteristics of HRUs in map realizations.

5.3

Results and discussion

5.3.1

Prediction uncertainty between different HRU scenarios

5.3.1.1 Quality in the predictions for individual HRU scenarios
Simulation of discharge using the automated HRU discretization yields different results compared
to those obtained using a HRU delineated from field observation (Fig. 5.4). These differences can be
explained by the discrepancy between automated and field-observed HRUs. For all HRU scenarios,
discharge calculated using the aggregated HRUs (i.e. a deterministic approach) does not show large
differences from the discharge generated using HRU realizations (i.e. a stochastic approach) (see Sect.
5.3.3). In this section, we only present the hydrographs simulated using the aggregated HRUs (Fig.
5.4).
The volume of discharge is underestimated when using the automated HRU maps (Table 5.3).
In general, this underestimation is slightly lower for the case of using HRU realizations than the
aggregated HRU maps. Errors in discharge simulation, evaluated over all events, are largest for the
automated HRUs in scenario A. This large prediction error can be attributed to the accuracy of the
automated HRUs in this scenario, which is lowest among other HRU scenarios (i.e. 15% cell correct,
Table 5.1). The automated HRUs of scenario A do not sufficiently represent the HRUs observed in
the field. The HRU map in scenario A only consists of four types of HRUs, which do not generate
a high amount of runoff due to their high infiltration capacity (see Sect. 5.3.1.2 and Fig. 5.6). As a
result, the model largely underestimates discharge volume and hydrograph magnitude, compared to the
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Table 5.3: Mean error (ME), mean absolute error (MAE) and root mean-squared errors (RMSE) of
discharge volume in m3, calculated over 6 rainfall events, for each HRU scenario.
Discharge volume from the
aggregated HRU map

HRU scenario
ME

MAE

Average discharge volume resulted
from 10 HRU realizations

RMSE

ME

MAE

RMSE

A

-4471

4471

7694

-4411

4411

7573

D

-748

1091

1259

-819

1020

1239

BCD

-938

958

1224

-536

1169

1299

ABCD

-1278

1278

1451

-953

953

1164

simulations resulting from the field HRUs, for all events (Fig. 5.4). On the other hand, simulation of
discharge is generally more accurate for the automated HRUs of scenario B, BCD, ABCD (Table 5.3).
HRUs in these scenarios are delineated with a higher accuracy than the HRUs of scenario A (Table
5.1). These results reveal a strong negative relationship between the accuracy of the HRUs and errors
in the discharge prediction (Fig. 5.5). However, it is important to note that this relation is derived
based on the results from 4 HRU scenarios only. Thus, one should be cautious in concluding that the
discharge prediction quality can be largely improved by increasing the ‘overall’ quality of the automated
HRUs. Table 5.3 shows that errors in the simulated discharge using the aggregated HRUs are slightly
larger compared to those of the HRU realizations, whereas the overall accuracy of the aggregated HRUs
is better than the HRU realizations (Table 5.1). These findings imply that overall quality of automated
HRUs may not be a key indicator of the quality of model predictions. Using the HRU realizations with
a lower individual accuracy may result in predictions (i.e. total discharge volume) with a higher quality
compared to the predictions resulting from the aggregated HRUs with a higher accuracy.
5.3.1.2 Prediction quality and uncertainty for individual events
Uncertainty and errors in the discharge simulation due to the automation of the HRUs vary between
events (Fig. 5.4). However, the coefficients of variation in the simulated discharge volume resulting
from different HRU maps, calculated for individual events, are not significantly different between
events (Table 5.4). To illustrate the findings, we present the simulation results for 4 rainfall events
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Figure 5.5 Percentage of correct cells of automated HRU maps versus root mean-squared error (RMSE) in
the simulated discharge using A) aggregated HRUs, B) HRU realizations.
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Table 5.4 Coefficient of variation of discharge volume over automated HRU scenarios, for each event.
Discharge derivation approach

13 May

1 July 23 July 4 October average

Aggregated HRUs

0.67

0.67

0.34

0.28

0.41

Average over HRU realizations

0.66

0.65

0.76

0.66

0.58

(from 6 events), observed on 13 May, 1 July, 23 July, and 4 October. These events can be grouped
according to the amount of generated discharge using the field-observed HRUs – i.e. high-runoff
events, (i.e. simulated peak discharge larger than 2000 m3/h), and low-runoff events (i.e. peak discharge
smaller than 1000 m3/h). Antecedent moisture content for high-runoff events (13 May, 1 July) is high
or up to saturation, while the low-runoff events (23 July, 4 October) have a low moisture content.
Uncertainty and errors in the discharge simulation show distinctive characteristics between these two
groups of events.
For high-runoff events, except the simulations from the HRU of scenario A, shape and magnitude
of the simulated hydrographs are relatively similar between different HRU scenarios (Fig. 5.4A and
B). Also, characteristics of the simulated discharge are quite comparable to those derived from fieldobserved HRUs. Errors in the simulated discharge volume do not exceed 25% for all HRU scenarios
(except HRU scenario A). On the other hand, for low-runoff events, the magnitude of simulated
hydrographs is much lower than the hydrographs simulated using a HRU field map for all HRU
scenarios (Fig. 5.4C and D). Peak discharge is underestimated about 7 orders of magnitude for all
HRU scenarios. Coefficients of variation in the simulated discharge are quite low for the low-runoff
events for discharge derived from the aggregated HRUs (Table 5.4). This implies small differences in
the simulated discharge for different HRU scenarios. Based on these findings, it can be concluded that
uncertainty and quality in discharge simulation is dependent on the characteristics of the rainfall events
rather than the overall accuracy in the HRU delineation. And, the quality of automated HRUs might
not always ensure accurate discharge predictions for all events (Fig. 5.4).
In order to explain the capability of automated HRUs in generating runoff on an event basis,
it is important to identify the HRUs that are the runoff generation sources for each event. Fig. 5.6
provides the results from a theoretical investigation of Hortonian runoff generation for different HRUs
in four selected events. This plot provides a rough indication of the HRUs that potentially generate
a significant amount of runoff for individual rainfall events. Runoff is mainly generated from HRUs
that have a lower average potential infiltration capacity than the average rainfall intensity, indicated
as straight horizontal lines in Fig. 5.6. Runoff generation sources are not consistent between events
as the infiltration capacity of the HRUs is not only a function of the static soil hydraulic properties
(i.e. Ks, Hf ), but also determined by the initial and boundary conditions (i.e. rainfall intensity and soil
moisture content prior to the events). As can be seen, hogbacks generate runoff for all events. This
HRU has a very low infiltration capacity due to the low Ks (Table 5.2). For the low-runoff events (i.e.
23 July, 4 October), hogback is the only HRU type that generates runoff as the average infiltration
capacity of this HRU is considerably below the rainfall intensity (Fig. 5.6). With increasing initial
moisture content, the infiltration capacity of debris slopes in the northern part of the study area is
largely reduced and becomes lower than the average rainfall intensity (e.g. 13 May), and becomes
active in runoff generation in this event. For the event with high rainfall intensity and relatively high
initial moisture content (i.e. 1 July), the catchment runoff can also be generated from badlands, in
addition to hogbacks and debris slopes in the north location. It is important to note that Fig. 5.6 only
gives a rough estimate of potential runoff generation sources in the catchment. Runoff may also be
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Figure 5.6 Average potential infiltration capacity, fp,avg, for each HRU type (bar plot)and average event
rainfall intensity, Rint, avg, (horizontal lines) in mm/h for four rainfall events observed on 13 May, 1 July, 23
July, and 4 October 2010.

generated from HRUs with an average infiltration capacity larger than the average rainfall intensity
(i.e. colluviums) if rainfall intensity over a short duration is relatively high and exceeds the infiltration
capacity of these HRUs.
Based on the analysis of the runoff generation sources for different rainfall events, errors in
discharge prediction in low-runoff events can be due to an incorrect representation of hogbacks in
the automated HRUs. Hogbacks are shown to be the key source runoff generation for these events.
However, this HRU is largely underrepresented or even absent in the automated HRU maps for all
scenarios. This can be explained by a low proportion of hogbacks present in the training images due
to the sampling bias since hogbacks are infrequently observed in the landscape. Thus, probability
of hogback occurrence is likely to be obscured by those of other landform classes with overlapping
characteristics (e.g. debris slope) in the frequency database, reducing a likelihood of mapping the
hogback class in the map realizations. Furthermore, derivation of the aggregated maps is based on the
maximum probability of landform classes per cell over the map realizations (Chapter 4). Landform
classes with low mapping frequency will never be selected as the representative class in cells in the
aggregate map. This results in a complete absence of hogbacks from the aggregated maps for all HRU
scenarios. With the underestimation of hogbacks, discharge is substantially underestimated resulting in
large prediction errors since other HRUs do not generate runoff during these events. On the contrary,
omission of hogbacks in the automated HRUs does not result in significant prediction errors in the
high-runoff events because the runoff source areas in these events also include debris slopes in the north
location and badlands. These HRUs cover extensive areas in the catchment, while hogbacks are only
present over a small area at the watershed boundary (Fig. 5.1). Therefore, debris slopes in the north
location and badlands are the major runoff source-areas during these events. Runoff contribution
from hogbacks to the catchment discharge is much less important. More importantly, debris slopes
126

Table 5.5 Coefficient of variation of the event discharge volume calculated over 10 HRU realizations
for each automated HRU scenario
HRU scenario 13 May

1 July

23 July

4 October

Average

A

0.05

0.14

0.014

0.01

0.04

D

0.02

0.03

0.02

0.02

0.02

BCD

0.07

0.04

0.42

0.37

0.21

ABCD

0.1

0.06

0.6

0.54

0.3

Average

0.06

0.07

0.26

0.24

are correctly represented in the automated HRUs in all scenarios (except the HRUs of scenario A).
This results in a large discharge prediction quality for high-runoff events. These findings indicate that
the quality of the discharge prediction is directly related to an accurate representation of the HRUs
that are the main runoff generation sources in the automated HRU maps, whereas the overall accuracy
of the automated HRUs, including the mapping quality of HRUs that do not play a significant role
in runoff generation, is of minor importance. It is shown that misclassification between alluvial fan
and river plain in the automated HRUs of scenario D (Fig. 5.2) does not yield a completely different
simulation result compared to the one obtained from HRUs of scenario BCD and ABCD (Fig. 5.4),
where these HRUs are correctly mapped. This is because both alluvial fans and river plains do not
generate significant amount of discharge, for all events (Fig. 5.6).
5.3.2

Prediction uncertainty for a given HRU scenario

In general, variation over an ensemble of event hydrographs and event discharge volume resulting
from HRU realizations within a certain HRU scenario is quite small and similar between events for
all HRU scenarios (Fig. 5.7, Table 5.5). Variation between simulated discharge in a given event using
HRU realizations (i.e. within scenarios) is much smaller than variation in simulated discharge between
training data sets (i.e. between scenarios). This is shown by a large discrepancy between the magnitude
of simulated discharge in the same event as a result of using automated HRU maps generated from
different training data sets (i.e. plots in the same row in Fig. 5.7 and Fig. 5.4). The simulated discharge
exhibits somewhat higher variation in the low-runoff events (i.e. 23 July and 4 October), particularly
between the realizations of HRUs in the scenario BCD and ABCD. In the high-runoff events (i.e. 13
May and July), the discharge variation within a HRU scenario is quite small for all HRU scenarios,
implying a low uncertainty in discharge prediction using HRU realizations (Fig. 5.7).
5.3.3

Quality of the modelled discharge derived with different methods

As previously mentioned, simulation of the discharge using the aggregated HRUs does not yield
significantly different results compared to simulation using HRU realizations (Fig. 5.7). Errors in
discharge simulation are slightly lower for the discharge derived from an ensemble of hydrographs
(Table 5.3). In the low-runoff events, the discharge resulting from the aggregated HRU maps is largely
underestimated in the scenarios of BCD and ABCD, resulting in larger prediction errors compared
to simulations using the HRU realizations. Errors in the simulation of low-runoff events can be
attributed to a complete absence of hogbacks, which is the main runoff generating source for the lowrunoff events, in the aggregated HRUs (Sect. 5.3.1.2). To avoid this problem, discharge should be,
therefore, stochastically obtained from the HRU realizations. Variation within the discharge ensemble
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Figure 5.7 Event hydrographs generated from 10 HRU realizations (Realiz.) (dashed lines), average hydrograph realizations (Avg realiz.) (red solid lines),
and hydrographs from the aggregated HRU maps (Agg. map)(blue solid lines) for each HRU scenario. Row: simulation results of each rainfallevent.
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can be mainly attributed to the occurrences of hogbacks in the HRU realizations (see Sect. 5.3.4).
However, regardless of discharge derivation methods, the amount of simulated discharge is considerably
lower than those generated based on the field-observed HRUs of these events. This is due to the
underestimation of hogback in the HRU realizations, which are caused by sampling bias of hogbacks in
the training images used to generated the automated HRUs.
For the simulation of high-runoff events (i.e. 13 May, 1 July) with HRUs of scenario BCD and
ABCD, choices of discharge derivation methods (i.e. by averaging hydrograph realizations or using
aggregated HRUs) do not lead to very different results. As previously discussed in Sect. 5.3.1.2,
hogbacks are not important source areas in runoff generation during these events. For the high-runoff
events, neglecting hogbacks in the aggregate HRU maps does not cause remarkable underestimation of
the simulated discharge (Sect. 5.3.1.2), as long as the main runoff generation sources, i.e. debris slopes
and badlands, for these events are correctly represented in the automated HRUs.
5.3.4

Relations between hydrological responses and HRU characteristics in the automated
maps

To better understand the cause of uncertainty in discharge prediction due to the use of the automated
HRUs, we study the relations between total event discharge volume and characteristics of the HRUs
for each HRU scenario (i.e. using HRU realizations). It is shown that these relations are quite similar
for events in the same groups (i.e. high-runoff and low-runoff). Here, we show the results for two
events, each representing events in the high-runoff (i.e. 1 July) and the low-runoff (i.e. 23 July) group
(Fig. 5.8). The correlation coefficients are only shown for three HRUs, i.e. hogback, debris slope (north
location), and badlands, as these are important runoff-contributing HRUs for most events (Fig. 5.6).
It is found that variations in the simulated discharge volume can be largely explained by the
proportion of HRUs that are the runoff generation sources in the respective events (Fig. 5.8). In the
low-runoff event (23 July), total discharge volume only shows a strong positive correlation to the
proportion of hogback HRUs, but not to the proportion of other HRUs (HRUs of scenario BCD
and ABCD). This is because hogback is the main runoff-contributing source in this event (Fig. 5.6). If
hogback does not exist in the automated map (e.g. scenario D), total discharge volume is highly related
to the proportion of debris slopes in the north location, which is the HRU with the second lowest
infiltration capacity after hogback (Fig. 5.6). And, if hogback and debris slope are not present in the
automated HRU map (e.g. scenario A), discharge volume is correlated to badlands whose infiltration
capacity is lowest among other existing HRUs. On the contrary, total discharge volume does not
exhibit a strong correlation to any particular HRUs for high-runoff events (1 July). As in these events
runoff is generated from multiple HRUs (i.e. hogback, debris slope in the north location, and badlands),
the proportion of any single type of HRU (i.e. landform class) does not explain, on a sole basis, the
amount of generated discharge.
Similar to the proportion of HRUs, the average length of HRUs generally shows a positive
correlation to the amount of simulated discharge. Correlation coefficients for the average length of
HRUs are smaller than those for the proportion of HRUs. The correlation is larger for low-runoff
events than for high-runoff events. However, these findings appear to contradict the results in Chapter
2, which indicate a negative correlation between the length of the HRUs and the amount of discharge
generated. The length of the HRUs is input to the closure relations; thus, the volume of simulated
discharge is expected to have a negative relation with HRU length. The positive correlation between
the HRU length and the volume of discharge generated can possibly be explained by the fact that a
HRU length is largely determined by the size or proportion of a HRU. As the HRU lengths have much
smaller effects on the discharge generation compared to the proportion of HRUs, the relations between
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Figure 5.8 Correlation coefficients between the simulated discharge volume using 10 HRU realizations and characteristics of hogback, badlands,
and debris slope (north location), i.e. proportion, average length, average slope, evaluated using the simulation results from 10 HRU realizations of
all HRU scenarios for events on 1 July 2010 and on 23 July 2010.
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the HRU length and discharge are obscured by the effects of the HRU proportions on the HRU
lengths. As a result, in this study, an increase of the discharge volume is observed with an increasing
length of the HRUs.
The average HRU slope is not highly correlated to the amount of discharge generated. These
findings indicate that the average slope of the HRUs has no significant control on the amount of
discharge volume, unlike the proportion and average length of the HRUs. Average HRU slope might
have some effects on the shape of a hydrograph and the discharge timing responses, but this is not
clearly shown in our analysis.

5.4

Conclusion and outlook

In this chapter, we performed an uncertainty analysis of discharge prediction using different approaches
of auto-delineation of HRUs with the MPS technique. HRUs were defined on the basis of landforms;
thus, the automated geomorphological maps produced in Chapter 4 were directly used. The
uncertainty in discharge simulation was investigated using 4 scenarios of automated HRUs generation
based on training sets of different sizes. We used the Hortonian runoff closure relations developed in
Chapter 2 calibrated against the field observations of discharge in the Ourèze catchment (Chapter
3). The predicted discharge based on the automated HRUs was compared and evaluated against
predictions using HRUs based on field observations.
Results show that quality in discharge prediction with the automated HRUs is quite different
between events. Prediction errors are relatively small for the high-runoff events, in that the simulated
hydrograph is comparable to that generated using HRUs from field observations. For high-runoff
events, discharge is poorly simulated in one HRU scenario for which the quality of the automated
HRUs is quite low. Simulation of discharge using the automated HRUs in low-runoff events does not
yield satisfactory results for any of the scenarios. The model significantly underestimates the discharge
compared to simulations using the field-observed HRUs. These findings indicate that the quality of
the discharge prediction is largely dependent on the event properties rather than the overall quality of
the automated HRUs (i.e. percentage of correct cells) used in the simulation. Errors in event discharge
prediction are most sensitive to the mapping quality of a small number of HRUs that generate
significant amounts of runoff in low flow events. Hogback is the main runoff-contributing area in the
low-runoff events. Uncertainty in the amount of generated discharge in the low-runoff events can be
solely explained by the proportion of hogbacks in the automated HRU maps. This HRU is significantly
underrepresented in the automated HRU realizations and does not exist in the aggregated HRU maps
in all HRU scenarios, resulting in an underestimation of the simulated discharge for these events. In
the high-runoff events, runoff-contributing areas are not restricted to hogbacks, but also include debris
slopes mainly in the north and badlands. These HRUs are mapped with reasonable accuracy in three
HRU scenarios, resulting in small prediction errors. As runoff is generated from multiple HRUs, the
variation in discharge simulation is not strongly correlated to the proportion of any single HRU in
the automated maps. It is also shown that uncertainty in discharge simulation is strongly related to
the proportion of HRUs that generate runoff. Average length of HRUs also shows a correlation to the
amount of discharge volume, but in a smaller magnitude, while slope of the HRUs almost shows no
correlation.
It is important to note that the analysis of runoff-generation sources in each event is entirely
based on the model results. Unfortunately, we do not have field measurements of runoff generated
from different HRUs to verify the model results. However, based on our field knowledge in this
study catchment (Chapter 3), we believe that the model results are good indications of the runoff
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contributing areas observed in the catchment. For example, hogback is observed as a runoff contributing
area in most events. Although a direct observation of runoff generation at hogbacks might not be
possible due to the inaccessibility to this HRU, there is ample evidence of runoff generation at hogback
sites and its contribution to the catchment discharge. For instance, we generally observe a large number
of rills and quasi-permanent gullies at the lower boundaries of hogbacks that forms a direct drainage
network to the main streams. Runoff from hogbacks is mainly transported through these gullies to
the main channels, while a smaller runoff amount may become a run-on to the downstream HRUs
and subsequently re-infiltrates. Runoff is also observed from badlands in most events, including the
events in the dry period. The latter contradicts to the model findings that badlands do not significantly
contribute to catchment discharge in low-runoff events. This may be due to a merger of two badlands
classes that increases Ks of the combined badland class (Sect. 5.2.4). We also have observed runoff
generation at HRUs with large infiltration capacity (e.g. alluvial fan) for the events with high rainfall
intensity. This is because, during these events, rainfall intensity over a short period of time can be quite
large such that it exceeds the infiltration capacity of these HRUs. In our modelling exercise, these
HRUs do not generate runoff because we use the average event intensity, which is indeed much lower
than the average infiltration capacity of these HRUs.
The MPS technique is thus shown to be promising for the automated delineation of HRUs in
a semi-distributed modelling framework in particular for large-runoff events. The technique can be
particularly useful for a large-scale modelling application where field observation of HRUs is not an
option. However, automated delineation of HRUs with the MPS technique has some disadvantages.
The quality of the automated HRUs is totally dependent on the information in the training images. If
the HRUs in the training images are not representative for the catchment, it is not possible to obtain a
correct delineation of HRUs resulting in a good discharge prediction. Furthermore, the MPS technique
tends to underestimate or disregard landforms that are not sufficiently captured in the training images
in the automated HRU maps (e.g. the case of the missed hogbacks). Also, aggregation of HRU
realizations may result in an over-smoothening of the aggregated HRU maps, neglecting the runoffcontributing HRUs – i.e. hogback in the low-runoff events. The issue of smoothing the HRU maps
that results in suppressing the small units with a significant contribution to catchment runoff is also
raised by Dehotin and Braud (2008) and Haverkamp et al. (2005). Thus, it is recommended to retrieve
the discharge from an ensemble of predictions using individual HRU realizations, rather than using
an aggregated HRU map to simulate the discharge. A stochastic framework does require considerable
computational efforts because the runoff modelling involves Monte Carlo simulation. However, this
computational problem can be handled through parallelization of the Monte Carlo runs in a cluster
computer system (e.g. Ran et al., 2013).
Results from this study provide crucial implications to optimize the MPS technique for
hydrological application. Since the quality of discharge prediction is related to the representation of
runoff contributing areas, it is important to focus on the mapping accuracy of the HRUs with a low
infiltration capacity. This suggests detailed field mapping of these HRUs to be used as training data
sets. The size of training images, though not showing relations to the prediction uncertainty, should
be relatively large to capture a sufficient number of cell occurrences for all HRU classes and to obtain
a reliable frequency database. Also, a high-resolution DEM should be used in the automated HRU
classification to increase the capability of mapping and representing small geomorphological features.
It might be important to develop an alternative approach for the aggregation of HRU realizations that
will not lead to an underestimation or neglect of HRU classes that are rare but important.

132

6

Synthesis

Making reliable hydrological predictions is a prominent task for hydrologists whose estimates of
hydrological variables (e.g. discharge, water table depth, soil moisture) are a prerequisite to obtain
solutions to engineering and environmental problems. Reliable hydrological predictions become a
grand challenge when they are required for data-poor regions or in ungauged basins.
As a step towards resolving problems related to predictions in ungauged basins, this thesis
presented a hydrological response unit (HRU) based rainfall-runoff modelling framework that allows
parameterization of HRUs using local-scale measurable catchment characteristics to minimize ad-hoc
parameter identification. The work in this thesis includes a framework for identifying the closure
relations for Hortonian runoff flux at HRUs and a technique for automated delineation of HRUs for
model applications in meso- and large-scale catchments. The modelling framework was developed
and evaluated using an observational data set from a 16-km2 catchment in the Buëch valley, France,
while the automated HRU delineation technique was tested over a larger area of 280 km2 in the Buëch
catchment. This chapter provides the answers to the research questions posed in Chapter 1, which
are based on the results of Chapter 2-5. The strengths and weaknesses of the modelling framework
developed in this thesis are also discussed. The chapter ends with future challenges to improve the
modelling framework.

6.1

Answers to research questions

6.1.1

Identification of Hortonian runoff closure relations for the HRUs

Semi-distributed hydrological models require closure relations describing processes and simulating
hydrological fluxes at the scale of the model units (i.e. HRUs). Chapter 2 presented a methodological
framework for the development and parameterization of the closure relation for the Hortonian runoff
and infiltration fluxes at the HRU scale. The Hortonian runoff closure relation at HRU scale was
derived in four steps.
Development of the closure relation started from characterization of the local-scale Hortonian
runoff mechanism using a well-verified physically-based theory of infiltration and runoff generation
processes including the HRU properties at the local scale. This step requires a large data set of
Hortonian runoff fluxes from extensive HRUs and rainstorm events. However, such large observational
data sets do not exist. To overcome this problem, I used a physically-based, high-resolution rainfallrunoff model to create a synthetic discharge data set as a surrogate for real-world observations. The
model was run for approximately 6 x 105 scenarios of hypothetical rainfall events and HRUs. These
scenarios described different characteristics of rainfall (i.e. rainfall intensity, duration), properties of
the HRUs (i.e. slope gradient, unit length and regolith properties), antecedent moisture conditions,
and flow patterns. For each scenario run, the results of the high-resolution model (i.e. infiltration
flux, storage, runoff fluxes and other state variables) at selected simulation time steps were stored in a
database.
The second step was to formulate the Hortonian runoff process description at a HRU scale (or
closure relation). The closure relation was developed as a process-based lumped conceptual model,
consisting of the Green & Ampt equation and a time-lagged linear reservoir model to calculate the
infiltration and runoff fluxes from the HRUs. The closure relation calculates the HRU fluxes and state
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variables at a given simulation time step using the input flux (precipitation), current and past state of
storage within the HRUs, local-scale measurable HRU properties, and a set of conceptual parameters –
i.e. a ponding factor, a linear reservoir parameter, and a lag time. These conceptual parameters explicitly
account for sub-HRU process heterogeneity and the effects of HRU geometry on the runoff responses
in the lumped structure of the closure relation, and are thus referred to as scaling parameters.
In the third step, the Hortonian runoff closure relation formulated in the second step was
parameterized using the synthetic time series of discharge and state variables retrieved from the
databases created in the first step. The parameterization resulted in values of the scaling parameters in
the closure relation for each scenario of the high-resolution model run.
The fourth step was to establish relationships between local-scale measurable HRU properties (i.e.
slope gradient, unit length, and regolith properties), boundary conditions (i.e. rainfall characteristics,
antecedent moisture content), and corresponding HRU-scale conceptual parameters (i.e. scaling
parameters). Based on this relation, non-measurable scaling parameters in the closure relations
can directly be estimated as a function of the morphology, properties of the HRUs and boundary
conditions that are measurable at the local scale. The closure relation can then be applied to different
HRUs without an ad-hoc identification of the scaling parameters. I investigated two approaches in
bridging the parameters at different scales: a multiple regression technique (i.e. global method) and
an inverse distance-weighted interpolation method in the parameter space (i.e. local method). The
first approach uses the entire synthetic data sets to derive a function of scaling parameters and HRU
properties. The second method empirically estimates the scaling parameters using the information only
from the scenarios with similar HRU and rainfall characteristics in the synthetic data sets.
The results show that the closure relation is capable of providing an appropriate representation
of the transient runoff characteristics generated with the high-resolution model for another set of
hypothetical rainstorms and HRUs that were not used in the identification of the closure relation.
The closure relation gives the best estimates of hydrograph shape, total discharge volume, and peak
discharge for the HRUs with a relatively short slope length and steep gradient, particularly when the
rainfall intensities are significantly larger than the infiltration capacities of the HRUs. On the other
hand, predictive performance of the closure relation is lower for flat and elongated HRUs in the case
of small rainfall events. In these scenarios, the spatial variability of the infiltration processes becomes an
important factor in runoff generation. The spatial aspects of the runoff generation processes might not
be sufficiently represented through the lumped scaling parameters in the closure relation.
Relations between the local-scale HRU properties and the HRU scaling parameters are highly
non-linear, particularly for events with a low amount of runoff generated due to the increasing effects
of spatial heterogeneity on the runoff generation processes. Therefore, the inverse distance-weighted
interpolation method outperforms the regression technique in the estimation of the scaling parameters.
To conclude, the Hortonian runoff closure relation, and its parameter estimation scheme, as developed
in Chapter 2, shows promise as a component in semi-distributed hydrological models.
6.1.2

Performance of the Hortonian runoff closure relation in a real-world catchment

In Chapter 3, the Hortonian runoff closure relation, including the parameterization scheme, developed
in Chapter 2, was applied to simulate the discharge response in a 16 km2 catchment in the Buëch basin,
France. Performance of the closure relation was evaluated against observed discharge data sets at three
locations in the catchment on an event basis. HRUs were delineated to represent landscape units based
on landform types, regolith, and drainage pattern. For each HRU, inputs and parameters in the closure
relations were obtained from field observations (i.e. rainfall) or taken from the literature (i.e. vegetation
and soil parameters). Antecedent soil moisture content was estimated using a simple soil water balance
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model. The scaling parameters in the closure relation were estimated, based on the empirical relations
between event characteristics, geometry, and measurable physical properties of the HRUs that were
available from the extensive synthetic data sets of Chapter 2. Note that this parameterization scheme,
i.e. using a pre-defined parameter library to store relations between different parameters, has previously
been referred to as a discrete parameterization procedure (Perrin et al., 2008). Discharge from
individual HRUs was routed over the drainage network using Manning’s equation and summed at the
catchment outlet to obtain the catchment-scale responses.
The closure relation developed in Chapter 2, parameterized with the local-scale observations,
satisfactorily reproduces the discharge responses in the test catchment. The shape and timing of
responses are comparable to the observed hydrographs, but the discharge magnitude is largely
overestimated. Performance of the closure relation is high for events with a high runoff coefficient with
a Nash-Sutcliffe index up to 0.8 and errors in discharge volume predictions about 10%. These high
predictive capabilities are due to the scaling components in the closure relation. Without the scaling
components, the closure relation is incapable of accounting for the infiltration processes after the
rainfall events and the storage capacity of the HRUs. As a result, rainfall is instantaneously discharged
from the HRUs without delay, as shown by the sharp increase in discharge occurring immediately after
the start of a rainfall event.
The performance of the closure relation is negatively influenced by the uncertainty in the localscale measurements of the HRU characteristics. To overcome this, the closure relation was calibrated
against observed discharge at the three locations in order to find an optimal local-scale value of the
saturated hydraulic conductivity (Ks). Note that the scaling parameters themselves were not calibrated.
It was found that the prediction of the discharge is significantly improved by adjusting the Ks values
using a pre-factor. This factor was optimized for all HRUs in the catchment using a simple brute force
calibration approach. The calibrated Ks values for each HRU are in the range of the plot-measured Ks
values in the study catchment, and those reported in many other studies (i.e. 10-80 mm/h). However,
using the closure relation without a scaling component, it is not possible to obtain accurate discharge
predictions even after calibration. Although the hydrographs are simulated with a correct peak
magnitude of the discharge, the timing of the discharge responses remains too instantaneous. Also, the
calibrated Ks values for each HRU are extremely high and not realistic (i.e. 500-1300 mm/h). It was
also found that the closure relations, regardless of whether the scaling components are incorporated or
not, perform poorly for events with a small runoff coefficient. This can be attributed to an increasing
importance of the spatial variation of the infiltration parameters on the runoff generation during such
events, which cannot be simply handled by the lumped parameters in the closure relation.
These findings show that the Hortonian runoff closure relation in Chapter 2 is capable of
simulating the catchment-scale discharge using local-scale HRU observables. However, calibration may
still be required to adjust for the measurement errors and uncertainty in the estimates of local-scale
HRU properties.
6.1.3

Automated delineation of the HRUs

In the application of the modelling framework in meso- or large-scale catchments, the delineation of
HRUs might need assistance from automated mapping techniques. In Chapter 4, I investigated the
automated delineation of HRUs in the context of geomorphological mapping since the HRUs used in
Chapter 3 are delineated based on landforms. Due to the limitations of one or two-point statistics in
the characterization of the complex landscape, I chose a technique that is capable of using the terrain
information at multiple locations to characterize and map landforms. This so-called multiple-point
geostatistic technique (MPS), which has been widely used to map sub-surface geological structures for
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reservoir modelling, but has never been applied to map landscape features. Here, I followed the MPS
approach that uses the Single Normal Equation Simulation algorithm (SNESIM) (Strebelle, 2002).
The method derives landform types at unvisited locations from a probabilistic function of landform
class occurrences that is conditioned to the morphometry of the terrain, derived from a digital
elevation model (DEM), and landforms of the surroundings. The probabilistic function is derived
from a training image consisting of a field geomorphological map and DEM. Chapter 4 focuses on the
configuration and optimization of the MPS technique for geomorphological mapping, and evaluates its
performance as a function of the size of the training image.
The MPS technique is capable of reconstructing the landforms of the Buëch catchment
with a maximum percentage of correct cells of approximately 50% evaluated against the field
geomorphological map. This mapping accuracy is obtained by using a 28-km2 training image (i.e.
10% of the total study area); and by characterizing landforms using 4 morphometric (i.e. height
above the nearest drainage – HAND, slope gradient, profile curvature, and slope variability), and 2
non-morphometric attributes (i.e. landforms observed at 1-cell and 10-cells downstream from a cell
of interest). Landforms at high positions in the landscape are mapped with a larger accuracy than
landforms near the valley bottom. Landforms that can be mapped with the highest accuracy are debris
slope and alluvial fan, while hogback and glacis are mapped with the lowest accuracy. The low mapping
quality for hogback and glacis is due to their overlapping characteristics with other landform types that
are more often present in the training images, in particular debris slope. Therefore, glacis and hogback are
substantially underestimated and often misclassified as debris slope in the automated maps.
I found that the optimal size of the training image is in the range of 20-28 km2 or 7.5-10% of
the total mapping areas. The accuracy of the automated maps decreases when reducing the size of
training images. Geomorphological processes are highly variable in space, which thus results in spatially
variable relations between topography and landforms, or spatial patterns in landforms that are specific
for particular (sub-) catchments. Using small training images may not sufficiently represent this
non-stationarity and the resulting frequency database may not be representative for the whole area.
Increasing the size of training images beyond this range may not considerably increase the mapping
quality. This will, instead, result in a redundancy of information and more variations in landform
classes per attribute pattern in the frequency database, reducing the capability to discriminate between
landform types.
MPS shows a higher performance in automated geomorphological mapping compared to a rulebased classification, which is essentially a one-point statistics technique. The automated map generated
by MPS has an overall cell accuracy which is 15% larger than the rule-based map. The rule-based
technique is not capable of reproducing the shape and overall proportion of landform types observed
in the study catchment. The only advantage of the rule-based technique over MPS is the capability in
mapping river plain. This unit has extreme morphometric characteristics which do not overlap other
units (i.e. low elevation, close to river, and flat slope gradient). Therefore, river plain can be easily
mapped using the HAND criterion.
These findings show that automate mapping of landforms using MPS is promising and represents
an important component when using the HRUs in the semi-distributed modelling framework in areas
where surface elevation is the dominant source of information.
6.1.4

Discharge prediction errors due to the automated HRUs

Naturally, the automated geomorphological maps contain errors and will never represent the landforms
of the catchment in its entirety, likewise the field-based geomorphological reference map. In Chapter
5, I investigated the errors in discharge simulation that are caused by errors in the delineation of the
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HRUs, when these are derived from automated geomorphological maps. This important exercise
sheds light on the performance of the modelling framework when the HRUs are to be delineated
by an automated procedure in meso- or large-scale catchments that are largely ungauged. Prediction
uncertainty was investigated for a set of selected events observed in the test catchment in Chapter 3,
using the automated HRU maps that are derived from four training image sizes with an overall cell
accuracy between 15-50%. Prediction errors were evaluated against the simulated discharge for the
HRUs delineated from field observations.
Errors in the auto-delineation of the HRUs have different effects on the discharge predictions for
different events. Errors in the simulated hydrographs and total discharge volume are quite large for the
small events (i.e. <1000 m3/h of peak discharge). From our analyses, it follows that hogback provides
the major runoff contributing area for these events. However, this HRU is largely underestimated or
totally absent in all HRU automated mapping scenarios. Hogbacks are only formed over the limestone
ridges at the watershed boundaries and occupies a very small area of the catchment. Omission errors
of this HRU, thus, appear to have trivial effects on the overall mapping quality, while these errors
have substantial effects on the underestimation of discharge for these events. For the events with large
runoff volume, the quality of the discharge prediction is still maintained in most of the HRU mapping
scenarios. Here, omission errors of hogbacks do not result in large prediction errors because runoffcontributing sources in these events also include debris slopes in the north location and badlands
that are more extensive in the catchment and generally mapped with a relatively high accuracy.
Misclassification between some HRUs (i.e. alluvial fan, fluvial terrace, river plain) does not result in
significant prediction errors as these HRUs generate almost no runoff due to their high infiltration
capacity. I conclude that the overall quality of the automated HRUs, alone, does not imply accurate
discharge predictions, but that the accuracy of runoff prediction heavily depends on accurately
mapping HRUs that are the main runoff generation sources for certain events. The proportion of
runoff-generated HRUs is the most important characteristic to explain the uncertainty in predictions,
while the average slope and length of the HRUs do not seem to contribute to the uncertainty.

6.2

Discussion on the approaches used in the semi-distributed modelling
framework

This thesis proposes a novel approach for the identification of the closure relation for quantification of
Hortonian runoff fluxes at the HRU scale and the automated delineation of the HRUs in a catchment
using the MPS technique as the main components in semi-distributed rainfall-runoff modelling. In this
section, I will discuss the strengths and weaknesses of these approaches, separately for each component
of the modelling framework.
6.2.1

Derivation of the Hortonain runoff closure relation

Strength
In this thesis, the Hortonain runoff closure relation was developed using synthetic data sets of discharge
responses generated from a detailed distributed physically-based rainfall-runoff model as a surrogate
of reality. The main strength of this approach lies in a complete knowledge of the inputs, boundary
conditions, parameters, state variables, and corresponding hydrological fluxes for an extensive set of
HRUs that are necessary for the identification of the closure relations and parameterization scheme.
These data are, however, hardly available due to the difficulties in the measurements at a scale larger
than a small field scale (Schulz et al., 2006). Although the in-situ measurements of hydrological fluxes
and dynamics of state variables at a hillslope or small catchment scale can possibly be obtained through
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intensive field experiment campaigns (e.g. Duffy, 1996; Western and Grayson, 1998; Creutzfeldt et al.,
2014), the underlying spatial pattern of boundary conditions and internal state variables are not fully
known, or even unknown (Sivapalan, 2005; 2009). This incomplete data hinders the development of
the closure relations. Using a numerical simulation approach to create the synthetic data sets is, thus,
opens possibilities to develop closure relations for different hydrological components and processed
within the HRUs, even with limited data (Lee et al., 2007).
The Hortonian runoff closure relation proposed in Chapter 2 is relatively simple, but still has some
physical basis. The closure relation only contains three scaling parameters which are unknown and have
to be determined prior to the simulation. This low parameter requirement minimizes the problems
related to the parameter identifiability and equifinality (Beven and Freer, 2001b). Parameterization
of these scaling parameters can be done using pre-knowledge on the relations between these nonmeasurable scaling parameters, measurable HRU descriptors, and boundary conditions in the synthetic
data sets obtained from numerical simulations for extensive rain events and HRUs – i.e. a parameter
library. The parameterization scheme using this parameter library substantially alleviates the calibration
tasks for an ad-hoc identification of the closure relation’s parameters, as these scaling parameters can
be estimated as a function of event characteristics, HRU geometry, and measurable properties of
the HRUs that can be obtained from in-situ measurements at a plot scale. This is a major advantage
compared to other studies in which the closure relations generally require additional sets of empirical
relations to determine the closure relation’s parameters (e.g. Reggiani et al., 1999; 2000; Lee et al.,
2007) – i.e. auxiliary relations that generally contain a number of non-measurable unknowns that
cannot be directly parameterized using field observations or straightforward approaches. The form
and parameters of these auxiliary relations can, therefore, only be identified through calibration using
time series of state variables and fluxes at the HRU scale which makes them less suitable for ungauged
catchments.
Using a parameter library in the parameterization scheme supports the transferability of the
closure relation to a large number of HRUs with different geometry and characteristics under various
rainfall events without the need for ad-hoc parameter identification (Perrin et al., 2008). However,
note that calibration of the Hortonian runoff closure relation might still be necessary because the
local-scale estimates of the HRU properties are generally associated with a large uncertainty. Chapter
3 shows that a simple calibration procedure for optimal values of a single field-scale HRU observable
(e.g. Ks) was already sufficient for accurate predictions. If the appropriate small-scale measurements
of the HRU properties are available at sufficient accuracy, calibration of the closure relation may
become unnecessary. With a simple model structure, parameterization scheme, and small calibration
efforts, the closure relation proposed in this thesis would require relatively low computational costs.
This supports the application for hydrological now-casting and forecasting in meso- or large-scale
ungauged catchments in data-poor regions. It would be also possible to apply computationallyintensive stochastic data assimilation methods, e.g. particle filtering (Liu and Gupta, 2007) to improve
the simulations as the model runtime is not an important issue.
Weakness
The main weakness of the approach used to derive the closure relation comes from the inability to set
up the virtual experiments to fully mimic the systems of the real world. This can be attributed to the
complexity and partly chaotic behaviour of the physical and hydrological processes, and the availability
of computational resources that impedes the use of high-order physics to characterize the processes. The
latter is a main issue of this study. With existing computational power, it is not possible to characterize
infiltration and the Hortonian runoff generation processes using fully physically-deterministic process
138

descriptions, numerically solved at a very fine spatial and temporal resolution, since these would
result in excessive model runtimes. Therefore, the level of physics to characterize the processes in the
numerical experiments must be decreased to counterbalance the available computational resources,
with the trade-off of being less physically realistic, i.e. the use of the Green & Ampt equation to
represent the infiltration process (cf. Babel and Karssenberg, 2013). Besides the process descriptions,
a number of assumptions were also imposed in the numerical simulation to reduce model complexity
and parameter requirements; for instance, a vertically-uniform soil, static soil surface characteristics
during the events, and spatially-uniform HRU properties. These assumptions and simplification of the
processes in the numerical experiments may result in synthetic data sets that are not physically realistic.
This would have a direct effect on the identification of the closure relation and parameterization scheme
to not sufficiently represent the processes in reality.
With the limited computational resources, it was also necessary to limit the size of the parameter
library by using a limited set of relations between the HRU characteristics, boundary conditions and
scaling parameters in the closure relations. In most cases, as shown in Chapter 3, the closure relation
was applied to HRUs and rainfall events that are not totally covered by the scenarios of the library.
Thus, the scaling parameters had to be interpolated or extrapolated beyond the existing information
in the database which might result in an unreliable parameter estimation and, consequently, poor
discharge prediction. In addition, the parameter library does not contain a sufficient number of
scenarios representing rainstorm events and HRUs that generate a small runoff volume. In these
events, relations between the scaling parameters, HRU characteristics and boundary conditions are
highly non-linear due to the large effects of spatial variability of the infiltration process on runoff
response behaviour (Corradini et al., 1998). Interpolation for an optimal set of parameters based on
these existing data points is very difficult and does not yield optimal scaling parameters to result in
satisfactory discharge predictions for these events. This problem can be resolved by including more data
points (i.e. scenarios to create the parameter library) to improve the characterization of this nonlinearity
in the parameter space, especially in the region representing the low-runoff-generated events.
6.2.2

MPS technique for delineation of the HRUs

Strength
The main strength of the MPS technique can be attributed to its capability of using both
morphometric (i.e. DEM derivatives) and non-morphometric (i.e. landform classes) information
observed at multiple point locations to characterize and map a landform at a location of interest. The
mapping procedure is analogous to human reasoning in landscape interpretation. The classification is
made, based on collective knowledge of the relations between the occurrences of different landform
types and the corresponding visually-observable terrain characteristics at the location where a certain
landform is observed and at the surrounding locations. This knowledge is acquired from the training
data sets, consisting of ground truth information (i.e. a field geomorphological map) and explanatory
data sets (i.e. a DEM). This is different from the commonly-used automated mapping techniques
based on clustering or region-growing methods for which the classification ambiguously relies on
the statistical characteristics of morphometric attributes observed at one or two locations and their
structural organization in the parameter space, whilst the descriptive non-morphometric information in
the surrounding neighbourhood is neglected (e.g. van Niekerk, 2010). Landforms in the neighbouring
locations provide valuable contextual information on the spatial relations of different landform types in
the landscape (i.e. top-down sequences of landform occurrences along slopes in the valley), representing
the co-existing characteristics of particular units and implying the underlying geomorphological
evolution. The resulting automated maps from the MPS technique satisfactorily represent landforms
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of the study area. Misclassification is limited to units at an adjacent position in the top-down landform
sequence that have overlapping characteristics; for example debris slope with hogback, and alluvial fan
with fluvial terrace. These misclassified units have relatively similar hydrological properties. Due to their
low infiltration capacity, debris slopes and hogbacks are both main runoff-contributing areas for events
with low or moderate rainfall intensities. On the other hand, both fluvial terraces and alluvial fans have
a relatively high infiltration capacity and hardly generate runoff for all events. When it comes to the
application of the automated geomorphological maps in hydrological modelling, these misclassification
errors do not have a large effect on the hydrological simulation. The simulated hydrographs using the
automated HRUs are quite comparable to those resulting from the field-mapped HRUs.
Another advantage of the MPS technique has to do with its flexibility to map different types of
landscape units upon requirement. The type of landscape unit as a mapping target can be explicitly
identified in the training data sets and directly obtained in the automated mapping results. Therefore,
the MPS technique can be applied to map landforms at different scales or for other types of landscape
units to suit specific applications, including the delineation of HRUs in other semi-distributed
modelling frameworks that may use HRUs different from this study. With other existing automated
landform mapping techniques, it might not be possible to define the types of units to be mapped a
priori. Instead, the target mapping units can only be implicitly defined through a number of settings
in the mapping procedures, i.e. the maximum size of cell patches in the automated maps or a
permitted number of landform classes (e.g. Romstad, 2001). Thus, the automated maps must often be
manipulated further, for instance, combining units and classes with similar characteristics, or assigning
geomorphological meaning to the units, before the maps can be used (e.g. MacMillan et al., 2000; Bue
and Stepinski, 2006). This might not be convenient from a practical point of view. On the contrary, the
MPS technique can be tailored to result in automated maps that can be readily or directly used to serve
the purpose for which these maps are generated, that is without a strong need for further modification
of the units in the automated maps.
The MPS technique holds the possibility to investigate and evaluate the uncertainty when mapping
different landforms at different locations in the catchment. This information provides important clues
on the reliability of the automated maps and their suitability to be applied for specific purposes. This
information also delivers suggestions where additional field observations are required to validate the
automated maps and on how to improve the mapping quality before use. In hydrological modelling,
information with regard to the mapping uncertainty is also useful in the diagnostic of errors in the
discharge simulation as a result of using automated geomorphological maps to derive HRUs.
Weakness
As with other supervised classification approaches, the main weakness of the MPS technique in
landform mapping comes from the use of training images to provide the mapping information.
Information in the training images is prone to human errors in landscape interpretation (Kurian
and Karunakaran, 2012). These errors are intrinsic and inevitably inherited by the automated maps.
Geomorphological characteristics in the landscape can exhibit a large degree of non-stationarity due
to spatial variation in land surface properties and geomorphological processes across the catchment.
Training images are usually taken from small areas due to limitations in surveying cost and time.
Therefore, the training data that are selected may not be representative of conditions encountered in
the areas outside the images (Campbell, 2006).
The SNESIM approach has the main limitation that it only allows using categorical variables (i.e.
slope class) as mapping attributes. Thus, the technique may not be capable of mapping a large number
of landform types, particularly those with overlapping characteristics. Increasing a number of mapping
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attributes and their associated class numbers to enhance the capacities in landform classification is not
a good solution, since this will, instead, lead to unreliable conditional probability function of landform
occurrences, as a result of reducing a number of replicates per each attribute pattern observed in the
training image. In this way, quality of the automated map generated using the SNESIM approach is
restricted to a number of attributes allowing to obtain the reliable statistics.
The MPS technique has a low capability for mapping landforms that are not widely occurring in
the landscape (i.e. hogback and glacis). In most cases, these units are under-sampled in the training
images, as a result of their low probability of occurrence under all attribute conditions in the frequency
database. Thus, these units are likely to be misclassified as other landforms that have overlapping
characteristics and that are more often present in the training images. In addition, the procedure used
to derive the representative geomorphological map from map realizations, i.e. selecting the landform
class with the highest mapping probability per cell (Chapter 4), neglects the infrequently-mapped
landform classes. This altogether results in a large underestimation, in the automated geomorphological
maps, of the units with a small proportion of occurrences in the training images. Although errors
in mapping the landform types that hardly exist in the landscape (i.e. hogback) do not have a large
effect on the overall quality of the automated map (Chapter 4), these errors become considerably more
important when the automated geomorphological maps are used to derive HRUs used for discharge
modelling. It is shown that hogback which has a low number of cell counts in the frequency database
and whose occurrence is generally underestimated, delivers the main runoff contributing area for events
with low rainfall intensities, particularly after a dry period. Inaccurate representation of this HRU in
the automate map results in large errors in the simulated discharge compared to simulations using the
HRUs from field observations (Chapter 5). Thus, it can be concluded that the MPS technique might
not be suitable for delineation of HRUs for use in these events.
This problem might possibly be overcome by two solutions. First, the training images should
contain significant proportions of all HRU classes to reduce a tendency that the units that are less
sampled are totally obscured by the others that have overlapping characteristics and are more observed
in the training image. However, this may introduce errors related to the proportions of different
HRU classes in the automated map. The HRUs that are not widely observed in the landscape may
become overestimated which may result in commission errors of these HRUs in the automated
map. Second, the discharge simulation should be set in a stochastic framework using individual map
realizations because the aggregated HRU maps largely under-represent the runoff-contributing HRUs,
causing underestimation of the simulated discharge. This solution has a trade-off on increasing the
computational requirements and model run time.

6.3

Future perspectives

The above discussion on the pros and cons of the approaches used in the derivation of the closure
relation and on the automated delineation of HRUs for semi-distributed discharge modelling in Sect.
6.2 paves the way for future studies to improve the current work in order to achieve better discharge
simulations for ungauged basins. This section outlines a number of possibilities and recommendations
for future research.
6.3.1

Improve process descriptions and the parameterization scheme for the Hortonian runoff
closure relation

The framework to derive the Hortonian runoff closure relation proposed in this thesis is strongly based
on the use of synthetic data sets of hydrological fluxes. To improve the quality of the synthetic data sets
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for the identification of the closure relation, future research can be directed towards increasing the level
of physics used to characterize the Hortonian runoff generation mechanism in the physically-based
high-resolution model developed in Chapter 2. The key process in Hortonian runoff generation, i.e.
infiltration, should be modelled in more detail, such as the vertical infiltration through multi-layer soils
(e.g. Wanders et al., 2012) using physically-based descriptions (Richards’ equation). In addition, the
spatial heterogeneity of the HRU characteristics, e.g. soil hydraulic properties, and temporal variability
in rainfall events should also be considered as this has a significant effect on runoff generation (Brath
and Montanari, 2000; van de Giesen et al., 2011). With an improved representation of reality in
creating the synthetic data sets, the process descriptions in the closure relation can be adjusted or
reformulated to account for more process detail and spatial variations of the HRU properties.
It is also important to increase the transferability of the closure relation for predictions over more
extensive events and HRUs. This can be done by extending the size of the parameter library to account
for a larger set of events and HRUs. The focus must be put on low-intensity rainstorms where the
relations between the scaling parameters and local-scale observable HRU characteristics are highly
non-linear. More information on the parameter relations in these events is required to improve the
estimation of the scaling parameters and predictive performance of the closure relations. In addition,
dimensions of the parameter library can also be expanded to include more observable HRU properties;
for example porosity, surface roughness, and Manning’s n. These parameters are all important for the
infiltration and runoff generation mechanism (Govers et al., 2000; Nearing et al., 2005). Parameters
describing the spatial pattern of HRU characteristics can also be included in the library.
6.3.2

Develop the closure relations for other hydrological components using the framework
proposed in this thesis

The findings of this thesis hold a promising prospect for the framework proposed in Chapter 2 to
identify closure relations in HRU-based discharge modelling. Thus, this framework should be used to
derive closure relations for other hydrological processes; for instance saturated overland flow, subsurface
storm flow, and groundwater flow. Saturated overland flow and subsurface storm flow are important
runoff generation processes in temperate regions for forested catchments with shallow, permeable,
weakly heterogeneous soils (Scanlon et al., 2000; Savenije, 2010). The closure relation for groundwater
flow is required for the continuous simulation of stream flow during inter-storm periods. In the
identification of these closure relations, numerical experiments for subsurface flow processes in reality
can be set up using full three-dimensional Richard’s equation models (e.g. Paniconi and Wood, 1993;
Paniconi et al., 2003). The closure relation of subsurface flow can be formulated as a one-dimensional
hillslope-storage model based on the kinematic wave or Boussinesq equation (e.g. Fan and Bras,
1998; Troch, 2003). A number of studies put effort in the extension of these types of equations to
accommodate the effects of hillslope geometry, bedrock topography, spatial variation in soil depth, and
recharge patterns on the flow responses (Troch et al., 2002; 2003; 2004; Hilberts et al., 2004; 2005;
Bogaart and Troch, 2006). Therefore, it would be interesting to use this type of model as the closure
relation for simulating sub-surface hydrological fluxes.
6.3.3

Improve the quality of geomorphological mapping and HRU delineation

This thesis only presented the first application of the MPS technique to automate the mapping of
landforms, used to define HRUs for discharge modelling. Future research should focus on various
strategies to improve the quality of geomorphological mapping. This can be done in two directions.
The first direction is to focus on using data sets with higher quality and using more information
in mapping. This can start from improving the quality of the field geomorphological map used as
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training data sets, particularly regarding small-scale geomorphological features that have extreme
hydrological characteristics and are the main runoff contribution sources – e.g. hogbacks or outcrops.
In response to detailed training data sets, mapping should be carried out at a higher cell resolution
(1-10 m2); and high-resolution elevation data, for example, LiDAR DTM and SRTM, should be
used to deliver the morphometric attributes used in mapping (e.g. Anders et al., 2011). Information
related to vegetation, soil, and land use type, should also be used as mapping attributes to improve the
discrimination between the units that have overlapping morphometric characteristics. This information
may enable more detailed geomorphological classification representing different formation stages of
particular landform units that may exhibit different hydrological properties (e.g. active badlands and
inactive badlands). The mapping should use more information on the geomorphological pattern and
spatial relations between different landform units, since this is the main advantage of the MPS over
other existing techniques that are only capable of using information at one or two point locations.
Landforms at larger distances from the target mapping cells, e.g. 15 or 20 cells in both upstream and
downstream locations, should be also used since it may better represent the neighbouring units in the
upslope-downslope sequence, particularly for the large and elongated units, such as alluvial fan or
debris slope. Mapping quality can also be improved by using hard conditioning data, which includes
manual-mapped landforms and automatically extracted landform features. For the latter option, we
should focus on the extraction of the landform features that can be surely identified, e.g. alluvial fan,
river plain, to ensure good quality of the hard data (e.g. Roberts and Cunningham, 2008; Fernández et
al., 2012). The hard conditioning data should be applied at a very large number of cell locations since
its impact is relatively limited to the cells around the hard condition nodes (Liu, 2006).
The second direction is to focus on the modification of the mapping procedures used in this study
to improve the mapping quality. This can be done by, for example, using the multi-grid approach to
maintain the spatial continuity of long-range geomorphological features and, at the same time, to
reduce the size of search tree (Liu, 2006). If geomorphological characteristics in the mapping domain
(e.g. overall proportion of units) are known, the simulations should be conditioned to the global
statistics of the mapping areas (Hu and Chugunova, 2008). Future research should also investigate
the use of other MPS algorithms in geomorphological mapping. Recent MPS algorithms are
capable of using both continuous and categorical variables, and simulate data patterns over a group
of pixels instead of a single-point value at a time (e.g. Zhang et al., 2006b; Mariethoz et al., 2010;
Straubhaar et al., 2011). Applications of these algorithms are not limited by the CPU run time, even
when simulating a large number of categories (i.e. landform) with complex structural pattern using
information retrieved from a large search template, since the search tree is not used to store the statistics
from the training image. Moreover, these algorithms allow the parallel simulations within the same
domain, which is suitable for the simulations in non-stationary domains, as this requires subdivision
of the entire domain corresponding to the local heterogeneity and using different training data sets
associated to these sub domains (e.g. Comunian et al., 2011). Last but not least, I would suggest to
modify the current procedure in selecting the representative landform class for individual cells over map
realizations. The procedure should also honour the less-frequently mapped classes, for example, the
one proposed by Soares (1992). This algorithm limits the maximum proportions of certain landform
units in the automated maps to prevent the overestimation of classes that are more often present in the
training image.
Many studies address the necessity to delineate the HRUs that are topologically connected to
improve the modelling of the redistribution of runoff components and lateral flow between HRUs
to the river network (Bongartz, 2003; Güntner and Bronstert, 2004; Vivoni et al., 2004; Khan et
al., 2013). Although landform units are connected through the stream network, the MPS algorithm
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used in Chapter 4 was not set to result in units that rigorously satisfy the condition of topological
connectivity. This issue could be a focus in future studies. The MPS technique should be further
improved such that it does not merely map the landforms, but yields the units that are suitable for use
in hydrological models. This can be done by, for example, mapping the line features or topographical
discontinuity in the first stage – e.g. channels or sub-watershed divides as these often represent the
borderlines between the HRUs and their hydrological networks (Matsuura and Aniya, 2012). Single
units mapped crossing this border are considered as separate HRUs.
6.3.4

Evaluate the performance of the modelling framework for discharge prediction in a large
catchment

The semi-distributed HRU-based modelling framework developed in this thesis was only tested
and evaluated at a small catchment due to a lack of reliable discharge data sets to validate the model
performance at a larger scale. Even though the results of the modelling framework for discharge
prediction in a real-world catchment are promising, evaluation of the model performance in a largersized catchment (e.g. the entire Buëch basin) is still crucial to prove that the modelling framework
is robust and suitable for hydrological predictions in meso- to large-scale basins. In this research
direction, hydrological simulation should be done in a comprehensive manner. The closure relations for
other key hydrological processes within the HRUs, developed by using the framework proposed in this
thesis (Sect. 6.3.2), should be incorporated in the modelling framework, including an improved MPS
technique for HRU delineation (Sect. 6.3.3). Results from applying the model will deliver guidelines
for model improvement before the model can be used for operational purposes such as flood forecasting
or assessment of climate and land use changes for environmental planning.
Last but not least, performance of the semi-distributed model in this thesis should be compared
and evaluated against those of other commonly-known hydrological models that also use HRUs,
e.g. SWAT (Arnold et al., 1998), or grid cells with a relatively coarse resolution, e.g. LISFLOOD
(van der Knijff et al., 2010); this is to gain insight into the advantages and disadvantages of the
modelling framework over these existing models. The comparison should be comprehensive, in that
it should involve; for example, the quality of the simulation results, model run time, the memory and
computational resources used, calibration effort, and the value of the model in serving the purpose
of its application. Such an evaluation can be used as a basis to justify the suitability of this modelling
framework as another blueprint for hydrological modelling in ungauged basins.
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Summary
Hydrological forecasting and predictions under environmental change are often hampered by a lack
of historical flow measurements and catchment physical data to characterize the system’s behaviour.
This thesis presents a parsimonious semi-distributed rainfall-runoff modelling framework based on
hydrological response units (HRUs) in which local-scale observable catchment characteristics can be
directly used to parameterize the closure relations at the HRU scale. Thus, the modelling framework
can potentially be used in ungauged basins where there is no sufficient data for ad-hoc parameter
identification (i.e. calibration).
The first part of thesis focuses on the development of Hortonian runoff closure relation for
HRUs. An extensive data set of rainfall-runoff responses from hypothetical HRUs (6 x 105 scenarios),
generated from a detailed physically-based hydrological model, is used as a surrogate of real-world data
sets to identify the form and parameters of the closure relation. These parameters are, in turn, related
to local-scale HRU observables and HRU geometry for each scenario run, resulting in the parameter
library to be used for the estimation of closure relation’s parameters for the HRUs outside the synthetic
data sets. The closure relations show satisfactory performance in reproducing the observed hydrographs
in the 16-km2 catchment in French Alps. Calibration of the closure relation against the observed
discharge results in the saturated hydraulic conductivity that is comparable to the values obtained from
plot measurements in the study catchment. Thus, the closure relation may be used without calibration
if the local-scale observable HRU properties are correctly estimated.
The second part of thesis investigates a technique for automated HRU delineation to support a
model application at a large scale. This is done using a multiple-point geostatistics (MPS) technique
in the context of geomorphological mapping. The MPS technique uses training images to derive
the conditional relationships between occurrences of geomorphological types (HRUs) and a set of
terrain attributes, consisting of four local morphometric properties and surrounding landforms at
two locations. These relations are stored in a frequency database. In the mapping stage, a realization
of a geomorphological class is assigned to the target mapping cell based on the probability function
of landform class occurrences conditioned to the observed attributes, as retrieved from the frequency
database. This technique is tested over 280 km2 in the Buëch catchment, France, using different sizes
of training images. The best mapping accuracy (i.e. 51.2% of correct cell, evaluated against the field
geomorphological map) can be obtained using training images covering 10% of total area. Small
geomorphological features, i.e. hogbacks and glacises, are underrepresented in the automated maps
due to sampling bias of these units in the training images. Using these automated geomorphological
maps as the HRUs, thus, leads to substantial discharge underestimation, particularly in the dry period
where hogbacks are the main runoff-contributing areas. However, this error has small effects for the
predictions in the wet period because the catchment runoff is generated from many HRUs. The
modelling framework presented in this thesis shows a promise and could serve be as a blueprint for
predictions in ungauged basins.
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Samenvatting
Omdat er in veel gebieden beperkte historische afvoergegevens beschikbaar zijn is het moeilijk,
zo niet onmogelijk, om voor deze gebieden hydrologische voorspellingen te doen of te analyseren
welke hydrologische veranderingen zullen optreden onder veranderend klimaat of landgebruik. Een
bijkomende beperkende factor is de grote hoeveelheid data die nodig zijn om het gedrag van een
hydrologisch systeem te karakteriseren. Tenslotte leidt het expliciet modelleren van de grote ruimtelijke
variatie in afvoergedrag binnen stroomgebieden vaak tot lange rekentijden. Dit proefschrift probeert
hiervoor een oplossing te vinden door de introductie van een parameter-arm raamwerk voor regenafvoer modellering dat is gebaseerd op zogenaamde hydrologische respons eenheden (HRUs). Dit
zijn eenheden waarvan het hydrologisch gedrag min of meer homogeen is en die daarom gebruikt
kunnen worden om een stroomgebied op te delen in een beperkt aantal representatieve eenheden.
Voor het vaststellen van de juiste representatieve hydrologische parameters op de schaal van een HRU
moet rekening gehouden worden met de variatie van deze parameters op kleinere schaal binnen de
HRU. Hiervoor moeten zogenaamde sluitingsrelaties worden opgesteld. De sluitingsrelaties van
het raamwerk dat hier wordt gepresenteerd gebruiken parameters die direct op lokale (punt-) schaal
in een stroomgebied kunnen worden gemeten. In potentie kan het raamwerk worden gebruikt voor
de modellering van stroomgebieden waar geen ijking op afvoermetingen kan plaatsvinden door het
ontbreken van bovengenoemde gegevens.
Het eerste deel van het proefschrift richt zich op de ontwikkeling van een sluitingsrelatie voor
de oppervlakkige afstroming van een HRU. Een gedetailleerd hydrologisch model, gebaseerd op
fysische vergelijkingen, wordt gebruikt om een omvangrijke hydrologische dataset te genereren voor
synthetische HRUs (6 x 105 scenario’s). Deze dataset wordt gebruikt om de vorm van de sluitingsrelaties
en de waarden van de parameters die daarin worden gebruikt te bepalen, en dient als surrogaat voor
echte, gemeten gegevens. De parameterwaarden worden vervolgens gerelateerd aan lokaal meetbare
eigenschappen van HRUs en de eigenschappen van de regenbui, wat resulteert in een bibliotheek van
parameterwaarden. Deze bibliotheek kan vervolgens worden gebruikt om parameterwaarden voor elke
mogelijke HRU te bepalen. Toepassing van de bibliotheek met sluitingsrelaties in een stroomgebied
van 16 km2 in de Franse Alpen geeft bevredigende resultaten. Een ijking van de sluitingsrelaties met
behulp van gemeten afvoer resulteert in hydraulische doorlatendheidswaarden die vergelijkbaar zijn
met de waarden die verkregen worden uit regensimulaties in een stroomgebied. Hieruit kan worden
geconcludeerd dat de sluitingsrelaties kunnen worden gebruikt onder de voorwaarde dat een goede
schatting wordt gemaakt van de HRU eigenschappen, met name de punt-schaal parameterwaarden en
de geometrie van de HRU.
Het tweede deel van het proefschrift ontwikkelt en evalueert een techniek om HRUs automatisch
te karteren. Dit zou het mogelijk moeten maken om het hydrologisch modelleer raamwerk ook toe
te passen voor de modellering van grote gebieden, waarvoor handmatige kartering van HRUs in het
veld niet haalbaar is. Er wordt hierbij gebruik gemaakt van een geostatistische techniek die waarden
(geomorfologische klassen) op een kaart schat als functie van eigenschappen op die locatie zelf en in
de directe omgeving, zogenaamde ‘multiple-point geostatistics’ (MPS). De MPS techniek gebruikt
gemeten waarden over een gebied, in de vorm van ‘training images’, om de afhankelijkheden tussen
geomorphologische eenheden (HRUs) en terreineigenschappen te bepalen. Deze terreineigenschappen
bestaan uit morphometrische eigenschappen op de locatie zelf en de geomorfologie op twee
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nabijgelegen locaties. Deze afhankelijkheden worden opgeslagen in een database met frequenties
van voorkomen. De methode wordt geëvalueerd voor een gebied van 280 km2, gelegen in het Buëch
stroomgebied, Frankrijk, gebruik makend van verschillende scenario’s van training images, met name
om het effect van de grootte van het gebruikte training image te evalueren. Het beste resultaat wordt
verkregen bij een training image met een afmeting van 10% van het studiegebied. Hierbij komt voor
51.2% van de cellen de automatisch gegenereerde geomorfologie overeen met de geomorfologie die in
het veld is bepaald. De MPS techniek onderschat het areaal van kleine geomorfologische eenheden, met
name cuesta’s en glacis, als gevolg van bias in de bemonstering van deze eenheden in de training image.
Hierdoor wordt, bij gebruik van automatisch gegenereerde HRUs, de afvoer substantieel onderschat,
met name in de droge periode, wanneer de cuesta’s in het gebied de belangrijkste bijdrage leveren aan
de afvoer. De gemaakte fout is echter klein tijdens voorspellingen in de natte tijd, omdat in die periode
de afvoer wordt gegenereerd door een aantal verschillende HRUs die meer voorkomen en nauwkeuriger
karteerbaar zijn.
De conclusie van het onderzoek beschreven in dit proefschrift is dat het ontwikkelde
modelleerraamwerk veelbelovend is en als blauwdruk kan dienen voor het maken van hydrologische
voorspellingen in stroomgebieden waarvoor geen afvoermetingen beschikbaar zijn. Voorwaarde is dat
het raamwerk wordt uitgebreid met andere runoff-mechanismen zoals verzadigde oppervlakkige afvoer
en interflow.
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บทสรุป
นักอุทกวิทยามักประสบปัญหาในการทำ�นายและพยากรณ์ลักษณะทางอุทกวิทยาของพื้นที่ลุ่มน้ำ�ภายใต้สภาวะการ
เปลี่ยนแปลงภูมิอากาศและสภาพการใช้ที่ดินเนื่องจากมีข้อมูลปริมาณน้ำ�ไหลในลำ�น้ำ�และข้อมูลลักษณะทางกายภาพของ
พื้นที่ลุ่มน้ำ�ไม่เพียงพอ จึงทำ�ให้ไม่สามารถระบุลักษณะพฤติกรรมของระบบอุทกวิทยาในพื้นที่ลุ่มน้ำ�ได้อย่างถูกต้อง ถึง
แม้ว่าข้อจำ�กัดที่กล่าวมานี้อาจหลีกเลี่ยงได้โดยการคำ�นวณและทำ�นายลักษณะทางอุทกวิทยาในทุกตำ�แหน่งของพื้นที่ลุ่มน้ำ�
โดยอาศัยหลักทางฟิสิกส์ แต่อย่างไรก็ดีวิธีการนี้จำ�เป็นต้องทราบค่าตัวแปรในพื้นที่ลุ่มน้ำ�เป็นจำ�นวนมากซึ่งรวมถึงลักษณะ
การกระจายตัวทางพื้นที่ของตัวแปรดังกล่าว จึงอาจทำ�ให้ต้องใช้เวลาในการคำ�นวณ มากทำ�ให้ไม่สะดวกในการประยุกต์
ใช้แบบจำ�ลองในพื้นที่ลุ่มน้ำ�ขนาดใหญ่ วิทยานิพนธ์ฉบับนี้เสนอทางออกของปัญหาดังกล่าวโดยการใช้แบบจำ�ลองน้ำ�
ฝน-น้ำ�ท่าแบบกึ่งกระจาย (semi-distributed) ที่มีจำ�นวนตัวแปรอิสระและพารามิเตอร์ในแบบจำ�ลองไม่มาก รวมถึงใช้
หน่วยตอบสนองทางอุทกวิทยา (hydrologic response unit) ในการคำ�นวณปริมาณน้ำ�หลากภายในพื้นที่ลุ่มน้ำ� แบบ
จำ�ลองนี้ใช้ค่าพารามิเตอร์ที่อธิบายกระบวนการทางพื้นที่ภายในหน่วยตอบสนองทางอุทกวิทยาซึ่งสามารถประมาณค่า
ได้โดยตรงจากลักษณะทางกายภาพของหน่วยตอบสนองทางอุทกวิทยาที่สำ�รวจได้จริงจากแปลงพื้นที่ขนาดเล็ก (localscale observables) จึงทำ�ให้ไม่จำ�เป็นต้องใช้วิธีการสอบเทียบแบบจำ�ลองกับข้อมูลปริมาณน้ำ�ในลำ�น้ำ�เพื่อประมาณค่า
พารามิเตอร์ในแบบจำ�ลอง (calibration) ด้วยคุณลักษณะดังกล่าวจึงทำ�ให้แบบจำ�ลองนี้มีศักยภาพที่สามารถนำ�ไปใช้
ทำ�นายลักษณะอุทกวิทยาในลุ่มน้ำ�ที่ไม่มีสถานีวัดน้ำ�หรือมีข้อมูลปริมาณน้ำ�ไม่เพียงพอในการสอบเทียบและปรับแก้แบบ
จำ�ลองได้
วิทยานิพนธ์ส่วนแรกเสนอวิธีการสร้างสมการความสัมพันธ์ของปริมาณน้ำ�ไหลเข้าออกระหว่างระบบย่อยภายในวงจร
อุทกวิทยา (closure relation) ของหน่วยตอบสนองทางอุทกวิทยาที่ใช้ในแบบจำ�ลอง โดยสมการความสัมพันธ์นี้สามารถ
นำ�ไปใช้คำ�นวณอัตราการเคลื่อนที่ของมวลน้ำ�ภายในระบบและปิดสมการสมดุลน้ำ�ของหน่วยตอบสนองทางอุทกวิทยา ใน
วิทยานิพนธ์นี้ผู้วิจัยได้เลือกศึกษาเฉพาะความสัมพันธ์ระหว่างปริมาณฝนและน้ำ�หลากบนพื้นผิวดินที่เกิดจากน้ำ�ฝนส่วนเกิน
อันเนื่องมาจากความเข้มของปริมาณฝนเกินขีดความสามารถในการซึมน้ำ�ของดิน (Hortonian runoff) การหาสมการ
ความสัมพันธ์ดังกล่าวต้องอาศัยข้อมูลน้ำ�ฝนและน้ำ�ท่าของหน่วยตอบสนองทางอุทกวิทยาจำ�นวนมากจากหลายพื้นที่ซึ่งส่วน
ใหญ่มักไม่มีการบันทึกไว้ ผู้วิจัยจึงได้ใช้แบบจำ�ลองอุทกวิทยาที่อาศัยหลักการทางฟิสิกส์ (physically-based model)
เพื่อสร้างข้อมูลน้ำ�ท่าที่เกิดจากพายุฝนลักษณะต่างๆ จากหน่วยตอบสนองทางอุทกวิทยาที่มีลักษณะทางกายภาพและภูมิ
สัณฐาณแตกต่างกันรวมทั้งสิ้นกว่า 65,000 ลักษณะ โดยถือว่าข้อมูลทางอุทกวิทยาที่สร้างขึ้นจากแบบจำ�ลองเชิงฟิสิกส์นี้
เป็นตัวแทนของข้อมูลจริงจากพื้นที่ลุ่มน้ำ�หลายแห่งที่ไม่มีผู้บันทึกไว้ ผู้วิจัยได้นำ�ข้อมูลทางอุทกวิทยาที่สร้างขึ้นนี้ไปใช้หา
รูปแบบความสัมพันธ์ของปริมาณน้ำ�ฝนและน้ำ�ท่าตลอดจนประมาณค่าพารามิเตอร์ในสมการความสัมพันธ์ และหลังจาก
นั้นผู้วิจัยได้วิเคราะห์หาความสัมพันธ์ระหว่างค่าพารามิเตอร์ในสมการความสัมพันธ์กับลักษณะทางกายภาพที่สามารถ
วัดค่าได้ของหน่วยตอบสนองทางอุทกวิทยาและเก็บข้อมูลดังกล่าวในรูปแบบฐานข้อมูลเชิงสัมพันธ์ ด้วยวิธีการนี้จึงทำ�ให้
สามารถใช้ค่าลักษณะทางกายภาพของหน่วยตอบสนองทางอุทกวิทยาเป็นตัวแปรอิสระในการประมาณค่าพารามิเตอร์ใน
สมการความสัมพันธ์ระหว่างปริมาณฝนและน้ำ�ท่าได้โดยไม่จำ�เป็นต้องใช้วิธีสอบเทียบแบบจำ�ลองกับข้อมูลปริมาณน้ำ�เพื่อ
หาค่าพารามิเตอร์ในสมการความสัมพันธ์ ในกรณีที่หน่วยตอบสนองทางอุทกวิทยาไม่ปรากฏในฐานข้อมูล แบบจำ�ลองจะ
ประมาณค่าพารามิเตอร์ของหน่วยตอบสนองทางอุทกวิทยานี้จากค่าพารามิเตอร์ของหน่วยตอบสนองทางอุทกวิทยาอื่นๆ ที่
มีคุณลักษณะคล้ายคลึงกันที่ปรากฏในฐานข้อมูลด้วยวิธีถ่วงน้ำ�หนักตามค่าระยะทางผกผัน (inverse distance weight
interpolation) เมื่อนำ�สมการความสัมพันธ์ระหว่างปริมาณฝนและน้ำ�ท่าที่สร้างขึ้นนี้ไปใช้ทำ�นายทางอุทกวิทยาในพื้นที่ลุ่ม
น้ำ�ขนาด 16 ตารางกิโลเมตรในเขต Haute Alps ประเทศฝรั่งเศส พบว่าแบบจำ�ลองสามารถคาดคะเนอัตราน้ำ�ไหลในลำ�น้ำ�
ภายในพื้นที่ศึกษาด้วยความแม่นยำ�ในระดับที่น่าพอใจ โดยกราฟน้ำ�ท่าที่คำ�นวณจากแบบจำ�ลองที่ยังไม่ได้ผ่านการปรับแก้
มีลักษณะใกล้เคียงและสอดคล้องกับกราฟน้ำ�ท่าที่สำ�รวจได้ในหลายๆ กรณี นอกจากนี้ยังพบว่าค่าความสามารถในการนำ�
น้ำ�ของดินในสภาพที่อิ่มตัว (saturated hydraulic conductivity) หลังจากปรับแก้แบบจำ�ลองด้วยวิธีการการสอบเทียบ
กับข้อมูลทางอุทกวิทยา มีค่าใกล้เคียงกับค่าที่วัดได้จริงจากแปลงดินขนาดเล็กในพื้นที่ศึกษา จึงทำ�ให้สรุปได้ว่าสมการความ

169

สัมพันธ์ระหว่างน้ำ�ฝนและน้ำ�หลากบนผิวดินนี้สามารถนำ�ไปใช้ในการทำ�นายทางอุทกวิทยาได้โดยที่ไม่จำ�เป็นต้องผ่านการ
สอบเทียบแบบจำ�ลองกับข้อมูลปริมาณน้ำ�หากมีข้อมูลทางกายภาพของพื้นที่ลุ่มน้ำ�ที่ถูกต้อง
วิทยานิพนธ์ส่วนที่สองศึกษาการใช้เทคนิคสถิติเชิงพื้นที่จากข้อมูลพหุตำ�แหน่ง (multiple point geostatistics) ใน
การทำ�แผนที่จำ�แนกประเภทหน่วยตอบสนองทางอุทกวิทยาแบบอัตโนมัติ งานวิจัยส่วนนี้มีจุดประสงค์เพื่อสนับสนุนการนำ�
แบบจำ�ลองที่สร้างขึ้นไปใช้ในการทำ�นายทางอุทกวิทยาในพื้นที่ลุ่มน้ำ�ขนาดใหญ่ซึ่งอาจจะไม่สามารถจำ�แนกประเภทของ
หน่วยตอบสนองทางอุทกวิทยาโดยอาศัยการสำ�รวจในภาคสนามได้ วิทยานิพนธ์ในส่วนแรกได้กำ�หนดหน่วยตอบสนองทาง
อุทกวิทยาตามสภาพภูมิลักษณ์ของพื้นที่ (landform) ดังนั้นผู้วิจัยจึงได้ศึกษาการประยุกต์ใช้เทคนิคเชิงพื้นที่จากข้อมูลพหุ
ตำ�แหน่งในบริบทของการทำ�แผนที่ธรณีสัณฐานวิทยา (geomorphological mapping) เทคนิคดังกล่าวใช้ข้อมูลลักษณะ
กายภาพของพื้นที่ในหลายจุดตำ�แหน่งเป็นเกณฑ์ในการระบุหรือทำ�นายประเภทของหน่วยธรณีสัณฐาน ณ จุดตำ�แหน่งที่
ต้องการ โดยอ้างอิงจากเงื่อนไขความสัมพันธ์เชิงพื้นที่ระหว่างแบบรูปของลักษณะทางกายภาพกับหน่วยธรณีสัณฐานประเภท
ต่างๆ ที่ได้จากการวิเคราะห์พื้นที่ตัวอย่าง (training area) ลักษณะทางกายภาพของพื้นที่ที่ใช้ในการอธิบายและจำ�แนก
ประเภทหน่วยธรณีสัณฐานประกอบด้วย 1) ลักษณะทางสัณฐานวิทยา 4 ลักษณะในตำ�แหน่งเดียวกับที่ต้องการระบุประเภท
หน่วยธรณีสัณฐาน ซึ่งสามารถคำ�นวณจากแบบจำ�ลองระดับสูงเชิงเลขของภูมิประเทศ (DEM) และ 2) ประเภทของหน่วย
ธรณีสัณฐานในจุดตำ�แหน่งใกล้เคียงจากจุดที่ต้องการระบุประเภทของธรณีสัณฐาน 2 จุด ระบบจะจัดเก็บชุดความสัมพันธ์
ระหว่างลักษณะทางกายภาพและประเภทหน่วยธรณีสัณฐานดังกล่าวในรูปฐานข้อมูลความถี่โครงสร้างต้นไม้ (frequency
tree) โดยจะบันทึกค่าความถี่ของหน่วยทางธรณีสัณฐานแต่ละประเภทกับข้อมูลทางกายภาพในแต่ละแบบรูป ระบบจะ
ทำ�นายประเภทของหน่วยธรณีสัณฐานในจุดตำ�แหน่งที่ต้องการโดยการสุ่มเลือกจากฟังก์ชั่นการแจกแจงความน่าจะเป็นของ
หน่วยธรณีสัณฐานประเภทต่างๆ ภายใต้เงื่อนไขลักษณะทางกายภาพของพื้นที่ (ลักษณะทางสัณฐานวิทยาของตำ�แหน่ง
ที่ต้องการจำ�แนกและหน่วยธรณีสัณฐานโดยรอบ) ซึ่งฟังก์ชั่นความน่าจะเป็นดังกล่าวนี้คำ�นวณได้จากฐานข้อมูลความถี่ที่
สร้างขึ้นจากการวิเคราะห์พื้นที่ตัวอย่างในข้างต้น ผู้วิจัยได้ทดสอบการใช้เทคนิคสถิติเชิงพื้นที่จากข้อมูลพหุตำ�แหน่งเพื่อทำ�
แผนที่จำ�แนกประเภทหน่วยธรณีสัณฐานครอบคลุมพื้นที่ 280 ตารางกิโลเมตรในลุ่มน้ำ� Buëch ประเทศฝรั่งเศสโดยใช้พื้นที่
ตัวอย่างขนาดแตกต่างกันเพื่อศึกษาประสิทธิภาพในการจำ�แนก ผลการศึกษาพบว่าแผนที่ที่สร้างขึ้นมีระดับความถูกต้อง
มากที่สุดเมื่อใช้พื้นที่ตัวอย่างขนาด 10 เปอร์เซนต์ของพื้นที่ทั้งหมดโดยแผนที่มีความถูกต้อง 51.2 เปอร์เซนต์เมื่อเทียบกับ
แผนที่ธรณีสัณฐานวิทยาที่ได้จากการสำ�รวจในภาคสนาม หน่วยธรณีสัณฐานที่มีค่าความถูกต้องในการจำ�แนกต่ำ�ที่สุดได้แก่
เขาอีโต้ (hogback) และที่ลาดเชิงเขาแบบโค้งเว้า (glacis) เนื่องจากหน่วยธรณีสัณฐานทั้งสองประเภทมีขนาดเล็กและพบ
ไม่มากในพื้นที่ศึกษาจึงทำ�ให้เกิดการสุ่มตัวอย่างพลาดโดยมีจำ�นวนตัวอย่างของหน่วยธรณีสัณฐานทั้ง 2 ประเภทนี้ในพื้นที่
ตัวอย่างไม่มากพอ ส่งผลให้จำ�แนกหน่วยธรณีสัณฐานประเภทดังกล่าวได้น้อยกว่าความเป็นจริง เมื่อนำ�แผนที่ธรณีสัณฐาน
ที่สร้างขึ้นไปใช้ระบุหน่วยตอบสนองทางอุทกวิทยา พบว่าแบบจำ�ลองที่สร้างขึ้นในส่วนแรกของวิทยานิพนธ์พยากรณ์ปริมาณ
น้ำ�หลากต่ำ�กว่าค่าจริงที่ได้จากการสำ�รวจมากโดยเฉพาะอย่างยิ่งในช่วงฤดูแล้ง เนื่องจากน้ำ�หลากบนพื้นดินจากปริมาณฝน
ส่วนเกินเกิดขึ้นเฉพาะตำ�แหน่งบริเวณเขาอีโต้เท่านั้น อย่างไรก็ดีข้อผิดพลาดในการจำ�แนกเขาอีโต้แทบจะไม่ส่งผลกระทบ
ต่อการทำ�นายปริมาณน้ำ�หลากในช่วงฝนตกหนักอย่างต่อเนื่องเลยเนื่องจากสภาพดินในพื้นที่ลุ่มน้ำ�มีความชื้นสูงจึงทำ�ให้เกิด
น้ำ�หลากบนผิวดินจากหน่วยทางธรณีสัณฐานหลายๆ ประเภท จากการศึกษาสามารถสรุปได้ว่ากรอบงานในการสร้างแบบ
จำ�ลองน้ำ�ฝนน้ำ�ท่าในวิทยานิพนธ์นี้มีแนวโน้มที่สามารถนำ�ไปพัฒนาต่อยอดและใช้เป็นตัวแบบในการสร้างแบบจำ�ลองทาง
อุทกวิทยาสำ�หรับพื้นที่ลุ่มน้ำ�ที่ไม่มีสถานีวัดน้ำ�หรือมีข้อมูลน้อยได้
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