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Abstract
Changes in snow cover and glacier area can modify the hydrological cycle of highelevation catchments. Meltwater is an important contributor and modulator of river
flow. Climate warming may lead to a shifting from a glacier dominated hydrological
regime to snowfed streamflow timing, or from a snowfed to a rainfall dominated
hydrological regime. In the long run, glacier recession therefore generates concerns
about the sustainability of summer runoff. Over shorter time scales, however, negative mass balances of glaciers resulting from decreasing precipitation and/or increasing summer temperatures can also lead to an increase of glacier runoff. The Andes
of South America and the Himalaya in high-mountain Asia are two regions where
prognostic tools are of vital importance to anticipate the impacts of climate change.
The two mountain systems hold the largest ice masses outside the polar regions. Major rivers originate here and downstream regions are densely populated. However,
the remote high-elevation watersheds of the Andes and the Himalaya are characterized by data-scarcity. In an environment with changing boundary conditions, such
as induced by climate change, the modeling of the hydrological response requires
appropriate models that can represent the key controlling processes. The lack of
glaciological, hydrological and meteorological data, however, is a major restriction
for the development and validation of such models. Up to present, most studies
in the region therefore base their projections about future streamflow response on
conceptual models, adopting strongly simplified representations of the hydrological systems and neglecting some of the physical processes. Further research efforts
are needed to inform and validate glacio-hydrological models with specific data on
physical processes.
In this thesis, a systematic approach is developed to reduce the predictive uncertainty of models used for the projection of future runoff from high-elevation, glacierized watersheds. The approach is based on an iterative process consisting of several
steps including i) data collection, ii) process understanding and model construction,
iii) model calibration, iv) model validation and iv) model evaluation and v) uncertainty and sensitivity analysis. Theoretical and practical advances in all these steps
provide an improved focus on monitoring techniques in remote high-elevation regions and the exploitation of information for improving skills of glacio-hydrological
models. The new methodological framework is finally applied to two high-elevation
watersheds in the Central Andes and in the Central Himalaya for projections about
future glacier retreat, snow cover dynamics and twenty-first century runoff changes.
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The glacio-hydrological model application to the two watersheds shows that both
study catchments will experience significant glacier mass loss throughout the twentyfirst century. However, the trajectories of simulated future runoff or total melt from
glaciers differ fundamentally. For the Langtang region in the Central Himalaya,
the model results indicate increasing catchment runoff until mid-century and then
either slowly declining or constant runoff, depending on the climate scenario. For the
Juncal region in the Central Andes a majority of model realizations indicate sharply
declining catchment runoff after 2031-2040, so that annual river runoff may decrease
by up to 60% until the end of the century. Differences in catchment response can
be explained by differences in climate change projections about future precipitation,
but also by the differences in elevation distribution and debris cover of glaciers. In
the Juncal region, climate warming furthermore leads to a continuous alignment of
seasonal flows and a pronounced reduction and shift of peak summer runoff.
The optimal parameters derived from local data differ substantially between the
two sites, and can be directly related to the local climate characteristics of the study
catchments. A comparison with previous modeling studies suggests that the differences in model parameters has significant effects on future projections. Given the
strong climatic variability over the Andes or the Himalaya, it is therefore concluded
that in the future, also large-scale modeling studies should focus on employing more
local data to estimate spatially variable optimal parameters. The systematic approach proposed by this thesis can be regarded as a benchmark for modelers in
data-scarce, high-elevation regions seeking to evaluate their calibration approach,
their experimental setup and thus to reduce the predictive model uncertainty.

Zusammenfassung
Langfristige Veränderungen von Schnee- und Gletscherflächen können den hydrologischen Kreislauf von Hochgebirgsregionen entscheidend beeinflussen. Schmelzwasser
stellt hier oft eine wichtige Abflusskomponente dar. Eine Klimaerwärmung kann
eine Verschiebung von einem glaziären zu einem nivalen Abflussregime oder von
einem nivalen Regime zu einem Regenregime zur Folge haben. Langfristig beunruhigt daher der gegenwärtig in vielen Gebieten der Erde zu beobachtende Gletscherschwund wegen seines möglichen Einflusses auf den Sommerabfluss. Auf einer
kurzfristigen Zeitskala hingegen können negative Gletschermassenbilanzen auch zu
einem signifikant ansteigenden Gletscherabfluss führen. Die Anden in Südamerika
und der Himalaya in Asien sind zwei Hochgebirgsregionen wo Prognoseinstrumente
von grosser Wichtigkeit für die Abschätzung der hydrologischen Auswirkungen von
Klimaänderungen sind. Diese zwei Hochgebirgssysteme weisen die grössten Eismassen ausserhalb der Polarregionen auf. Wichtige Flusssysteme entspringen hier und
die flussabwärts gelegenen Gebiete sind dicht besiedelt. Allerdings sind die hochgelegenen Anden- und Himalaya-Wassereinzugsgebiete abgelegen und Beobachtungsnetze sehr weitmaschig. In einem Umfeld von sich ändernden Randbedingungen,
herbeigeführt zum Beispiel durch Klimaänderungen, sind für die Modellierung von
hydrologischen Systemen entsprechende Modelle erforderlich, welche die zugrunde
liegende Physik der wichtigsten Prozesse wiedergeben können. Der Mangel an glaziologischen, hydrologischen und meteorologischen Daten stellt jedoch einen grossen
limitierender Faktor für solche Modelle dar. Bis zum jetzigen Zeitpunkt basieren
die Abflussprojektionen der meisten Studien in diesen Regionen daher auf konzeptionellen Modellen, welche das hydrologische System stark vereinfacht darstellen
und gewisse Prozesse nicht abbilden können. Weitere Forschungsanstrengungen sind
notwendig, um glazio-hydrologische Modelle anhand von spezifischen Daten zu aktualisieren und zu validieren.
In dieser Doktorarbeit wird ein systematischer Ansatz entwickelt, um die Unsicherheit von Modellsimulationen von zukünftigem Wasserabfluss aus hochgelegenen,
vergletscherten Einzugsgebieten zu vermindern. Der Ansatz basiert auf einem iterativen Schema, welches die Teilschritte i) Datenerfassung, ii) Prozessverständnis und
Modellkonstruktion, iii) Modellkalibrierung, iv) Modellvalidierung und v) Modellevaluation und Sensitivitäts- und Unsicherheitsanalyse umfasst. Fortschritte theoretischer und praktischer Natur in allen erwähnten Arbeitsschritten erlauben einen
verbesserten Fokus auf Beobachtungs- und Messtechniken in abgelegenen Hochgebirgsregionen und auf die Nutzung von Informationen zur Verbesserung der Fähigkeiten von glazio-hydrologischen Modellen. Der entwickelte methodologische Ansatz
wird schliesslich für Simulationen des zukünftigen Gletscherrückgangs, der Schneebedeckung und Abflussänderungen im einundzwanzigsten Jahrhundert in zwei Einzugsgebieten in den Zentralen Anden und dem Zentralen Himalaya angewendet.
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Die Anwendung des glazio-hydrologischen Modells für die zwei Einzugsgebiete
verdeutlicht, dass beide Gebiete von signifikantem Gletschermassenverlust über das
gesamte einundzwanzigste Jahrhundert hinweg betroffen sind. Allerdings unterscheidet sich der Verlauf der simulierten Abflusskurven oder der totalen Gletscherschmelze grundlegend. Im oberen Langtang Tal im Zentralen Himalaya zeigen die Modellrechnungen ansteigenden Abfluss bis zur Mitte des einundzwanzigsten Jahrhunderts
und anschliessend in Abhängigkeit des Klimaszenarios abnehmenden oder konstanten Gesamtabfluss. In der Juncal Region in den Zentralen Anden nimmt der simulierte Abfluss gemäss einer Mehrheit der Modelldurchgänge nach 2031-2040 stark
ab, so dass sich der jährliche Gesamtabfluss bis zum Ende des Jahrhunderts um
bis zu 60% verringert. Das unterschiedliche hydrologische Verhalten in den beiden
Untersuchungsgebieten kann auf Unterschiede in den Klimavorhersagen sowie in der
Höhenverteilung und Schuttbedeckung der Gletscher zurückgeführt werden. Zugleich
führt in dem Juncal Gebiet die vorausberechnete Klimaerwärmung zu einer Angleichung der saisonalen Abflussmengen und zu einer deutlichen Abnahme sowie einer
Vorverschiebung der jährlichen Abflussmaxima.
Die optimalen Parameterwerte, abgeleitet von den erfassten Felddaten, unterscheiden sich substanziell zwischen den zwei Untersuchungsgebieten und können
direkt auf das lokale Klima zurückgeführt werden. Ein Vergleich mit früheren Modellstudien weist ausserdem darauf hin, dass ermittelte Parameterunterschiede einen
signifikanten Effekt auf die Zukunftsprojektionen haben. In Anbetracht der starken Klimavariabilität in den Anden oder dem Himalaya wird daher empfohlen,
dass in Zukunft auch grossflächige Modellstudien mehr lokal erfasste Felddaten zur
Abschätzung der Parameterwerte heranziehen. Der systematische Ansatz, umrissen
durch diese Doktorarbeit, präsentiert zukünftigen hydrologischen Modellanwendungen in datenarmen Hochgebirgsgregionen einen Bezugspunkt. Er dient zur Evaluation von Kalibrierungsansätzen und messtechnischen Einrichtungen und führt zu
einer Reduktion der Prognoseunsicherheit.
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Chapter 1

Introduction
1.1

Motivation and aim

Current glacier retreat in many high-elevation regions of the world is a striking
example of potential climate change impacts. In a stationary climate glaciers are
generally stable in length and volume, as the accumulation of mass through precipitation equals the loss of ice through ablation processes. In a changing climate,
however, this balance is perturbed, and negative glacier mass balances lead to the
predominance of ablation processes, eventually altering the geometry of glaciers.
The hydrological impact of such glacier changes is currently a focus of public and
scientific debate. Mountain glaciers are located in the source areas of major river
systems of this world. With regard to the hydrological role of glaciers and snow,
high-elevation regions have been called ’water towers’ (e.g. Weingartner et al., 2007;
Immerzeel et al., 2010), as mountains supply essential volumes of freshwater and
affect the seasonality of streamflow with meltwater release during warm periods.
Understanding the link between climate, snowcover and glaciers, meltwater volumes
and streamflow timing is therefore of vital importance for the assessment of future
water availability.
Glacio-hydrological models can be a useful tool for the investigation of the response of high-elevation, glacierized watersheds to climate. Ultimately, we would like
to predict future runoff from high-elevation watersheds under a changing climate.
However, modeling the response of glacierized mountain basins to climate forcing
is constrained by high quality field datasets for model development and validation
and a solid conceptual framework in which to interpret the data. The regional scale
significance of glacier runoff has been assessed in a number of recent studies (e.g.
Immerzeel et al., 2010; Huss, 2011; Lutz et al., 2014). Also on the global scale
the hydrological role of glaciers has been investigated (e.g. Kaser et al., 2010; Bliss
et al., 2014). However, three main open research gaps can be identified on the basis
of existing literature. First, no or very few studies for different climatic regions are
really comparable. There is a need to standardize model structures and efforts for
model calibration in order to enhance the comparability of different case studies.
Second, most of the models previously used are highly conceptual in their represen1
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tation of chryospheric processes. No or very few studies have been able to quantify
the importance of individual snow and glacier processes like avalanches, melt below
glacier debris or snowmelt totals per season and per altitude range for streamflow
production in high-elevation regions. Third, no or very few models assess the predictive uncertainty resulting from a simplified conceptual representation of processes
or the calibration of model parameters on the basis of few available observations.
To exemplify the three research gaps: Immerzeel et al. (2013) simulate future runoff
from two climatically contrasting Himalayan watersheds, but due to data-scarcity,
hydrological parameters and temperature lapse rates are only calibrated for one
catchment and transferred to the other, which reduces the comparability of the two
case studies. Global scale modeling studies such as the one by Bliss et al. (2014)
do not take into account the effect of glacier debris, avalanching, topographic shading, aspect, cloudiness or albedo on snow- and icemelt. An integrative uncertainty
assessment of modeled future runoff from high-elevation catchments has only been
performed by Huss et al. (2014) for a glacier catchment in the Swiss Alps.
Data scarcity calls for an adapted approach in projecting future runoff from most
high-elevation regions, since continuous time series of meteorological, hydrological
and glaciological data are often not available for calibration and validation of hydrological models. If due to data scarcity it is unavoidable to use a simplified representation of processes, it needs to be shown that underlying approximations and unsatisfied assumptions can be tolerated for the sake of reaching the purpose of the analysis
(Ceola et al., 2014). However, this basic principle is often neglected in high-elevation
hydrology due to poor process understanding (e.g. the role of avalanches or glacier
debris for glacier mass balances). The performance of glacio-hydrological models
also depends on specifying boundary conditions and model parameters adequately,
which is difficult due to spatial heterogeneity or non-stationarity (Beven, 2012a).
To overcome this stalemate of data-scarcity, simplifying assumptions and model
uncertainty, work presented in this thesis is based on an iterative framework that
combines in situ data, model improvements and sound model calibration, validation
and evaluation (Figure 1.1). Within this iterative framework, data are first collected
based on expert knowledge about processes that are relevant. These data are used
to enhance process understanding and therefore help to construct a model which
represents the observed processes. Other data are then used for model calibration,
estimation of model parameters through direct measurements and for model validation. Finally, an analysis of model sensitivity provides answers about the effect
of various sources of uncertainty that remain, and an integrative model evaluation
leads to the next iteration. This thesis contributes three novel elements to the iterative framework: first, the in situ data that are collected in the field are per se
unique for the Himalaya and the Andes (step i of the iterative framework presented
in Figure 1.1). Second, a state-of-the-art glacio-hydrological model is systematically advanced through inclusion of processes typical of glacierized catchments but
scarcely considered in previous modeling efforts (step ii ). Third, a new approach is
presented to assess the spatial and temporal variable capacity of individual parameters and model components to explain total uncertainty in simulated runoff and is
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used to determine the appropriate timing and location of measurements (step v ).
The fourth novelty of this thesis is the way different solutions for individual tasks
within the iterative framework are combined. The main aim of this thesis is thus to
propose a systematic approach to set up a glacio-hydrological model for projections
of the streamflow response of high-elevation catchments to climate change scenarios.
The application of the methodological framework to two study catchments of
the Central Andes and the Central Himalaya ultimately allows to assess and to
compare the potential hydrological impacts of climate change in two areas that are
both vulnerable to changes in mountain hydrology. This is thus the first attempt
at a truly comparative approach at the catchment scale across mountain regions of
the world.
The thesis is structured as follows. The state of the art of the research themes
identified above is presented in the following Section 1.2. Then I give a summary of
the research papers that comprise chapters 3, 4, 5 and 6 (Section 1.3). The study
regions are introduced in Chapter 2. The thesis is completed by conclusions and
outlook in Chapter 7.

i)

Data collection

ii)

Process understanding /
model construction

RA 1

iii)

Parameter estimation /
model calibration

RA 2

Paper 1

Paper 2

Paper 3

Paper 4

Ragettli & Pellicciotti,
WRR, 2012

PAST

Research aim (RA)

iv) Model validation

FUTURE

v)

Model evaluation / sensitivity
and uncertainty anlysis

vi) Projections

vii)

Model evaluation / sensitivity
and uncertainty anlysis

RA 3, RA 4

RA 5

RA 6

Figure 1.1: Scheme of the iterative framework on which the methodology presented in this thesis
to model the present and future hydrology of data-scarce high-elevation watersheds is based. It is
also indicated to which elements of the iterative framework the individual research aims listed in
Section 1.3 provide new findings, and which operations are addressed by the four research papers
(chapters 3-6). Paper 1 builds up on research by Ragettli and Pellicciotti (2012).
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Background
Key processes in high-elevation catchments controlling streamflow
response

Glacier-climate interaction
Glaciers form when the accumulation of snow exceeds its ablation. Over time, the
compression and compaction of snow by the weight of the snow falling above it
leads to a crushing of the individual snowflakes. Air is squeezed from the snow
and dense glacier ice forms. If the meteorological conditions remain constant over
long timescales, glacier ice can melt only after the physical transport of ice to lower
elevations through glacier motion (Cuffey and Paterson, 2010). Glaciers therefore
represent a reservoir of water in the hydrological sense. The residence time of ice
depends on the size and the flow characteristics of the glacier, but in a stationary
climate, the volume of glaciers remain approximately constant. Annual changes in
the release of meltwater volumes from glaciers depend on the inter-annual variability of the meteorological conditions mainly. However, if temperatures persistently
increase or precipitation decreases, the mass flux is reduced and the glacier starts
to retreat.
Glaciers can loose mass by sublimation, avalanches and icefalls or ablation occurring within or at the bed of the ice body, but the most common process which
leads to mass loss of glaciers is surface melt. The interaction of glaciers with climate
therefore depends much on the surface characteristics of glaciers. Surface characteristics affect the energy budget of the glacier surface, which eventually determines the
energy available for ablation. For example, the presence of thick debris on top of the
ice protects the glacier from direct solar radiation and can therefore lead to a reduction of melt (e.g. Østrem, 1959). A thin layer of dust, on the other hand, leads to
a lower surface albedo and a larger portion of the solar radiation is absorbed, which
leads to higher melt rates (e.g. Oerlemans et al., 2009). If the surface characteristics
remain approximately constant over time, the vertical gradients of temperature and
precipitation determine which portion of the glacier area is affected by a net mass
loss or by a net mass gain. The effect of climatic changes on meltwater production
essentially depend on shifts of the elevation where ablation equals ablation (called
the ’equilibrium line altitude’, ELA) and the rate of terminus retreat or advance. If
a glacier is very thick at the terminus, or if the melt rates are low due to the presence
of debris or topographic shading, the terminus retreat is slow. A rapid warming of
the climate in that case will likely lead to increasing meltwater volumes. In the long
run, however, glacier geometry adjusts to a warmer climate and total melt is again
approximately equal to total snow accumulation.
Snow dynamics
The seasonal snow pack stores a part of the precipitation that falls during the cold
months and is then released as snowmelt runoff in the warm months. The effect on
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the annual hydrograph of this delayed response in catchment runoff to precipitation
depends much on climate: if the majority of annual precipitation falls in winter, then
the response of peak runoff is shifted. If most of the precipitation falls in summer,
then direct runoff from rain predominates and seasonal delays are minor.
In rough mountainous terrain the spatial patterns of snowmelt are complex. Aspect and topographic shading affect the energy budget of the snow surface and
therefore the melt rates. Avalanching or transport by wind leads to very heterogeneous patterns in seasonal snow accumulation which can further delay the release
of water stored in snow.
Surface albedo of snow is usually very high just after snowfall, but can decrease
over time, especially if temperatures are high (e.g. Brock et al., 2000). Generally,
snow has a higher albedo than glacier ice. As it is the case for ice, changes of surface
albedo can have a strong effect on local melt rates.
Low air humidity, high solar radiation and strong winds can result in large sublimation rates (e.g. Strasser et al., 2008; Gascoin et al., 2013; Wagnon et al., 2013).
Sublimation of snow is the conversion of snow particles from solid to vapor, bypassing the liquid water phase. Sublimated snow is therefore lost from runoff. Snow
interception by forest canopies is not a component of alpine snow mass balances,
but it can be an important component of treeline snow mass balances adjacent to
alpine zones because intercepted snow is susceptible to greater sublimation rates
than snow on the ground (MacDonald et al., 2010). The highest sublimation rates
in alpine regions occur during wind-induced snow transport (Strasser et al., 2008;
MacDonald et al., 2010).
If snow melts at the surface but the meltwater refreezes within the snow pack,
this water is retained from runoff temporarily. Refreezing occurs when the snowpack
has a heat deficit, i.e. when the snow temperature is below 0◦ C. The retention of
water is particularly significant if meltwater is trapped in the accumulation zone of
glaciers, as it may contribute to ice formation (Fujita et al., 1996).
Hydrological processes at the catchment scale
Climate, topography (altitude, exposure and slope), land use and soil characteristics
are the most important factors controlling evapotranspiration. However, the environmental conditions in high elevation catchments are such that vegetation usually
is scarce and limited to the lower elevations. Soils can only develop on gentle slopes
and where the seasonal snow pack is less persisting. Still, the loss of water by evapotranspiration cannot be neglected also in high-elevation catchments, especially from
the saturated topmost soil layers during the snowmelt season. Evaporation from
debris covered glaciers can also be hydrologically significant (Sakai et al., 2004).
The streamflow response of high-elevation catchments furthermore depends on
the routing dynamics. The presence of groundwater can have a strong impact on the
residence time of liquid water within the catchment, and depends on the geology and
the importance of soils. Liquid water can also be temporally stored within glaciers
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(e.g. supraglacial lakes, water pockets within glaciers) or in (preglacial) lakes. The
importance of the total water storage capacities and the corresponding impact on
the hydrology varies a lot from one catchment to another. Furthermore, the seasonal
variability of travel times can be significant for glacier meltwater (both from snow
and from ice), as the drainage system of a glacier tends to become more efficient
at carrying large discharges through the glacier as the melt season progresses (e.g.
Jansson et al., 2003).

1.2.2

Modeling runoff from high-elevation catchments

Simulation modeling is useful for understanding the hydrological characteristics of
a catchment and its response to climate. The advantage of models is that they
provide indications of hydrological changes where data are not available both in
time and space, and allow extrapolation of observations to larger domain and for
periods not gauged. Evidences from direct measurements or observations are limited
to acquisition dates or to a limited spatial extent. The relationship between the
climatic forcing, glacier changes and hydrological response depends on so many
factors that typically only a numerical approach can resolve the complex system.
For projecting the interactions into the future, models represent the only available
choice.
Following Beven (2012b), there are three important stages of approximation in
the modeling process. First, a perceptual model represents our perceptions of the
hydrological response of a catchment and depends on expert knowledge mainly. The
model components and their interactions are specified. Second, a conceptual model
consists of a mathematical description of the processes being considered. Third, a
procedural model transforms the conceptual model into a code that runs on a computer. The procedural model represents an additional stage of approximation, given
that boundary conditions may not be perfectly known to solve the mathematical
expressions of the conceptual model.
The selection of the components of the model, of their spatial structure and their
interactions depends mainly on the availability of information on the catchment
system. The procedural model depends on the spatial and temporal resolution of
the available data regarding control or input variables. A number of practical decisions need to be made regarding the spatial resolution of the modeling domain,
the temporal resolution of the hydrological processes in the model or how the model
parameters are identified. Such decisions will mainly depend on the purpose of the
modeling, on particular catchment characteristics and on data availability. The state
of the art for glacio-hydrological modeling in high-elevation regions can therefore not
be easily generalized. An integrative approach which provides instructions for each
decision to be made does not exist.
To account for area specific characteristics of glacio-hydrological models, reference case studies are presented in the Study Sites section of this thesis (Chapter
2). A list and a review of glacio-hydrological models adapted for studies quantifying
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the contribution of glacier meltwater to watershed discharge is provided by Frenierre
and Mark (2014). Details in the description of the single modeling approaches are
not provided here. However, two issues deserve special attention. First, this thesis
focuses on study areas that are characterized by data scarcity. Any possible modeling approach therefore has to deal with the problem of limited information that
is available to set up a model. Second, no hydrological system can be represented
by a model without simplifications. Uncertainty has therefore per definition a relevant role in the interpretation and modeling of the glacio-hydrological response of a
catchment.
Different model types
Models that have been used to simulate the hydrological cycle of high-elevation
watersheds belong to conceptual, physically-based or intermediate type of models
(the latter in this thesis are called ’physically-oriented’ or ’process-oriented’ models).
Conceptual models use statistical relationships on past observations to simulate the
hydrological system. Simulations by physically-based models are based on physical
principles represented through conservation equations, such as for the conservation
of mass, momentum and energy.
In order to reduce the amount of input data needed, conceptual hydrological
models are often preferred over physically-based models. Conceptual hydrological
models have limited data requirements, since they adopt simplified representations
or neglect some of the physical processes. Physical processes are not described, and
the hydrological cycle is simulated by means of empirical equations lumped in space.
An example of such a statistical relationship that is based on past hydro-climatic observations are the degree-day (or temperature-index) approaches to calculate snow
and icemelt. Ablation in this case is modeled using alone the empirical relationship
between atmospheric temperature and glacier ablation. Some authors have argued
that conceptual hydrological models are particularly useful in data sparse regions
with a glacial or nival runoff regime: here, the simple but efficient degree-day approaches perform well to describe runoff generation at a coarse temporal resolution,
whereas precipitation and direct runoff from rain are more difficult to represent with
a conceptual approach (e.g. Hagg et al., 2013).
However, there are two main problems associated with the use of conceptual
models. First, they are not transferable in space and time, since they are developed
for specific locations, time periods and boundary conditions. Second, conceptual
models are more prone to the problem of equifinality (Frenierre and Mark , 2014).
Equifinality is the condition where different combinations of model parameters produce the same output (Beven, 2006). The occurrence of equifinality problems is
closely related to the nature of parameters and associated parameter determination
strategies. Some parameters can be determined from field measurements or statistical relationships that have a physical basis. Other parameters need to be calibrated
by tuning a given model output to a measured variable. The risk of equifinality increases if many parameters need to be calibrated at the same time against the same
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response variable. Even a very good model performance with respect to the available data in this case does not guarantee that the model represents the cause-effect
mechanisms of the hydrological system adequately. It is therefore recommended
to calibrate a model characterized by many calibration parameters against several
objective functions (e.g. Gupta et al., 1998; Finger et al., 2011). Alternatively, an
optimization algorithm for parameter calibration using likelihood functions can be
used (Beven and Binley, 1992). In this case, not single expected parameter values
but the probability distribution of the model parameters are applied in order to run
the model. The probability distribution of parameters needs to be estimated based
on literature or available data, in turn a problem for high-elevation basins.
Physically-based models have gradually become more popular in hydrology and
in various other fields of natural sciences. It is suggested that such models are better
suited for projections in an environment with changing boundary conditions, such
as induced by climate change (Farinotti et al., 2012). A physically-based approach
for ablation modeling is represented by energy balance (EB) models. Here, the
conservation of energy is guaranteed through the representation of the physics of
the energy exchange at the glacier- or snow-atmosphere interface. However, EB
models require input of air temperature, relative humidity, wind speed and direction,
incoming and reflected shortwave radiation and incoming and outgoing longwave
radiation, as well as knowledge of surface properties such as aerodynamic surface
roughness (Pellicciotti et al., 2014b). In data-scarce high-elevation environments,
their application is thus difficult. It has also been argued that, while they are
obviously the more accurate models at the point scale where such variables might
be available, extrapolation of input variables at the glacier or catchment scale might
introduce errors that are larger than those of conceptual models (Carenzo, 2012).
For future simulations, the application of EB models is particularly delicate, since
it is nearly impossible to extrapolate all required forcings into the future.
A number of intermediate solutions are therefore used bridge the gap between
empirical and physically-based models. An example of an intermediate solution to
model snow- and ice ablation are the ’enhanced temperature-index’ (ETI) models
that incorporate radiative fluxes (Pellicciotti et al., 2005). In ETI models, the effect
on snow- and icemelt of variations in incoming shortwave radiation and albedo are
represented.

Uncertainty evaluation
There are several sources of uncertainty that need to be taken into account when
interpreting hydrological model outputs. When using a model to reproduce the
response of a catchment to the present climate, four sources prevail (Pechlivanidis et al., 2011): the intrinsic variability of natural processes, data uncertainties,
model parameter uncertainties and model structure uncertainties. The uncertainty
in simulated catchment runoff is the combined effect of all sources together.
The natural uncertainties describe the uncertainty arising from poor understand-
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ing of natural phenomena and their intrinsic space-time variability. An example is
the apparent spatial randomness of rainfall, which cannot be represented by a deterministic relationship. Measured inputs from a dense rain gauge network or radar
rainfall data can mitigate this source of uncertainty. However, measurements can
never capture the full intrinsic space-time variability. Since natural uncertainties
are unavoidable in hydrology, recent research therefore suggests to employ stochastic representations of physical processes (e.g. Montanari and Koutsoyiannis, 2012;
Ceola et al., 2014; Fatichi et al., 2014).
Data uncertainties affect model simulations in various ways. To provide a few
examples: the problems in measuring precipitation - especially snow accumulation
- lead to an error in the input data, the low representativeness of weather data in
highly heterogeneous mountain landscapes can lead to a systematic bias in model
outputs, or the inaccuracy in discharge measurements leads to wrong conclusions
about calibration parameters or model performance.
Structural uncertainty is due to the non-consideration of specific processes, or by
the ambivalence in their mathematical representation. Model structure is controlled
by our understanding of the system, which is determined by the available data
and our knowledge (Beven, 2012b). Incomplete process understanding therefore
introduces uncertainties to modeling results.
A common problem in hydrology is that a mismatch between model and data
is attributed to parameter uncertainty, without considering forcing and structural
model uncertainty as potential sources of error (Vrugt et al., 2008). The consequence is that the calibration provides an adjustment factor which compensates for
errors and bias. The uncertainty in parameter estimates therefore depends substantially on the calibration approach, but also effective parameter values determined
from measurements are affected by uncertainty, due to spatial heterogeneity and
temporal variability. Since parametric uncertainty cannot be excluded, parameter
sensitivity tests are often indispensable in hydrology. A sensitivity analysis evaluates the impact of changes in the model parameters on model outputs. The purpose
of the parameter sensitivity analysis is to evaluate how much confidence we can
place on single parameters, in order to determine where either additional data are
required for parameter estimation or where the intrinsic parameter uncertainties
need to be taken account by multiple model realizations. Saltelli et al. (2004) offer
a comprehensive review of different sensitivity analysis methods.
When sufficient information is available to support statistical hypotheses, a probabilistic approach can be used for an uncertainty assessment. However, data scarcity
calls also for expert knowledge to support uncertainty assessment (Montanari et al., 2009).
1.2.3

Future climate forcing

To project future changes in the hydrology of high-elevation catchments, climate
models are employed to provide the future climate forcing. Climate models account for the most relevant processes, interactions and feedbacks between climate
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system components and produce a comprehensive set of output data (e.g. Kotlarski
et al., 2010). The international effort among the climate modeling community to
coordinate climate change experiments lead to the ’Coupled Model Intercomparison
Project’ (CMIP). The latest phase of the project is CMIP5 and lead to a multi-model
dataset generated for the upcoming fifth assessment report of the United Nations
Intergovernmental Panel on Climate Change (IPCC). The CMIP5 ensemble of climate models thus represents the current knowledge about expected future climatic
changes.
However, to represent the complex interactions between climate and hydrology,
high resolution meteorological input data (usually temperature and precipitation)
are required. For many model purposes, the outputs of globally available General Circulation Models (GCMs) are of insufficient spatial or temporal resolution.
Available GCM outputs have grid sizes of usually about 200 km and are characterized by daily or monthly temporal resolution. Further treatment of climate
models’ results by so-called downscaling methods aim at reproducing the climate
characteristics at finer resolution. Different downscaling techniques exist. Dynamical downscaling uses large-scale and lateral boundary conditions from GCMs and
the physically-based modeling of atmospheric processes to produce higher resolution outputs. Regional climate features can be realistically simulated in this way
(e.g. Frei et al., 2003). However, the method is computationally intensive and
multiple high-resolution simulations are therefore not feasible, so that the uncertainties inherent in the chaotic behavior of climate cannot be taken into account.
Statistical downscaling is computationally more convenient. Here, regression models
quantify a relationship between climate statistics measured at particular meteorological stations over a given control period and a set of predictor variables. Statistical
downscaling requires long and reliable observed historical data for calibration. When
comparing GCM outputs to measured station data, a correction of biases is necessary
(e.g. Christensen et al., 2008; Bordoy and Burlando, 2013). Inferences between
GCM realizations and climate characteristics at smaller scales can also be made
through a weather generator, leading to a stochastic downscaling procedure (e.g.
Fatichi et al., 2011). For an exhaustive review of different downscaling techniques
see Fowler et al. (2007).
The spread in climate model outputs and the downscaling procedure lead to additional uncertainty in hydrological model projections (e.g. Wilby and Harris, 2006;
Prein et al., 2011; Huss et al., 2014). Huss et al. (2014) performed a first integrative
uncertainty assessment of modeled future runoff from a high-elevation catchment
(Findelengletscher in Switzerland). They find that the spread in climate model
projections is one of the most important uncertainty sources in calculated future
glacier retreat and discharge. Uncertainty in initial glacier ice volume, the quantity
and spatial distribution of winter snow accumulation and the structural uncertainty
regarding the representation of glacier flow are crucial as well. Huss et al. (2014) conclude that field measurements, in-depth process studies and new model approaches
are required to reduce the uncertainty in model projections.
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Summary of research aims

The main aim of the thesis is to design a methodology which can be applied to
model the present and future hydrology of data-scarce high-elevation watersheds
and use this for the first truly intercomparative assessment of changes in glacier
runoff from two distinct glacierized catchments. The methodology builds up on the
iterative framework presented in Figure 1.1 and covers the entire workflow that eventually leads from observational data to model projections, including an uncertainty
evaluation.
In pursuing this overarching aim, I address the following research aims:
1. Identify the degree of conceptualization and the spatial structure that is needed
to model streamflow of a high-elevation watershed in a variable climate.
2. Develop a systematic approach to guide a process-oriented state-of-the-art
glacio-hydrological model through a parameter assigning process in the context of data-scarcity.
3. Develop a method of uncertainty evaluation in order to gain insight into glaciohydrological and meteorological processes controlling the uncertainty in model
outputs.
4. Make recommendations on network design and the timing and location of field
measurements which can efficiently help to reduce model uncertainty in future
studies.
The chapters of the thesis addressing the research aims above are structured as
three research papers (chapters 3-5). The final goal of the thesis is then to apply the
methodological framework to study and compare the response of two high-elevation
regions. This final case study is presented in the sixth chapter of the thesis and has
the following research aims:
5. Model and compare the response to a future climate of two high-elevation study
catchments that are different in climate and different in geomorphology, but
similar in size and glacier cover
6. Explore the links between climatic and hydrological changes. Consider also the
effects of climate model uncertainty and the role of natural climate variability.
I briefly outline the chapters in the context of the research aims and how they
address knowledge gaps in the current state of research.
The first paper (Chapter 3) evaluates two approaches of varying complexity for
modeling the hydrology of a high-elevation basin in the Central Andes of Chile.
Research aim (1) of this thesis is addressed by exploring the two models ability
to reproduce observed streamflow and snow cover data and their capability of reproducing correctly internal processes. The two models that are evaluated have
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both been previously applied for hydrological modeling in high-elevation basins in
the Central Andes and elsewhere: Water Evaluation and Planning (WEAP) is frequently used for applications in water resource management, while TOPKAPI-ETH
has been developed for research purposes mainly. The rationale behind the model
structure of WEAP is of a very conceptual nature, while TOPKAPI-ETH employs
state-of-the art solutions for a process-based modeling of relevant hydrological processes. The paper investigates the effect of simplifications in model structure on
simulated present and future streamflow and explores the link between model complexity and performance. Considerations of the level of efforts required for model
calibration, the risks of error compensation and the required data availability are
explicitly taken into account when evaluating the two modeling approaches. The
work highlights the challenges and possible strategies for dealing with hydrological
predictions in sparsely monitored mountain watersheds, which is of relevance to all
studies wanting to quantify future runoff production from high-elevation watersheds.
The model evaluated in the first paper that was demonstrated to perform well
while being less subject to a compensation of errors through different model components, TOPKAPI-ETH, is selected in the second paper (Chapter 4) to model the
water cycle of a Central Himalayan watershed. A new set of detailed in situ data
from the upper Langtang valley in combination with available remotely sensed data
is used to design a systematic approach to set up a glacio-hydrological model for a
typical, heavily glacierized Himalayan watershed. Research aim (2) is thus the main
focus of the second paper. However, research aims (3) and (4) are also addressed: a
sensitivity analysis is used to assess the efficiency of the present monitoring network
and the timing and location of past field measurements in order to constrain the
model uncertainty. The paper thus provides recommendations about how to set up
a glacio-hydrological model with available data, but also acknowledges the fact that
the entire methodological framework that eventually will lead to robust future simulations is an iterative process consisting of several steps including i) data collection,
ii) process understanding and model construction, iii) model calibration, iv) model
validation and v) model evaluation and uncertainty and sensitivity analysis (Figure
1.1). Considering the already more than 30 year long history of glacio-hydrological
modeling in the upper Langtang Basin, this iterative process has already been repeated several times, but never in a systematic way. The paper thus attempts to
reduce the predictive uncertainty of glacio-hydrological models through a systematic
approach, providing theoretical and practical advances regarding all the steps i)-v)
named above. Namely, new TOPKAPI-ETH model components are implemented
and/or tested on the basis of available data (snow avalanching, seasonal variability
of lapse rates, a new module for melt below glacier debris).
The third paper (Chapter 5) looks at various sources of uncertainty that affect
future runoff projections and compares the effect of these sources on model outputs
in a simple way. The three main sources of uncertainty that are investigated are climate model uncertainty, natural climate variability and parameter uncertainty. The
effect of these three sources of uncertainty are systematically assessed in order to
respond to research aim (3) of this thesis. The paper then presents a new statistical
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approach, applicable also to ungauged catchments, that is used to determine which
model parameters and model components significantly affect the overall model uncertainty. As in the second paper, the results of this sensitivity analysis are used to
make detailed recommendations on network design and the timing and location of
field measurements, which could efficiently help to reduce model uncertainty in the
future (research aim 4). In contrast to the second paper, this study performs model
simulations over a much longer period (2001-2050). The study area (the Hunza
River Basin in the Karakorum) is also much larger than the upper Langtang Basin.
This allows to assess the temporal and spatial variability of the effect of different
sources of uncertainty. However, in comparison to model simulations for the two
main study catchments of this thesis, the uncertainty about the accuracy of internal
process representation cannot be sufficiently constrained for the Hunza River Basin
due to the obvious scarcity of hydro-meteorological data in this region. The third
paper thus continues the iterative approach mentioned above from a different starting point, emphasizing on the value of a modeling exercise in order to design further
field- and modeling experiments. In an area like the Karakorum, where difficulties
in obtaining new data are high, great interest exists in how resources for field observations should be allocated and in how fieldwork should be planned in order to
collect the information that can most effectively reduce model uncertainty.
The fourth paper of this thesis (Chapter 6) presents the application of the
TOPKAPI-ETH model setups for the Juncal River Basin and the Upper Langtang Basin for simulations of the future response to climate change. These are the
two study catchments for which novel data sets of ad-hoc, short term hydrological,
glaciological and meteorological data are available to inform the model (chapters 3
and 4). The study provides a detailed investigation on the effects of transient climate change on basin hydrology in terms of glacier changes and changes in runoff.
It represents the first study in both the Central Himalaya and in the Central Andes
where carefully planned data acquisition field experiments constitute the basis for
the setup and validation of a glacio-hydrological model used for future simulations.
The good performance in modeling the present hydrology of the catchments provides
confidence in the predictive power of the model setups. Knowledge gaps about the
response of high-elevation watersheds to climate change can thus be addressed, including the effect of glacier changes on runoff or shifts in the timing of snowmelt
and their effect on the seasonality of runoff. The paper discusses how changes in
climate affect the hydrology of the catchments differently due to physiographic and
climatic differences between the two geographical regions. The stochastic approach
that is used for the downscaling of climate models and multiple model runs allow
to look at the effect of natural climate variability on the hydrology in both study
regions. The effect is compared to the impact of expected future climate change.
The sub-ensemble of climate models that provides the climate change projections
for the simulations is selected in a way that the total uncertainty in climate models
is well reflected. The consideration of natural climate variability and climate model
uncertainty allows thus to attribute uncertainty ranges to the glacio-hydrological
model projections.

Chapter 2

Study regions
High mountain Asia and the South American Andes are the two regions which
hold the largest ice masses outside the polar regions (Huss and Farinotti, 2012).
While in the Swiss Alps a century old tradition of collecting glacier mass balance
and meteorological data exists (Huss et al., 2010a), long-term historical records of
meteorological variables, runoff or glacier mass balances are generally not available
for the Himalaya or for the Andes. Monitoring the Himalayan and Andean glaciers
continues to be a practical challenge. Given the high difficulties in obtaining new
data and the absence of long-term observations, the response of Himalayan and
Andean watersheds to climate is documented much less extensively. This thesis
thus focuses on selected high-elevation study catchments in the Himalaya and the
Andes (Figure 2.1), presented in the following sections. For each region, first the
climate and the glacier characteristics are described, and then the most relevant
contributions from science about modeling the streamflow response to climate are
discussed.
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2.1

Himalaya: the Upper Langtang Basin and the Hunza
River Basin

Two study catchments from the Himalaya are selected for this thesis (Figure 2.2).
The main focus is on the Upper Langtang Basin in the Central Himalaya, where
field work was carried out recently by the glacier group of the Chair of Hydrology
and Water Resources Management ETH Zurich and which is the study catchment
that is selected for a comparative study between the Central Andes and the Central Himalaya. The second study catchment, the Hunza River Basin, is located
in the Karakorum, which is a sub-range of the Greater Himalaya. No fieldwork
was carried out in the Hunza River Basin (a field trip was planned but had to
be canceled for security reasons). The two Himalayan study catchments selected
for this thesis are representative for the climatic and environmental characteristics
that have been identified as potential explanatory variables for observed contrasting
spatial patterns in glacier response to climate. Here, the unraveling of the catchment hydrology through a systematic approach with a process-oriented model is of
particular interest for the scientific community and for decision making in water
resources. The Karakorum is the only part of the Himalaya which is not affected by
a widespread glacier loss in recent decades (Bolch et al., 2012; Kääb et al., 2012;
Gardelle et al., 2013). A possible driver of the spatial variability in past and future glacier changes is the variable influence of the Indian summer monsoon and
mid-latitude westerlies (Mölg et al., 2013). Mid-latitude westerlies are dominating
the climate in the northwest of the Himalaya through winter precipitation, while

Hunza River Basin

Upper Langtang Basin

Figure 2.2: Topographic map of the Himalayan mountains. The locations of the study catchments (Upper Langtang Basin, Central Himalaya; Hunza River Basin, Karakorum Himalaya) are
indicated. Map sources: Esri, USGS, NOAA.
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elsewhere most of the annual precipitation falls in summer due to the monsoon
influence. However, an analysis of frontal changes of Himalayan glaciers through
satellite remote sensing revealed that there is no uniform response of Himalayan
glaciers to climate: more than 50% of observed westerlies-influenced Karakorum
glaciers were advancing or stable, and more than 65% monsoon-influenced glaciers
retreating, but heavily debris-covered glaciers with stagnant low-gradient terminus
regions typically had stable fronts (Scherler et al., 2011b). Since heavily debris
covered glacier tongues are common in the Karakorum region, debris cover has been
often considered as one of the most important variables explaining the ’Karakorum
anomaly’ (Hewitt, 2011). However, contrary to expectations, thinning rates under
debris-mantled of Himalayan glaciers observed through satellite laser altimetry were
shown to be often similar to those of clean ice despite insulation by debris covers
(Kääb et al., 2012). Strong surface lowering of heavily debris-covered glaciers can
be explained by high air temperatures reigning at the low reaching tongues and
by enhanced melting on exposed ice cliffs and beneath supra-glacial lakes (Sakai
et al., 2000; Nuimura et al., 2011, 2012). However, the findings by Kääb et al.
(2012) are not always in agreement with experience from field measurements (e.g.
Juen et al., 2014), and it is therefore still unclear whether debris cover is responsible for the observed mass balance variations in different Himalayan glacier systems.
Another explanatory variable for positive mass balances and glacier advances can be
the steepness of glaciers: avalanche-fed glaciers respond more quickly to increased
precipitation and the extent of the accumulation area changes only little when the
ELA is rising due to climate warming (Hewitt, 2005; Bolch et al., 2012).
Debris covered glacier tongues are common for both the Upper Langtang Basin
and the Hunza River Basin. Debris covered area represents 22.7% of the total glacier
area in the Hunza region and 27% in Langtang. Overall, 25.8% of the total Hunza
catchment area is covered by glaciers and 33.8% of the Upper Langtang River Basin.
The total area of the Upper Langtang Basin is 350 km2 . The Hunza River Basin is
much larger and has an area of 13’715 km2 . The large debris covered glaciers in the
Hunza River Basin span over elevation ranges between 2700 m asl. and more than
7500 m asl., whereas in the Langtang region they are within 4300-7000 m asl.
Two glaciers of the Upper Langtang Basin can be considered as ’benchmark’
glaciers for the entire region, since they have been the focus of several studies since
the 1980s. Lirung glacier has been extensively studied for its thick debris cover
and supraglacial lakes and cliffs (Naito et al., 1998; Sakai et al., 1998, 2000, 2002;
Immerzeel et al., 2014a). Yala is a non-debris covered glacier which has been the
focus of various mass balance studies (Ageta et al., 1984; Fujita et al., 1998, 2006;
Fujita and Nuimura, 2011; Sugiyama et al., 2013; Baral et al., 2014). The long
history of glacio-hydrological research (at least for this region) is one of the reasons
why the Upper Langtang Basin was chosen as a study site for this thesis.
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Previous modeling studies from the Himalaya

The regional impact of changing glaciers on the regimes of large Asian rivers has
been investigated by Immerzeel et al. (2010) and more recently by Lutz et al. (2014).
Both studies modeled snow- and icemelt using a degree-day approach and glacier
retreat using a volume-area scaling relationship. Model parameters were calibrated
against streamflow measured at a few locations or are taken from literature. Lutz
et al. (2014) additionally used regional mass balance trends derived by satellite
altimetry (Kääb et al., 2012) to calibrate the volume-area scaling parameters. The
effect of debris on melt was considered by Lutz et al. (2014) by a different degree-day
factor for debris covered glacier area than for non-debris covered glacier area . Both
studies used parameter values that are constant in both space and time. Lutz et al.
(2014) project unchanged amounts of glacier melt contributing to the total flows
for all upstream basins of major Himalayan rivers (Indus, Ganges, Brahmaputra,
Salween and Mekong) at least until 2050. Those results differ substantially from
the results by Immerzeel et al. (2010), who project a strong decrease in meltwater
production. Lutz et al. (2014) therefore argued that large-scale modeling requires a
gridded, high-resolution representation of the terrain. Their simulations were based
on 1 km grid resolution, while Immerzeel et al. (2010) used hydrological response
units defined by only three different elevation zones per basin. Immerzeel et al.
(2010) also did not simulate the transient response of the region but made crude
assumptions on the ice mass balance for the period 2007-2050 and then simulated
runoff only for the period 2046 to 2065.
Even higher-resolution (90 m) transient simulations were performed by Immerzeel
et al. (2013) to project runoff from the Upper Langtang Basin and the Baltoro
watershed (Karakorum) until 2100. This was the first model application in the
Himalaya that also considered gravitational snow transport processes. The degreeday factor varied with aspect and debris/non-debris surface, but the model did not
make a distinction between the degree-day factor for snow and for ice. Glacier
motion was modeled using Weertmans sliding law (Weertman, 1957). For the first
time, glaciological parameters of the same glacio-hydrological model were derived
individually for two Himalayan catchments that are climatically very different. For
both sites, however, no in situ data were available for parameter estimation, and
runoff data were only available for Langtang. Glaciological parameters were thus
derived by fitting the modeled glacier outlines to remotely sensed glacier outlines
using a long spin up period. Hydrological parameters were calibrated against runoff
for the Upper Langtang Basin and transferred to Baltoro. Immerzeel et al. (2013)
found increasing glacier melt rates for both catchments, peaking by mid-century.
The responses of the two watersheds were surprisingly similar. In both cases the
projected runoff did not suggest declining water resources during this century.
Other hydrological models have been applied to the Himalayan region imposing hypothetical glacier scenarios to project the future response (Singh and Bengtsson, 2004; Singh et al., 2006; Rees and Collins, 2006; Akhtar et al., 2009; Bocchiola
et al., 2011; Jeelani et al., 2012), always using constant degree-day factors, with-
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out taking into account explicitly the effect of debris, topographic shading, aspect,
cloudiness or albedo on melt. Nepal et al. (2013) have simulated the hydrological
system dynamics of a mesoscale (3712 km2 ) Central Himalayan watershed using
a model that represents all important hydrological processes. The effect of radiation, aspect and debris cover on melt is taken into account by an enhanced degreeday approach. However, all 36 model parameters were calibrated simultaneously
against measured runoff, and no other data were employed for model evaluation.
The sensitivity of catchment runoff to climate change was assessed using hypothetical temperature rise scenarios. Nepal et al. (2013) concluded that under the assumed
warming scenarios it is likely that in the future, the hydrological regime might shift
from ’melt-dominated’ to ’rain-dominated’ with consequences on the seasonality of
runoff.
Models that use a more physical representation of processes and thus depend less
on calibration data have been applied at the glacier catchment scale to simulate past
runoff. In a recent study Fujita and Sakai (2014) looked at the basin-scale patterns
of ice melt on debris-covered glaciers and runoff production using an energy-balance
model and the thermal properties of the debris mantle estimated from remotely
sensed multi-temporal data. They argued that the simple spatially and temporally
constant relationships between debris thickness and ice melting as applied by previous hydrological studies in glacierized catchments (e.g. Immerzeel et al., 2013,
see above) are not sufficient to explain the response of debris-covered glaciers to climate change. It was shown that sensitivity of runoff to changes in air temperature
and precipitation is complex because of the different responses of individual runoff
components and because of feedback effects related to changes in albedo.

2.2

Andes: the Juncal River Basin

The Andean study catchment selected for this thesis is the Juncal River Basin in
central Chile (33◦ S), located approximately 70 km northeast of the capital city Santiago (Figure 2.3). The climate in this region of the Andes is marked by mild wet
winters and dry summers. Precipitation during summer is close to zero, and humidity is low and the solar radiation very intense. From November to March (summer
in the southern hemisphere) the region depends strongly on the water resources of
high-elevation regions, as rivers are mainly fed by snowmelt (Masiokas et al., 2006;
Cortés et al., 2011). Glaciers are assumed to play a key hydrological role regarding
late-summer runoff, especially during summers of years with severe drought (Bown
et al., 2008). Glacier recession in the region since 1955 is documented based on
aerial photography and satellite remote sensing (Rivera et al., 2002). Between 1986
and 2011, the glacierized area receded by approximately 15% (Cortés et al., 2014).
The Juncal River Basin has a an area of 241 km2 and spans over an elevation
range of 2200 m - 5900 m asl. 14% of the area of the Juncal River Basin is glacierized.
The largest glacier within the catchment, Juncal Norte Glacier (9.09 km2 ), has been
relatively well investigated in recent years and field data are available from two visits
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by an ETH expedition in 2005 and 2008 (Pellicciotti et al., 2008).
The Andes, being the longest continental mountain range of the world, span a
broad range of different climates. The climatic conditions under which glaciers exist
range from cold and dry (Patagonia) to warm and wet (e.g. tropical glaciers in Peru).
A description of climate and glacier characteristics and a review of documented
glacier changes for the region between 18◦ S (Chile-Peru border) and 51◦ S (Southern
Patagonia Ice Field) was recently provided by Pellicciotti et al. (2014b). Glacier
recession has been strongest in the north of this region, where the climate is dry
and annual precipitation low. In the very south, most of the recent glacier area loss
can be attributed to an increase in calving rates. It is thus evident that processes
controlling glacier mass loss are very variable. In the arid north, a large portion of
total ablation can be attributed to sublimation (Gascoin et al., 2013). Active rock
glaciers are common in the northern (Nicholson et al., 2010) and both active rock
glaciers and debris-covered glaciers common in the central region (Bown et al., 2008;
Bodin et al., 2010), where also the Juncal River Basin is located. However, the
characteristics and the role of supra-glacial debris has been much less investigated
in the Central Andes than in the Himalaya. The tongues of the largest glaciers are
not or only partially debris covered.
The occurrence of El Niño Southern Oscillation (ENSO) events has a direct effect
on runoff and glacier mass balances in the region. A study by Cortés et al. (2011)
showed that hydrological regimes of rivers between 30◦ S and 40◦ S flowing from the
western slope of the Cordillera strongly correlate with ENSO indexes. Higher (lower)
precipitation amounts during El Niño (La Niña) years, rather than temperature

Juncal River Basin

Figure 2.3: Topographic map of the Central Andes. The location of the Juncal River Basin is
indicated. Map sources: Esri, USGS, NOAA.
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variations, seem to be the most important factor controlling streamflow timing also
in snowmelt dominated watersheds, despite documented warming trends.
2.2.1

Previous modeling studies from the Andes

Sagredo et al. (2014) have used an energy- and mass-balance model to calculate
the elevation of the ELA throughout the Andes. With hypothetical temperature
perturbations they showed how glaciers located in the contrasting climates of the
South American Andes respond differently to identical climate perturbations. However, a study which systematically assesses past and expected future runoff changes
throughout the Andes is not yet available. Glacio-hydrological modeling studies
that project the future response of high-elevation areas in the Central Andes do
not yet exist. Pellicciotti et al. (2014b) therefore identified a number of research
issues that should be addressed, in order to make a sound assessment of glacier and
runoff changes possible for this region. As such, future work should focus on the
application of glacio-hydrological models with ’as much as possible of a physical
basis’. The importance of various research issues (extrapolation of air temperature,
gravitational snow redistribution, energy balance versus temperature index models)
was demonstrated by a series of tests using different mass-balance models applied
to the Juncal Norte Glacier catchment. Finally, the importance of considering the
climate model uncertainty for future projections was demonstrated by static mass
balance simulations for the period until 2050 using different climatic inputs. This
preliminary analysis of the response of the glacier catchment indicated constant or
decreasing future water production.

Chapter 3

An evaluation of approaches for
modeling hydrological processes in
high-elevation, glacierized Andean
watersheds
Abstract
*We use two hydrological models of varying complexity to study the Juncal River
Basin in the Central Andes of Chile with the aim to understand the degree of conceptualization and the spatial structure that are needed to model present and future
streamflow. We use a conceptual semi-distributed model based on elevation bands
[Water Evaluation and Planning (WEAP)], frequently used for water management,
and a physically oriented, fully-distributed model [Topographic Kinematic Wave
Approximation and Integration ETH Zurich (TOPKAPI-ETH)] developed for research purposes mainly. We evaluate the ability of the two models to reproduce
the key hydrological processes in the basin with emphasis on snow accumulation
and melt, streamflow and the relationships between internal processes. Both models are capable of reproducing observed runoff and the evolution of MODIS snow
cover adequately. In spite of WEAP’s simple and conceptual approach for modeling
snowmelt, its lack of glacier representation and snow gravitational redistribution as
well as a proper routing algorithm, this model can reproduce historical data with
similar goodness of fit as the more complex TOPKAPI-ETH. We show that the performance of both models can be improved by using measured precipitation gradients
of higher temporal resolution.
In contrast to the good performance of the conceptual model for the present
climate, however, we demonstrate that the simplifications in WEAP lead to error
compensation which results in different predictions in simulated melt and runoff for
a potentially warmer future climate. TOPKAPI-ETH, using a more physical representation of processes, depends less on calibration and thus is less subject to a
compensation of errors through different model components. Our results show that
data obtained locally in ad-hoc short-term field campaigns are needed to comple23
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ment data extrapolated from long-term records for simulating changes in the water
cycle of high-elevation catchments, but that these data can only be efficiently used
by a model applying a spatially distributed physical representation of hydrological
processes.
*Ragettli, S., G. Corts, J. McPhee, and F. Pellicciotti (2014). An evaluation of
approaches for modeling hydrological processes in high-elevation, glacierized Andean
watersheds, Hydrological Processes, Vol. 28 (23), 5674-5695, http: // dx. doi.
org/ 10. 1002/ hyp. 10055 .
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Introduction

Hydrological processes in high-elevation watersheds are difficult to study because of
data scarcity, accessibility difficulties and complex topography. Modeling is affected
by additional uncertainty due to the complexity of the process spatial variations
(Klemes, 1990; Gurtz et al., 1999; Weingartner et al., 2007). However, hydrological models are a useful tool for the study of these watersheds as they provide insight
into the main catchment dynamics and responses to climatic forcing; these insights
are especially valuable in the context of a changing climate, where catchment hydrological response may differ from that inferred from historical records (Vicuña
et al., 2010; Schaefli et al., 2011).
The scarcity of information about meteorological conditions, snow- and glacier
melt processes, groundwater and the magnitude of evapotranspiration restricts the
predictive skills and accuracy of distributed glacio-hydrological models (Sivapalan, 2003b;
Winsemius et al., 2009; Magnusson et al., 2011). The application of conceptual models gives rise to problems of overparameterization, parameter uncertainty
and model output uncertainty (Beven, 1993, 2001; Seibert and McDonnell , 2002;
Magnusson et al., 2011). It is often the case that modeling studies for decision
making and water resources planning in high-elevation watersheds make simplifying
assumptions, such as ignoring the presence of glaciers (Kling et al., 2006; Lehning
et al., 2006; Bartolini et al., 2011) or the role of soils and groundwater (e.g. Gascoin
et al., 2011), because of the lack of historical data or a perceived excessive difficulty
in obtaining new data for model construction and validation (Sivapalan, 2003a).
For these reasons, there is no conclusive evidence as to what the best modeling approach is in data scarce regions. Although the scientific community has produced a
sizable amount of research dealing with the interplay of data availability, model uncertainty and water resources planning under uncertainty, the local nature of many
hydrological problems calls for continued research in this topic.
In the snow-and-glacier-dominated Central Andes of Chile, very little is known
about the spatio-temporal dynamics and the hydrological role of glaciers and snow
(Masiokas et al., 2006, 2010). In general, but more pressingly during dry periods,
a quantification of hydrological processes is of key relevance for the region (Escobar
et al., 2000; Masiokas et al., 2006; Gascoin et al., 2011), but meteorological records
are scarce and estimations therefore affected by large uncertainties. For these reasons, several operational studies have made use of simplified approaches to quantify
runoff from the high-elevation headwaters of the Andes (Vicuña et al., 2010, 2012;
CEPAL, 2009). However, under climate change scenarios, changes in temperature
and precipitation may result in different future behavior of high-elevation basins
(Beniston, 2003; Barnett et al., 2005). The region’s dependency on water resources
provided by snow- and icemelt during summer months makes it vulnerable to changes
in the cryospheric components of the water balance (Rivera et al., 2002; Carrasco
et al., 2005; Masiokas et al., 2006; Pellicciotti et al., 2007; Bown et al., 2008).
The physically-oriented, distributed model TOPKAPI-ETH was applied by Raget-
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tli and Pellicciotti (2012) to simulate glacier and snow melt contributions to streamflow in the Upper Anconcagua River Basin of Central Chile over two ablation seasons. The authors showed that information from short-term glacio-meteorological
experiments within the region is indispensable for the estimation of parameter values in distributed, physically-oriented glacio-hydrological models. Meanwhile, studies with application of conceptual (Vicuña et al., 2010; Melo et al., 2010; Vicuña
et al., 2012) or physically-oriented but semi-distributed (Stehr et al., 2008, 2009, 2010)
hydrological models are relatively abundant in the Central Andes of Chile. Because
streamflow data are relatively available, but field measurements represent a considerable financial and logistical effort, such models have often been favored over
more complex distributed models (Sivapalan, 2003a), in spite of the risk of overparametrization resulting, for example, in the adequate fit between observed and
modeled streamflow but overall in a less realistic simulation of catchment behavior
(Seibert and McDonnell , 2002).
In this work, we evaluate two approaches previously applied for hydrological modeling in high-elevation basins of the Central Andes, with the aim of understanding
the degree of conceptualization and spatial structure needed to model present and
future streamflow in such catchments. We assess their capability to contribute to the
understanding of relevant hydrological processes in the region and expected changes
in the water cycle. A first approach includes the conceptual, semi-distributed model
WEAP, a general-objective model frequently used in water resource management,
calibrated against observations of snowcover and streamflow. The second approach
makes use of the distributed and physically-oriented model TOPKAPI-ETH, moderately calibrated and informed by data from literature as well as data obtained
locally, in ad-hoc short-term field campaigns. The two models differ in both spatial
structure, temporal resolution and degree of conceptualisation of processes. In comparison to TOPKAPI-ETH, glaciers and glacier melt are not explicitly represented
in WEAP. The same version of the model has been used previously also for Central
Andean watersheds with the justification that these processes are minor and the
scarce knowledge about them does not enable adequate calibration of the related
model parameters (Vicuña et al., 2010; Cortés et al., 2012).
The two approaches are evaluated with respect to their ability to reproduce observed streamflow and snow cover data, their capability of reproducing correctly
internal processes and the effect of simplifications in model structure on simulated
present and future streamflow. Both approaches are compared addressing the following questions: i) How do the models reproduce the temporal and spatial variability
of key hydrological processes relevant for simulation of runoff?; ii) what level of effort
is required for model calibration?, and iii) what are the possibilities of validating
key processes with field data and what is the added value of local information for
model performance when these data are used to constrain model parameters?
The overarching objective of this study is to assess which modeling approach is
appropriate for the estimation of water resource availability for the present and future climate in high Andean watersheds. We attempt to provide evidence about the
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model complexity and spatial discretization that is necessary for accurate hydrological simulations at different temporal scales, with application to long-term water
resource evaluation, including the effect of climate change.

3.2

Study site and data

This study focuses on the Juncal River Basin [33◦ S, 70◦ W; 2200-5900 m above
sea level (asl)], a sub-basin of the Upper Aconcagua Basin (Figure 3.1), located
in the Central Andes of Chile (32-36◦ S). The area of the Juncal River Basin is
241 km2 . The basin is mainly characterized by a large U-shaped valley filled with
Holocene sediments comprising glacio-fluvial deposits and debris flow deposits from
the surrounding slopes. Neighboring peaks reach elevations up to 6000 m asl and
several lateral smaller valleys with north-south orientation converge into the main
river channel. Scleorphyll vegetation covers soils at elevations up to 2750 m asl (8%
of total area). Bare soils and rocks of volcanic origin are present at higher elevations.
The Aconcagua River Basin is one of the major glacierised basins in Central
Chile, with 121 km2 of ice in 2003 (Bown et al., 2008). A recent glacier inventory
of the region (Bown et al., 2008), providing glacier outlines to this study, reports
that the Juncal River Basin contributes by 39.1% to the total glacierized area of the
Aconcagua River Basin. 14% of the area of the Juncal River Basin is glacierized.
While the majority of hydrological studies from the region neglect the presence of
glaciers because at the regional scale their relative importance decreases, and because
the actual contribution of glacier runoff to river flow from headwater catchments
is not known, a modeling study by Ragettli and Pellicciotti (2012) showed that
the Juncal River Basin has a nivo-glacial hydrological regime. Simulated glacier
contribution to total streamflow was 14.4% during the hydrological year 2005/2006
(Ragettli and Pellicciotti, 2012), which we assume as an indication of the order of
magnitude of glacier contribution to runoff. A recent isotope end-member mixing
analysis by Ohlanders et al. (2013) showed that this fraction can be substantially
higher in unusually dry years.
3.2.1

Climate

Between the outer tropics and mid latitudes, the climate of the Andean region is
dominated by the Pacific Anticyclone, which oscillates allowing for the passage of
frontal systems during winter, while blocking these in summer (Vuille et al., 2000;
Rutllant and Fuenzalida, 2007; Falvey and Garreaud , 2009). The western side of the
Cordillera therefore receives winter precipitation from the moist pacific air masses
while summers are dry (Pellicciotti et al., 2008). The dry season is characterized
by low relative humidity (<40%) and stable cloud-free meteorological conditions
(Pellicciotti et al., 2008). As a consequence, shortwave radiation is particularly
strong (Pellicciotti et al., 2008). The occurrence of ENSO (El Niño Southern Oscillation) phenomena plays an important role in controlling snowfall at this latitude
and implies a strong interannual variability: La Niña years are rather dry, while
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Figure 3.1: (Top) Map of the Upper Aconcagua River Basin. The stations of the standard meteorological network (Los Andes, Chacabuquito, Vilcuya, Riecillos, Portillo) are indicated with red dots
and names as well as the weather station providing data for snow albedo (Hornitos). The black
line indicates the outline of the Upper Aconcagua River Basin closed at La Calera and the red line
the margins of the Juncal River Basin. (Bottom) Map of the Juncal River Basin with position of
the automatic weather station installed on Juncal Norte Glacier during summer 2005/2006 (AWS),
and locations of the 2m air temperature sensors (T-Loggers) installed during summer 2008/2009.
Contour lines show 500m elevation bands.
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Table 3.1: Characteristics and location of the hydro-meteorological stations used in this study
Elevation
(m a.s.l) Latitude

Station
Portillo
Riecillos
Vilcuya
Chacabuquito
Los Andes
AWS1
Hornitos
Streamgauge
a

3000
1290
1100
1030
830
3127
2218
2233

32 ◦

50’ 28.30” S
32 ◦ 56’ 01.82” S
32◦ 51’ 52.37” S
32 ◦ 50’ 49.62” S
32◦ 48’ 27.20” S
32 ◦ 59’ 26.58” S
32◦ 52’ 4.16” S
32◦ 52’ 11.17” S

Longitude

Location

70 ◦

Aconcagua Valley
01 Apr 2004 - 31 Mar 2010
Aconcagua Valley
01 Apr 2004 - 31 Mar 2010
Aconcagua Valley
01 Apr 2004 - 31 Mar 2010
Aconcagua Valley
01 Apr 2004 - 31 Mar 2010
Aconcagua Valley
01 Apr 2004 - 31 Mar 2010
Juncal Norte Glacier tongue 11 Dec 2005 - 12 Feb 2006
Aconcagua Valley
01 Feb 2010 - 30 Oct 2011
Juncal River Valley
01 Apr 2004 - 31 Mar 2010

05’ 39.18” W
70 ◦ 21’ 50.15” W
70 ◦ 28’ 31.29” W
70 ◦ 30’ 39.56” W
70 ◦ 38’ 19.79” W
70 ◦ 06’ 31.27” W
70◦ 9’ 5.48” W
70◦ 08’ 57.96” W

Period of functioning

with some missing data in 2007 and 2008

El Niño years are associated with higher than normal precipitation (Escobar and
Aceituno, 1998). Masiokas et al. (2006) showed significant correlations between
snowpack, annual streamflow volumes and ENSO episodes, and Cortés et al. (2011)
showed an important correlation of streamflow timing to the ENSO related signal
for the Central Andes, with warm, wet ENSO episodes related to delayed streamflow
volumes in the Central Andes due to a probable thicker snowpack.
3.2.2

Hydrometeorological historical records and DEM

Historical records from a network of hydro-meteorological stations run by the Chilean
water directorate (Dirección General de Aguas - DGA) are used to provide model
input and calibration data (Table 3.1). We use temperature data from Portillo (3000
m asl) and precipitation measurements from Riecillos (1290 m asl) from the period
April 2004 until March 2010 to drive the models. Mean annual precipitation in
Riecillos was 614 mm with a coefficient of variation of 44%. Mean annual temperature in Portillo was 4.8◦ C, with a minimum mean monthly temperature in August
of -0.8◦ C and a maximum mean monthly temperature in January of 11◦ C. Data
from Vilcuya (1100 m asl), Chacabuquito (1030 m asl) and Los Andes (830 m asl)
provide additional information required for precipitation and temperature regionalization (Section 3.3.1). All stations providing meteorological data are located in
the main valley of the Upper Aconcagua River Basin (Figure 3.1). The meteorological network near the watershed is therefore relatively dense, but spatial coverage is
limited to lower elevations. The sparseness of the hydro-meteorological network at
high-elevations is common to the entire region and prevents a more detailed analysis of the spatial and temporal patterns of climate in the region (Lliboutry, 1998;
Masiokas et al., 2006).
The period covered by the available hydrometeorological data includes both cold
and warm ENSO years. The multivariate ENSO Index (MEI, Wolter and Timlin (1993, 1998), available on http://www.esrl.noaa.gov/psd/enso/mei/table.
html) can be used to classify hydrological years in cold and warm ENSO episodes:
periods with positive MEI values (warm years) are the hydrological years 2004/2005,
2006/2007 and 2009/2010, while 2007/2008 was a year with particularly negative
MEI values (cold year).
Daily values of streamflow data are provided by a gauge station at the outlet of
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the Juncal River Basin, also maintained by DGA. Water levels are recorded by radar
and then converted into runoff using rating curves periodically derived by DGA. For
the period of record of this study, five curves were used (derived at intervals of
approximately one year).
The Shuttle Radar Topography Mission (SRTM) 90m resolution digital elevation model (DEM) is used to discretize elevation bands in WEAP and to attribute
grid cell elevations in TOPKAPI-ETH. Slope and aspect as well as the channel
network in TOPKAPI-ETH are calculated on the basis of the DEM, which is used
also for calculation of the clear-sky solar radiation and interaction with topography
(Section 3.3.2).

3.2.3

MODIS and Landsat Snow Cover

We use observations about the extent of snow cover in the region, acquired by
the MODIS optical instrument mounted on the Terra and Aqua satellites of the
NASA Earth Observation System. Like a variety of geophysical products derived
from MODIS observations, the global snow cover product is freely available through
the Distributed Active Archive Center of the National Snow and Ice Data Center
(NSIDC, www.nsidc.org). MODIS snow cover products are provided both on a daily
basis and as 8-day composites at 500m resolution over the Earth’s land surfaces (Hall
et al., 2006). The 8-day MOD10A2 product contains data fields for maximum snow
cover extent over an eight-day period. The statistical difference between daily and
8-day MODIS images over a period of 10 years is small (J.-P. Dedieu, personal communication), as the latter is less affected by clouds; the lower processing requirement
associated to the 8-day composites makes them suitable for this study.
In the MODIS data, grid cells are classified as snow (1) or no snow (0). See Hall
and Riggs (2007) for an accuracy assessment of the MODIS snow products and a
description of the MODIS snow mapping algorithm. We calculate the percentage
of snow covered area (SCA) over the study catchment observed by MODIS and
compare it with the maximum 8-day snow extent given by the models (snow water
equivalents are converted to SCA if SWE>0). Average cloud cover on 8-day MODIS
images during our study period was 4.2%, with a seasonal maximum from April to
June of on average 12.8% area covered by clouds.
MODIS daily or 8-day snow maps have been successfully applied in the Central
Andes for validation of modeled snow accumulation and snowmelt dynamics by Gascoin et al. (2013) and by Stehr et al. (2009). MOD10A2 data are used in this work
for model calibration (WEAP) and validation. However, for analysis of the model
performance at high elevations with rough topography and to evaluate the importance of snow redistribution, we also use Landsat 5 fractional snow cover. Snow
cover in mountainous terrain retrieved from the finer but less frequent Landsat images is presumably more accurate than snow cover retrieved by the standard MODIS
snow cover algorithm (Rittger et al., 2013). Landsat 5 has a spatial resolution of
30 m and 16-days overpass. Not all overpasses are available for the study region.
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We used 4 images not affected by clouds (9 Apr 2006, 11 Mar 2007, 3 Mar 2008, 16
Mar 2009) and calculated the fractional SCA using a slightly modified version of the
Rosenthal and Dozier (1996) fractional Snow Covered Area regression trees. The
error of these SCA calculations is in the order of 7% (Rosenthal and Dozier , 1996).
3.2.4

Local meteorological data

Data collected by an automatic weather station (AWS) installed by an ETH expedition (Pellicciotti et al., 2008) on the Juncal Norte Glacier during summer 2005/2006
are used for determination of TOPKAPI-ETH model parameters, as described in
Ragettli and Pellicciotti (2012). Hornitos, a meteorological station located 500m
downstream of the study catchment’s outlet (Figure 3.1), provides winter incoming
and reflected shortwave radiation (W m−2 ) not available at the AWS but required
for the estimation of fresh snow albedo in TOPKAPI-ETH. The station is run by
the Civil Engineering Department, University of Chile, since 2010.
11 temperature sensors (T-Loggers) installed at 2m above the surface on the
glacier tongue of the Juncal Norte Glacier and one temperature sensor installed near
it (Figure 3.1) between 8 December 2008 and 14 February 2009 provide additional
air temperature data to assess the value of detailed local information for model
performance. Mean air temperatures measured by the T-Loggers and in Portillo
(3000m asl) are shown in Figure 3.2. The dataset is discussed in detail by Petersen
and Pellicciotti (2011), who found that temporally variable lapse rates improved the
representation of temperature variability over the Juncal Norte Glacier. The reader
is referred to that publication for a detailed description of the Juncal Norte Glacier
air temperature regime.

3.3
3.3.1

Methods
Extrapolation of meteorological input data

Stations belonging to the standard meteorological network are located outside the
limits of the study catchment (Figure 3.1). Meteorological input data are thus
extrapolated to our study site. We calculate precipitation gradients by comparing
annual precipitation amounts at the Riecillos (1290 m asl) and Portillo (3000 m
asl) stations. In the case of temperature, lapse rates are calculated on the basis of
daily mean temperatures at Vilcuya (1100 m asl) and Portillo. Average lapse rates
calculated for the area are shown in Figure 3.3.
Lapse rates are assumed to be linear in the case of temperature and logarithmic
in the case of precipitation (Figure 3.3). Observations suggest that the Andes exert
a strong influence on the precipitation regime of this region, resulting in increased
precipitation with elevation (Falvey and Garreaud , 2009). However, the lack of highelevation climate stations prevents a detailed analysis of the spatial and temporal
patterns of precipitation over the Central Andes (Falvey and Garreaud , 2009).
The logarithmic lapse rate was chosen because linear precipitation gradients usually
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Figure 3.2: Observed air-temperature distribution on Juncal Norte Glacier, at Portillo and airtemperature lapse rates used for extrapolation. The observed temperatures represent the mean
values at the locations of the T-Loggers and in Portillo, for the period 8 Dec 2008 - 12 Feb
2009. Temperature lapse rates (LR) and temperature decrease over glacierized areas (Tmod , black
arrows) are calculated by fitting extrapolated temperatures from Portillo (3000 m above sea level)
to observed temperatures. r2 is the coefficient of determination between observed and extrapolated
temperatures. The green and the blue lines represent the extrapolated temperatures by TOPKAPIETH, and the red line the extrapolated temperatures by WEAP, respectively (LR configuration 3,
Table 3.4).

overestimate the total volume of precipitation when compared to observed total
runoff (Vicuña et al., 2010). Logarithmic lase rates also reflect more accurately
the orographic forcing effect typical of high elevations, by which wet air masses are
orographically lifted and discharge their humidity content in correspondence of the
mountain rises. Extrapolated precipitation is compared to observed precipitation at
the five stations in the region including the lower laying stations in the Aconcagua
River valley: Vilcuya, Chacabuquito: 1030 m asl, and Los Andes: 830 m asl (Figure
3.3a). The coefficient of determination is higher if a logarithmic lapse rate is used
(r2 = 0.71) than if a linear lapse rate is used (r2 = 0.62).
3.3.2

Model description

TOPKAPI-ETH
TOPKAPI-ETH is a fully distributed rainfall-runoff model that has been developed for applications to mountainous basins. The version used in this study is
almost identical to the version used by Ragettli and Pellicciotti (2012) and Finger
et al. (2011, 2012). Water routing in TOPKAPI-ETH as well as in its precursors
is based on the kinematic wave concept, whereby soil drainage, overland flow and
channel flow are represented by non-linear reservoir differential equations (Liu and
Todini , 2002, 2005) which are resolved for each catchment grid cell.
Snow- and glacier melt are computed using an Enhanced Temperature-Index
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Figure 3.3: a) Precipitation gradients calculated on the basis of data from Riecillos (1290 m asl)
and Portillo (3000 m asl). Precipitation data from Vilcuya (1100 m asl), Chacabuquito (1030 m
asl) and Los Andes (830 m asl) are also shown, as well as the equations used for extrapolation
of daily precipitation; b) temperature lapse rates calculated on the basis of Vilcuya and Portillo.
For temperature we use linear lapse rates to extrapolate measured data. Upper/lower bounds
correspond to mean lapse rates plus/minus one standard deviation in the observed lapse rates.

(ETI) approach (Pellicciotti et al., 2005, 2008), where melt in each grid cell is
a function of a temperature-dependent term representative of the temperaturedependent energy fluxes (and equal to a constant empirical temperature factor (T F ,
mm h−1 ◦ C−1 ) multiplied by ambient air temperature) and a shortwave radiation dependent term that uses the fully distributed shortwave radiation balance. Changes
in glacier areas are not considered for this study, which is a reasonable assumption
for simulations over only few years for this study region (Bown et al., 2008).
Potential clear-sky global irradiance is simulated with a non parametric model
based on Iqbal (1983) accounting for the position of the sun relative to the considered
grid cell at each time step. The vectorial algebra approach proposed by Corripio
(2003) is used for the interaction between the solar beam and terrain geometry.
Transmission through the atmosphere is taken into account using transmissivity
coefficients described in Pellicciotti et al. (2011). Incoming shortwave radiation is
then the product of the clear-sky irradiance and a cloud transmittance factor derived
from the range of diurnal variations of air temperature (Pellicciotti et al., 2011).
The equivalence between net shortwave radiation [Wm−2 ] and units of melt
[mm w.e. h−1 ] is controlled by a shortwave radiation factor (SRF ). The magnitude
of the empirical factors in the ETI model can be related to the surface energy-balance
typical of the climatic setting (Pellicciotti et al. (2008); Carenzo et al. (2009); Pellicciotti et al. (2012) and Ragettli and Pellicciotti (2012)). Snow albedo is estimated
as a function of an empirical parameter α2 that controls the logarithmic decrease of
albedo and the maximum albedo after snowfall (α1 ) (Brock et al., 2000). Ice albedo
(αice ) is assumed constant (Pellicciotti et al., 2008).
The Makkink approach (Makkink , 1957), based on air temperature and incoming
shortwave radiation, is used to compute potential evapotranspiration. Actual evapotranspiration depends on available soil moisture content within a superficial soil layer
calculated internally by the model. A second soil layer accounts for runoff originat-
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ing from percolation to deeper soil and into fractured bedrock (Finger et al., 2011).
Spatially homogeneous characteristics are attributed to this second soil layer since
no information on the spatial extent of groundwater aquifers is available.
In this study, TOPKAPI-ETH is applied at an hourly time-step and a grid resolution of 100m. Table 3.2 provides an overview of the most important model characteristics and represented processes. For more detailed information about TOPKAPIETH and complete lists of model parameters we refer to the publications of Finger
et al. (2011) and Ragettli and Pellicciotti (2012). The latter applied the model to
the same basin as in this study.
WEAP
WEAP (Water Evaluation and Planning) is a water resources system analysis tool
developed by the Stockholm Environment Institute (Yates et al., 2005) which integrates a water management model driven by water demands, supplies and environmental requirements with a hydrological model based on conceptual rainfall-runoff
relationships. The conceptual hydrological representation of a watershed is based
on a two-bucket system: the first bucket represents a soil layer that reproduces the
short-lag watershed response to precipitation. The second layer is designed to mimic
the baseflow or longer-lag flows due to the presence of deep soils or aquifers within
the catchment (Winter , 2001; Burness, 2004). The watershed is divided into fractional areas, where the equations governing water movement are solved. For this
study, 100m elevation bands are used to assign fractional areas. This paper uses
only the hydrological tool of the WEAP model, because human water use within
the study area is negligible and the evaluation of impacts of hydrological changes
on the water resource system is not a focus of this study.
Each soil layer is assigned quasi-physical properties such as total storage capacity,
conductivity and preferential flow direction. These properties can be defined for each
fractional area and are tuning parameters of WEAP (Yates et al., 2005). Daily
time steps are used in this study to calculate soil moisture in function of effective
precipitation, surface runoff, sub-surface runoff and baseflow. The reader is referred
to Yates (1996) for a description of functional forms of flow components.
Evapotranspiration is a function of potential evapotranspiration and the relative
catchment storage state. Potential evapotranspiration is calculated from a simplified
version of the Penman-Monteith method as provided by the FAO Manual on evapotranspiration, in which energy fluxes are calculated as a function of air temperature
only (Yates et al., 2005).
Liquid precipitation and meltwater result in what is defined effective precipitation. Both components are calculated in function of a melt coefficient which accounts
for melting and freezing temperature thresholds (two tuning parameters). The melt
coefficient is zero if ambient air temperature is below freezing temperature and one
if air temperature is above melting temperature. If air temperature is between
freezing and melting temperature, the melt coefficient is linearly interpolated (Yates

Two-bucket system for each 100-m elevation band
Two-bucket system for each 100-m elevation band

11. Discharge routing

12. Soil representation

 Relative catchment storage state (linear reservoir)

Actual evapotranspiration depending on

 Air temperature
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 Daily cloud
et al., 2011)

transmittance

factors

(Pellicciotti

 Terrain geometry (Corripio, 2003) and interaction
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Table 3.2: Main characteristics of the two models ( WEAP and TOPKAPI-ETH) evaluated in this study
WEAP
TOPKAPI-ETH
Spatial representation
Semi-distributed (100-m elevation bands)
Fully distributed (100x100-m grid cells)
Temporal resolution
Daily
Hourly
Precipitation distribution
Station data, extrapolation with logarithmic gradients Station data, extrapolation with logarithmic gradients (Fig(Figure 3.3a)
ure 3.3a)
Air temperature distribution
Station data, extrapolation with linear lapse rates (Fig- Station data, extrapolation with linear lapse rates (Figure
ure 3.3b)
3.3b)
Specific temperature distribution on glaciers (Figure 3.2)
Solar Radiation
Single lumped parameter, depending on the day of the Fully distributed shortwave radiation taking into account
year and latitude, no effect of topography nor transmis Hourly clear sky global irradiance (Iqbal , 1983) and
sion through the atmosphere
transmission through the atmosphere, partition be-
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et al., 2005). The maximum amount of the accumulated snowpack that can be
turned into meltwater during each time step is limited by an empirical, lumped parameter representing the available melt energy (Young et al., 2009)(units in water
equivalents depth/time). This is calculated on the basis of a solar radiation index
(that takes into account only the day of the year and the latitude, but not shading, interaction with topography, transmissivity through the atmosphere and cloud
effects) and snow albedo decreasing linearly with time.
The present version of WEAP has been used in numerous water resource management applications in various regions of the world, as well as in our study region
for climate change impact studies (Vicuña et al., 2010; Poblete et al., 2012; Cortés
et al., 2012). For a complete list of previous applications of WEAP, the reader is
referred to the WEAP21 official website (www.weap21.org).
3.3.3

Model calibration

Usually it is supposed that physically-based hydrological models require less calibration, because model parameters can be estimated directly from measurements or
from literature (Koren et al., 2004; Kuzmin et al., 2008; Zhang et al., 2012). The
opposite applies with conceptual models, for which parameters correspond less directly to physical properties. The choice of calibration strategies therefore depends
strongly on model structure. The calibration strategies designed for this work reflect this issue: for WEAP we choose a manual direct calibration method, while
we use local data (Section 3.2.4) for an estimation of the physically measurable
TOPKAPI-ETH model parameters.
We divide the six-year record in three subperiods: a) one year of data is required
for the generation of initial conditions of soil moisture and snow cover (hydrological
year 2004/2005), b) two years for calibration (April 2005- March 2007) and c) three
years for validation (April 2007-March 2010).
For WEAP calibration, model parameters are divided in two groups, depending
on their relation to i) processes related to generation of snowmelt (processes 5-7
in Table 3.2) and ii) processes more directly related to streamflow generation like
meltwater routing or soil moisture (processes 10-12 in Table 3.2). The two groups
of parameters are then calibrated manually by first fitting simulated to observed
MODIS snowcover and secondly, by fitting simulated to measured streamflow at the
outlet of the Juncal River Basin. The stepwise calibration guarantees a minimum of
internal consistency and reduces the risk of error compensation (Huss et al., 2009;
Ragettli and Pellicciotti, 2012; Pellicciotti et al., 2012). Parameters governing the
extrapolation of meteorological input variables are excluded from the calibration
scheme and data from the standard meteorological network are used to estimate
lapse rates of temperature and precipitation (Section 3.3.1, Figure 3.3).
Two main problems exist for setting up TOPKAPI-ETH without calibration:
first, not all model parameters values can be directly estimated by measurements
in the field. Complex processes, such as evapotranspiration or the redistribution of
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snow by wind and gravity, cannot be fully described by a model at 100m grid resolution relying on only temperature and precipitation as input. Such processes need
to be parameterized and the corresponding model parameters need to be calibrated
using specific data. Second, parameter values in distributed models often vary in
space, so that for physically based models the parameters’ spatial variability has
to be taken into account by regionalization, if parameters are estimated based on
local observations. Particularly in the case of headwater catchments that reach high
altitudes, spatial interpolation or extrapolation of model parameters would not be
supported because of extreme elevation gradients or low correlation lengths.
In order to alleviate this problem we use observed field data for a direct estimation of model parameters whenever possible. Table 3.3 shows the model parameters
estimated from different point-scale data. The melt parameters T F , SRF and TT
are taken from Ragettli and Pellicciotti (2012), where they were determined against
ablation rates simulated by an energy-balance model (Pellicciotti et al., 2008) forced
with data from AWSs installed on Juncal Norte Glacier during summer 2005/2006.
Ragettli and Pellicciotti (2012) also used data from a second ETH expedition in
summer 2008/2009. However, data and parameter values from this period are not
considered because it does not overlap with the calibration period used in this study.
Extrapolated air temperatures (Section 3.3.1) are compared with temperature measured at the AWS on Juncal Norte Glacier during summer 2005/2006: the observed
mean difference is used as a constant temperature decreasing factor (Tmod ) over
glacierized areas. This accounts for the fact that temperatures in the glacier boundary layer are lower than outside (Greuell and Böhm, 1998; Shea and Moore, 2010;
Petersen and Pellicciotti , 2011). Because of the absence of precipitation during
summer, the AWS could not provide an estimate of fresh snow albedo (α1 ), but
data from the Hornitos valley station (Figure 3.1) were used. The parameter controlling the logarithmic decay of fresh snow albedo as a function of cumulated daily
maximum positive air temperature (α2 ) is calibrated using point observations of
albedo from the AWS, as it was done in Ragettli and Pellicciotti (2012). For the
threshold temperature to distinguish between solid and liquid precipitation we assume a constant value of 1◦ C (Stehr et al., 2009). The threshold slope for snow
gravitational redistribution (βM AX ) is taken from Ragettli and Pellicciotti (2012),
where it was calibrated with measurements of snow depth. Because of the lack of
more detailed information, we assume model parameters related to snow accumulation and snow- and icemelt to be constant in time and uniform in space. This
assumption is supported by results of Ragettli and Pellicciotti (2012).
Parameters controlling soil- and evapotranspiration- related processes cannot be
estimated directly using point-based observations, because these processes vary considerably in space and because data were not available. Considering plausible ranges
of parameter values (see Finger et al. (2011) for a complete list of TOPKAPI-ETH
parameters and plausible soil parameter values), soil and evapotranspiration related
parameters are therefore calibrated manually against runoff measured at the outlet
of Juncal River Basin. Soil maps were not available for the area but we constrain
the range of possible parameter values by assuming that soil depth decreases with
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Parameter

Table 3.3: Point-scale estimation of TOPKAPI-ETH model parameters
Units
Value
Source
Description

Temperature distribution
◦
LR
Cm−1

Tmod

◦

C

Precipitation distribution
Pgrad
-

Figure 3.3 VIL and POR Linear temperature lapse rate representing the decrease of temperature
with elevation
2.86
AWS
Temperature decrease over glacierized
surface
Figure 3.3 RIE and POR Logarithmic precipitation gradient representing the change of precipitation
with elevation

Snowmelt and Icemelt
TF
mm d−1 ◦ C−1 0
SRF
m2 mm W−2 h−1 0.0105
◦
TT
C
6

AWS
AWS
AWS

Temperature factor
Shortwave radiation factor
Threshold air temperature for melt onset

Albedo
α1
α2
αice

HOR
AWS
AWS

Albedo of fresh snow
Decay of snow albedo
Albedo of ice (glacier surface)

-

0.83
0.112
0.165

TOPKAPI-ETH parameters shown in this table are not calibrated but estimated based on point-scale
data. See section on TOPKAPI-ETH (Section 3.3.2) for more information on melt- and albedo parameters.
HOR: Hornitos, VIL: Vilcuya, POR: Portillo, RIE: Riecillos, AWS: automatic weather station installed
on Juncal Norte Glacier during summer 2005/2006.

elevation and slope, and that saturated conductivity increases with elevation and
slope in order to account for the presence of fractured rock systems instead of soils
at higher elevations.
3.3.4

Model validation

For model validation we assess how the models perform when using an average
lapse rate over several years, or a more detailed dataset of annual lapse rates (Validation steps 1 and 2 in Table 3.4). In this way, we benefit from higher temporal
resolution that captures the variability of meteorological conditions. This is of particularly interest since ENSO (El Niño Southern Oscillation) phenomena play an
important role in modulating annual precipitation volumes in this region (Escobar
and Aceituno, 1998; Rivera et al., 2000; Masiokas et al., 2006).
In a third step (Validation step 3, Table 3.4), we validate WEAP and TOPKAPIETH using local information about temperature lapse rates and the temperature
decrease over glacierized areas calculated on the basis of detailed field data from
Juncal Norte Glacier (Figure 3.1) from the summer 2008/2009 (Section 3.2.4). Because no additional local precipitation records exist, precipitation gradients are the
same as in the validation step with annually varying gradients.
The three validation steps provide an estimate of the value of detailed, local
information in data-scarce regions for different types of hydrological models. They
also answer the question of whether additional meteorological information acquired
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Table 3.4: Lapse rate configurations for calibration and validation
Lapse rate configurations
Calibration

Validation step 1

Validation step 2
Validation step 3

Constant lapse rates based on meteorological information from standard meteorological network, measuring period 01/04/2005-31/03/2007 (lapse rate
configuration 1)
Constant lapse rates based on meteorological information from standard meteorological network, measuring period 01/04/2007-31/03/2010 (lapse rate
configuration 1)
Annual lapse rates based on meteorological information from standard meteorological network (lapse rate configuration 2)
Temperature lapse rates calculated on the basis of local temperature measurements, precipitation gradients as in validation step 2 (lapse rate configuration 3)

after calibrating each model can be effectively used to improve model performance.
In order to make maximal use of the available dataset, each model uses the
available information differently. We therefore account for the fact that the value
of information depends also on model structure. TOPKAPI-ETH uses different
temperature lapse rates and on-glacier temperature decreasing factors (Tmod ) during
day and during night times (Petersen and Pellicciotti , 2011). As WEAP performs
calculations at daily time steps, the lapse rate has to be calculated on the basis of
mean daily temperatures (Figure 3.2).

3.3.5

Analysis of process representation

In order to compare process representation during different periods between the two
models, model outputs are screened through a Principal Component Analysis (PCA,
Legendre and Legendre, 1998). In a PCA, a cloud of points (observations or model
results), situated in the initial space of descriptors (variables), is transposed to a
reduced space where the similarities among points are preserved and represented on a
reduced number of axes. The basis for the projection on the reduced number of axes
is the correlation matrix whose elements are the cross-correlations between different
standardized model variables. If all variables are equally well represented in a twodimensional reduced space, their corresponding descriptor-axes can be represented
by arrows in a circle, where the cosine of an angle between two arrows represents
the correlation between variables.
If we use relevant water balance components as variables, a PCA allows a direct
comparison of the temporal and spatial variability of dominant internal hydrological
processes among models and provides insights about temporal and spatial differences
in process representation which lead to differences in model outputs (discussed in
Section 3.5.3). In comparison to conventional plotting methods, it offers the advantage that all process components can be visualized together.
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3.3.6

Sensitivity to temperature increase

Climate models project important future changes in meteorological conditions for the
western coast of South America, especially for temperature (Bradley et al., 2004).
We assess how the models react to a warmer climate by adding a constant increase,
∆T (different for each month of the year), to the historical input air temperatures.
While our approach is to test a simplified temperature increase scenario and not
drive the models with direct GCMs outputs, we attempt, however, to choose a
realistic one based on findings from recent works. The temperature scenario applied
for this study is the ensemble mean of projections by 10 GCMs (A2 scenario) for
the period 2045-2065, downscaled to to El Yeso meteorological station (2475 m asl,
70 km south of Juncal) by Cortés et al. (2012). We refer to this study for more
details about the downscaling procedure and the GCMs. The temperature change
projections are highly variable among different seasons: while spring and summer
(August-February) temperatures are increasing on average by 2.25◦ C, autumn and
winter (March to July) temperatures are on average increasing by 0.75◦ C only (see
Table 3.5 for monthly ∆T values).
Recent studies have shown that temperatures will increase more in the high
mountains than at lower elevations (Bradley et al., 2006; Urrutia and Vuille, 2009;
Rangwala et al., 2009). This effect is taken into account by using shallower lapse
rates than for the present for the simulations with the future temperature scenario,
so that temperature warming is higher for high elevations. Bradley et al. (2006)
suggested a warming of about 0.4◦ C per 1000 m elevation difference for the Andes
at 33◦ S, the same as Urrutia and Vuille (2009) for the western slope of the Andes.
This corresponds to 0.0004◦ C/m shallower temperature lapse rates than for the
present (Table 3.5).

Table 3.5: Scenario applied for the test of the models’ sensitivity to a temperature increase
∆T [◦ C]
∆ LR [◦ C/m]
LR [◦ C/m]
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

2.32
2.14
1.2
0.37
-0.14
0.87
1.46
2.03
2.25
1.94
2.61
2.47

0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004
0.0004

-0.0051
-0.0050
-0.0048
-0.0048
-0.0050
-0.0051
-0.0052
-0.0057
-0.0058
-0.0057
-0.0053
-0.0052

∆T are the projections of temperature changes used in this study (based on Cortés et al., 2012)). These
values are added to the historical data from Portillo. ∆LR are the considered projections of enhanced
warming at higher elevations (based on projections reported by Bradley et al. (2006) and by Urrutia and
Vuille (2009)). LR are the monthly lapse rates which are applied to extrapolate future air temperature,
corresponding to the average temperature lapse rates between Vilcuya and Portillo (Figure 3.3) plus
∆LR.
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To initialize the models for the future conditions, we run the models repeatedly
with present conditions, until the snowpack at places where the two models accumulate snow under present climatic conditions is sufficiently thick so that subsequently,
the simulated response to a temperature increase is independent of the initial snow
conditions.
In order to compare the sensitivity of the models to a temperature increase we
calculate three-month average values of model outputs for different variables and plot
the results using a Non-Metric Multi-Dimensional Scaling (NMDS) representation
(Legendre and Legendre, 1998). This scaling method preserves the similarity among
model results for each three-month period in a reduced number of dimensions on the
basis of the Euclidean distance matrix. The clustered representation of three-month
periods that react similarly to temperature increase creates a map of similarities,
which allow an efficient identification of differences among models, among variables
and among three-month periods.

3.4
3.4.1

Results
Model calibration

Results for the calibration period show that both models are able to reproduce
adequately 8-day maximum snowcover and runoff (Table 3.6, Figures 3.4 and 3.5):
coefficients of determination (r2 ) are about 0.8 in the case of modeled snowcover,
and NSE (Nash and Sutcliffe) efficiency values about 0.9 for simulated runoff.
Maximum winter snow cover simulated by TOPKAPI-ETH is lower than MODIS
snowcover throughout the winter (Table 3.6, Figure 3.5a). This can be explained by
the higher grid resolution of TOPKAPI-ETH with respect to MODIS images (500m),
and the fact that steep mountain slopes are never completely snow covered due to the
effect of wind and gravity (Section 3.5.3). Minimum summer snow cover simulated
by TOPKAPI-ETH agrees very well with observed MODIS snowcover (Table 3.6).
WEAP, on the other hand, tends to underestimate summer snowcover (January to
March values in Figure 3.5). Both models agree well with observed snowcover from
October to December, which is the main melting period in the southern hemisphere.
Simulated snowcover from short-term events like summer storms (January to March)
and the onset of winter (April to June) shows generally less agreement with MODIS
(Figure 3.5). However, the temporal resolution of 8-day maximum snowcover might
not be sufficient to detect precisely such events.
Given that MODIS snowcover was not used for parameter calibration in TOPKAPIETH, our case study demonstrates that local information can be efficiently used
for calibration of the cryospheric components of a distributed, physically-oriented
model.
Both models deliver high efficiencies with regard to simulated daily runoff in the
calibration period (Table 3.6 and Figure 3.4). TOPKAPI-ETH hourly simulated
streamflow was averaged to daily values to compare it with available observations
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Runoff [m3 s−1]

and WEAP daily runoff outputs. In both hydrological years used for calibration,
observed runoff reaches its maxima by the end of December/beginning of January
and then decreases until base flow conditions are reached at the beginning of April
(Figure 3.4). The peak in simulated discharge in mid-February 2006 is due to a
summer storm which was recorded at the meteorological station in Riecillos. This
peak is not observed in the measurements at the Juncal River Basin outlet and
MODIS data do not exhibit any increase in snow cover, suggesting that the storm
was likely less strong in the Juncal area than in Riecillos. The main peak in runoff
observed in January 2007 is not due to a storm event but to a combination of high
temperatures, snowmelt and probably saturated soils. Such particular conditions are
slightly better reproduced by the distributed model, whose maximum daily runoff in
2007 is closer to the measured than WEAP’s (measured: 36.8 m3 s−1 , TOPKAPIETH: 23.9 m3 s−1 , WEAP: 18.7 m3 s−1 ) Figure 3.4).
TOPKAPI, NSE=0.90
WEAP, NSE=0.87
observed

30
20
10

0
01 Apr 05

01 Oct 05

01 Apr 06

01 Oct 06

Figure 3.4: Observed and simulated daily streamflow, Juncal River Basin, calibration period
(01/04/2005-31/03/2007). TOPKAPI-ETH hourly outputs are averaged to mean daily values.
NSE is the Nash and Sutcliffe efficiency.
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Figure 3.5: MODIS observed snow cover (SC) and snow cover simulated by TOPKAPI-ETH
(a) and WEAP (b), Juncal River Basin, calibration period (01/04/2005-31/03/2007). r2 is the
coefficient of determination between observed and simulated snow cover.
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Table 3.6: TOPKAPI-ETH (T) and WEAP (W) model efficiencies for the calibration (01/04/200531/03/2007) and validation (01/04/2007-31/03/2010) periods
Calibration period
T
W
Runoff
NSE
0.90
∆Q
0.19m3 s−1
MODIS snow cover
r2
0.79
rmse
13.59%
∆Max
-17.10%
∆Min
-0.60%

Validation period
T(1)
W(1)

T(2)

W(2)

T(3)

0.87
0.52
0.17
0.69
0.77
0.88
0.47m3 s−1 0.82m3 s−1 0.43m3 s−1 0.63m3 s−1 0.19m3 s−1 -0.44m3 s−1
0.77
14.37%
0.00%
-5.80%

0.76
16.92%
-17.10%
1.40%

0.75
17.50%
0.00%
-2.90%

0.76
16.98%
-17.10%
0.90%

0.75
17.50%
0.00%
-4.50%

0.70
18.30%
-17.10%
2.80%

Lapse rate configurations of validation steps (1), (2) and (3) are described in Table 3.4. NSE is the Nash
and Sutcliffe efficiency, ∆Q indicate the mean difference between observed and modeled streamflow, r2 is the
coefficient of determination, RMSE the root mean square error and ∆Max and ∆Min indicate the difference
between MODIS maximum snowcover and maximum simulated snowcover, and between minimum MODIS
snowcover and minimum simulated snowcover calculated over the entire simulation period.

3.4.2

Model validation

Results for the validation period are shown in Figures 3.6 and 3.7. First, constant
precipitation gradients and temperature lapse rates over the validation period are
applied. Table 3.6 shows that the goodness-of-fit for simulations of both runoff
and snowcover decreases considerably, especially for WEAP, with respect to the
calibration period (NSE decreases to 0.52 in the case of TOPKAPI-ETH and 0.17
in the case of WEAP). WEAP overestimates runoff in the summer 2008/2009 and
underestimates it in 2009/2010 (Figure 3.6). TOPKAPI-ETH also overestimates
runoff in the summer 2008/2009 and overestimates the daily runoff variability during
2009/2010 (Figure 3.6). No runoff measurements exist for the period November 2007
to April 2008.
To assess the effect of possible error sources on model performance we analyze
the influence of different temperature and precipitation lapse rates. We run the
models with the mean precipitation and temperature lapse rates (Figure 3.3), and
with the mean lapse rates plus/minus one standard deviation of the observed lapse
rates (upper and lower bounds in Figure 3.3) over the course of the six years (April
2004–March 2010). Variable precipitation gradients have a strong effect on simulated
runoff: WEAP runoff varies by nearly ±30% with respect to the reference model
run with mean gradients, whereas TOPKAPI-ETH runoff varies by more than ±20%
(Table 3.7). Mean snowcover differs by 4-5% from the reference run if upper/lower
bounds are applied (Table 3.7). The effect of the variability in temperature lapse
rates on runoff and snowcover is comparably small: the changes in runoff for both
models stay below ±5% (Table 3.7), with TOPKAPI-ETH showing a relatively
larger response to changes in the temperature lapse rate. The effect on simulated
snowcover extent of the given uncertainty in temperature lapse rates is about ±1.5%
for both models.
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WEAP, constant LR, NSE=0.17
WEAP, yearly LR, NSE=0.77
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TOPKAPI, constant LR, NSE=0.52
TOPKAPI, yearly LR, NSE=0.69
TOPKAPI, local LR, NSE=0.88
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Figure 3.6: Observed runoff (black line) and runoff simulated by the two models in the validation
period with meteorological lapse rates (LR) of increasing temporal resolution: constant precipitation & temperature lapse rates (constant LR), annually varying precipitation & temperature lapse
rates (yearly LR), local information about temperature lapse rates from Juncal Norte Glacier
2008/2009 (local LR). The lapse rate configurations 1-3 are described in Table 3.4. TOPKAPIETH hourly outputs are averaged to mean daily values. NSE is the Nash and Sutcliffe efficiency.
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Figure 3.7: MODIS observed snow cover (SC) and snow cover simulated by TOPKAPI-ETH (a)
and WEAP (b), Juncal River Basin, validation period (01/04/2007-31/03/2010), LR configuration
1 (Table 3.4). r2 is the coefficient of determination between observed and simulated snow cover.
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Table 3.7: Mean runoff and snowcover (SC) for TOPKAPI-ETH and WEAP when run with the
mean gradients (configuration 1 of Table 3.4) and difference (%) when the models are run with
precipitation and temperature lapse rates corresponding to the upper and lower bounds of the
observed annual lapse rates (Figure 3.3)
TOPKAPI-ETH
Average
Difference (in %)
3 −1
Average gradient Q 6.38m s
SC 0.5261
Uncertainty in precipitation gradients
Lower bound
Q 5.08m3 s−1 -1.31m3 s−1 (-20.46%)
SC 0.5011
-0.0250 (-4.76%)
Upper bound
Q 7.79m3 s−1 1.41m3 s−1 (22.10%)
SC 0.5487
0.0226 (4.29%)
Uncertainty in temperature lapse rates
Lower bound
Q 6.70m3 s−1 0.31m3 s−1 (4.92%)
SC 0.5185
-0.0076 (-1.44%)
Upper bound
Q 6.11m3 s−1 -0.27m3 s−1 (-4.29%)
SC 0.5332
0.0071 (1.35%)

WEAP
Average
Difference (in %)
3 −1
5.88m s
0.5895
4.17m3 s−1
0.5637
7.65m3 s−1
0.6140

-1.72m3 s−1 (-29.17%)
-0.0258 (-4.38%)
1.76m3 s−1 (29.97%)
0.0245 (4.16%)

5.97m3 s−1
0.5805
5.80m3 s−1
0.5980

0.08m3 s−1 (1.43%)
-0.0089 (-1.51%)
-0.08m3 s−1 (-1.34%)
0.0086 (1.46%)

Both models achieve higher goodness-of-fit for runoff if annual lapse rates are
applied (TOPKAPI-ETH: N SE = 0.69, WEAP: N SE = 0.77; Table 3.6). The two
hydrological years 2007/2008 and 2009/2010 exhibited higher than average precipitation gradients, while 2008/2009 was characterized by an extremely low precipitation increase with elevation (Figure 3.3). Accordingly, simulated runoff increases
with respect to the validation step 1 for 2007/2008 and 2009/2010, and decreases
for 2008/2009. While better estimates of precipitation gradients lead to an increase
of model efficiency with respect to runoff, model agreement with MODIS SC is
practically unaffected.
For TOPKAPI-ETH, model performance increases further by using temperature
lapse rates calculated on the basis of local air temperature measurements (validation
step 3 in Table 3.4) with NSE values as high as 0.88 (Table 3.6 and Figure 3.6). On
the other hand, the agreement with MODIS SC decreases slightly with respect to
the previous validation step: r2 decreases from 0.76 to 0.70 and the annual minimum
snowcover is overestimated by 2.8% of the catchment area (Table 3.6). This is a
small value, but it might indicate that the locally observed air temperature lapse
rates might be representative of conditions at high elevations and over glacierized
parts of the basin, but less of the temperature distribution at low elevations.
For WEAP, results of the third validation step are not shown because the model
could not make efficient use of this dataset. The structure of WEAP does not allow
taking into account the cooling effect of cold surfaces of snow or ice. For this reason,
the coefficient of determination of temperatures extrapolated to the Juncal Norte
Glacier on the basis of daily data from Portillo is very low (r2 = 0.25, Figure 3.2).
See also Section 3.5.2 for a discussion of this point.
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Sensitivity to a temperature increase

Figure 3.8 shows differences in runoff and total melt simulated by both models,
considering the projections for future air-temperature changes. Five points for each
season represent the relative changes calculated for five years simulation time (from
01/04/2005 to 31/03/2010).
The two-dimensional projection by NMDS results in a clustering of points representing April-June and July-September model response, while October-December
and January-March results are more scattered. Proximity of points in the NMDS
graphs indicates similarity in model reaction (axes are dimensionless); therefore Figure 3.8 indicates that the catchment summer response to a warmer climate varies
from year to year, depending on the snow conditions. Smooth response surfaces are
fitted over the limits of the NMDS graphs and provide ranges of simulated model
reactions. In each sub-plot, point sizes are proportional to the absolute value of the
variable being represented. As the location of points representing modeling results
of three-month periods is identical in each subplot, model reaction can be directly
compared among models and variables. Triangles indicate positive relative changes,
inverted triangles negative relative changes.
Differences between the two models are considerable, as the models show opposite
trends in late-summer (Jan-March) simulated flows: while TOPKAPI-ETH predicts
a general increase of late-summer runoff with respect to the present, WEAP predicts
a strong decrease for most of the years (Figure 3.8a). These differences can be
explained by the differences in simulated total melt (Figure 3.8b). Melt onset in
WEAP is shifted to an earlier period, with less total melt sometimes already in
early summer (Oct-Dec). In contrast to this, total melt in TOPKAPI-ETH increases
almost throughout the year and especially for late summer (Figure 3.8b). The
increase in WEAP total melt for the July-September period leads to an increase
especially in October to December simulated flows.

3.5
3.5.1

Discussion
Model performance

Considering the variability in precipitation gradients and temperature lapse rates
together with the resulting variations in model outputs (Table 3.7), it is not surprising that model efficiencies with respect to runoff improve if annual lapse rates are
applied (Table 3.6). The occurrence of ENSO phenomena might cause the strong
inter-annual variability of precipitation distribution: the year 2008 - for which the
shallowest precipitation gradients were observed (Figure 3.3) - is in fact a strong la
Niña year according to the MEI (Section 3.2.2). The year 2007 - for which we have
calculated the steepest lapse rates - is the year with the most positive MEI values
during the study period. Our results confirm that this variability should be taken
into account independently from the type of model.
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On the other hand, Table 3.6 shows that model efficiencies with respect to MODIS
snowcover change only little for different lapse rates and simulation periods. It is
important to stress that snow accumulation and ablation occur for the most part
during distinct, non-overlapping seasons: summers are dry and characterized by
a gradual decrease in snow cover (Oct-Dec values in Figures 3.5 and 3.7), while
short winter precipitation events lead to complete basin snow coverage within a
very short period of time (Apr-Jun values in Figures 3.7 and 3.5). Under the present
climate, precipitation gradients are the firstmost control on snow accumulation at
the mesoscale. Overall goodness-of-fit with respect to SC (Table 3.6) will therefore
always be more affected by the much longer period of snow cover decrease, and are
not very sensitive to the variability in precipitation gradients (Table 3.7).
As a consequence, model calibration in WEAP with MODIS binary product is
likely affected by snow melt, rather than snow accumulation processes. Accordingly,
WEAP often overestimates SC after summer and autumn storm events during calibration (SC 0.9 or higher in Figure 3.5b, while MODIS SC is lower than 0.6),
while the decrease in SC is reproduced well (Figure 3.5b). On the other hand, the
small changes in SC goodness-of-fit measures for different simulation periods (Table
3.6) demonstrates that for both WEAP and TOPKAPI-ETH it is suitable to use
constant melt parameters over time. Melt parameter stability is likely favored by
the stable meteorological conditions that are typical of the ablation seasons in the
Central Andes of Chile (Ragettli and Pellicciotti , 2012).
3.5.2

Value of local information

Table 3.6 shows that TOPKAPI-ETH performance with respect to observed runoff
increases if increasingly better data are available for parameter estimation (such as
the higher temporal and spatial resolution data sets for the lapse rate configurations,
Table 3.4). The results of the validation steps indicate that up to some degree, the
accuracy of model output can be directly related to the accuracy in model input
also outside the calibration period. The same is true for WEAP, except that the
semi-distributed spatial representation by elevation bands does not allow taking
into account different temperature distributions for different surface types. As such,
WEAP is limited in its capacities to incorporate local information about atmospheresurface interactions in order to enhance model performance and cannot make efficient
use of the locally collected observations.
3.5.3

Process representation

Both models are able to simulate runoff adequately for the present climate (Table
3.6), but predict a very different response to a climate change scenario (Figure 3.8).
In order to explain this difference, we first look at the water balance calculated by
each model with annual meteorological lapse rates, which lead to an adequate fit
with respect to measured runoff for both models (Table 3.6). Mean annual values of
the water balance components are shown in Table 3.8 for the calibration and valida-
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Table 3.8: Mean annual values of the components of the water balance for the period April 2005 March 2010, using annual individual gradients for model simulations
TOPKAPI-ETH
WEAP
Total inputs
Precipitation, solid
Precipitation, liquid
Glacier ice-melt
Residuals
Snow remnants
Soil water volume
Losses
Evapotranspiration
Outflow

1081.7 (1428.4 / 1049.9)
119.6 (125.7 /115.5)
180.8 (145.8 / 204.2)

1125.8 (1370.2 / 962.8)
67.3 (48.8/79.6)
-

129.3 (183.4 / 93.4)
-47.3 (-19.2 / -66.0)

31.2 (56.3 / 14.4 )
-6.7 (8.6 / -17.0)

-413.9 (411.5 / 415.5)
-883.7 (995.9 / 809.2)

-304.2 (332.9 / 285.0)
-864.5 (1021.2/760.0)

In brackets are the mean annual values for the calibration/validation periods, respectively. Values are
expressed in millimeter water equivalents per year.

tion periods, as well as for both periods combined. The most important difference
concerns the input of glacier melt, which is a model component not considered by
WEAP. Glacier contribution to streamflow estimated by TOPKAPI-ETH is on average 20% over the entire year (Table 3.8) and is larger than the glacierized watershed
fraction (14%). The lower melt in WEAP is compensated by lower evapotranspiration and less annual net snow accumulation (snow remnant), which in turn leads
to similar results regarding mean annual basin outflow (runoff). Mean annual snow
remnants calculated for the entire period are higher in TOPKAPI-ETH than in
WEAP, but still smaller than the glacier ice-melt input, which indicates negative
glacier mass balance. This is in agreement with recent observations of glacier retreat
in the area by Bown et al. (2008). Our results indicate that even for a modest percentage of glacierization, predicting hydrologic responses to climate change requires
that glacier hydrology be taken into account, despite the uncertainty that might
affect the associated parameters in empirical models.
Total inputs in form of snowfall and rain are about the same for TOPKAPI-ETH
and WEAP, although the partitioning differs slightly: in WEAP, the liquid precipitation input is slightly smaller than in TOPKAPI-ETH, especially during the
calibration period, which supports our conclusions that WEAP might overestimate
late-summer and autumn snow accumulation as discussed in Section 3.5.1. Total precipitation inputs are more than 30% higher for the calibration than for the validation
period (Table 3.8). The differences in total precipitation between the two periods
allow an analysis of the ability of the models to adapt to different snow situations.
The simplifying assumption made in WEAP of ignoring glacier processes becomes
less valid, as meltwater inputs from glaciers increase when they are less covered by
snow. Accordingly, glacier contribution simulated by TOPKAPI-ETH increases by
about 40% with respect to the calibration period (Table 3.8). Underestimation of
simulated late-summer flows by WEAP can be observed especially for 2009/2010
(Figure 3.6), which was a very dry year at high elevations (Figure 3.6). For the year
2008/2009, characterized by lower than usual precipitation at high elevations (Fig-
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Figure 3.9: TOPKAPI-ETH and WEAP correlation biplot of the principle component analyis
(PCA): double projection of point-objects (3-month periods) and descriptor axes (variables) on
a reduced space. The cosine of an angle between two descriptor-axes represents the correlation
between the two variables. Orthogonal projection of point-objects on descriptor axis indicates
the relative position of 3-month periods along variables. The variables which are considered are:
precipitation in liquid form (rain), precipitation in solid form (snow), basin wide average snow
depth (SnowH), snowmelt for different elevation zones (<3000 m asl: Melt2000, 3000-4000 m
asl: Melt3000, 4000-5000m asl: Melt4000, >5000m asl: Melt5000), basin wide average soil water
content (SoilMoisture) and actual evapotranspiration (ETA). Values are average of the simulations
over five years (01/04/2005-31/03/2010) with LR configuration 2 (described in Table 3.4).

ure 3.3), and where glacier contribution to total streamflow was important (Ragettli
and Pellicciotti, 2012), WEAP does not underestimate late-summer runoff (Figure
3.6). However, since maximum runoff is overestimated earlier the same year, it is
likely that WEAP overestimates total snow meltwater inputs, thus compensating
for the missing glacier contribution.
The PCA-Biplots in Figure 3.9 provide more insights about the differences in
process representation reported in Table 3.8. Arrows characterize descriptor axes
for each variable considered, and points represent model results for three-month
periods. Because of the strong seasonality to which almost all hydrological processes
in the Central Andes of Chile are subject, the PCA-plots can be read in a clockwise
sense, where one complete turn represent the full sequence of dominant processes
within one hydrological year.
For TOPKAPI-ETH, the beginning of the hydrological year is characterized by
precipitation both in form of snow and rain (Apr-Jun) (Figure 3.9a). Late winter
(Jul-Sept) is still marked by heavy snowfall, while October to December correlates
with snowmelt at lower elevations. Late summer (Jan-March) is characterized by
snowmelt at high elevations and icemelt (Figure 3.9a). This sequence is about
the same in the case of WEAP, with the difference that the melting season starts
earlier - already between July and September (Figure 3.9b). Accordingly, October
to December flows correlate more with snowmelt between 4000 and 5000 m asl. A
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Figure 3.10: Seasonal soil storage changes in WEAP and TOPKAPI-ETH. Negative storage change
indicates a decrease of soil water volume, positive storage changes an input to soil water storage.
Values represent the mean net storage change over 3-month periods, averaged from the simulations
over five years (01/04/2005-31/03/2010) with LR configuration 2 (described in Table 3.4).

clear difference between models concerns the soil moisture vector which is pointing
more towards late summer in WEAP and towards spring-summer in TOPKAPIETH. This indicates that meltwater is stored in the soil for longer in the season
in WEAP. However, soil moisture reaching its maxima in early summer is more
realistic, considering that the main snowmelt season in the parts of the valley were
soils are located (below 4000 m asl) is October to December. The overestimation of
baseflow in winter by WEAP (Figures 3.4 and 3.6) is another indication that soil
storage capacities are overestimated. Figure 3.10 confirms that annual changes in
soil water storage in WEAP are more important than in TOPKAPI-ETH. The net
change in soil moisture storage during the main melting season (Oct-Dec) is more
than 100mm higher in WEAP, which is 60% of the mean annual glacier ice-melt
simulated by TOPKAPI-ETH (Table 3.8).
Figure 3.11 depicts the temporal and spatial distribution of snowmelt and snow
remnants within the Juncal River Basin and supports the findings about the earlier
melt-onset in WEAP with respect to TOPKAPI-ETH. The main period of snowmelt
is October to December, when according to both models the largest fraction of
snow is melted (Figure 3.11a). Above 4000 m asl a considerable fraction of snow
melts from January to March. Below 3000 m asl, according to TOPKAPI-ETH
most of the snow melts between July and September. This sequence is visibly
shifted in the case of WEAP, with more snow being melted earlier in the season
in each elevation band, and less net snow accumulation at the end of the season
(Figure 3.11b). The earlier melt onset simulated by WEAP compensates for the
overestimation of precipitation in the form of snow (Section 3.5.1, Table 3.6): a
deeper snowpack means that more snow needs to be melted before snowcover can
begin to decrease, in order to match the MODIS snowcover. Because the inputs to
the hydrological system are overestimated, overestimation of soil storage capacity in
the second calibration step occurs, in order to hold the water in the soil for a longer
period before it is routed to the outlet. This is a classical equifinality problem,
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of simulations over 5 years (01/04/2005-31/03/2010) with LR configuration 2 (described in Table
3.4).

where errors in components of the the basin hydrology compensate each others and
as a result more than one combination of parameters provides a good agreement
with runoff (e.g. Beven, 2001, 2002). This might not be relevant for the present
climate, but has important consequences when simulating future warmer conditions.
It explains why runoff simulated by WEAP for the climate scenario for the period
October to December increases with respect to the present climate, while total melt
computed for the same period often decreases (Figure 3.8).
Snow accumulation
In order to explain the differences in net snow accumulation between the two models
(Table 3.8, Figure 3.11), we computed the distribution of March snow remnants in
space (Figure 3.12a) and averaged it over elevation bands. Differences in net snow
accumulation between models occur between 3500 and 4500 m asl (Figure 3.12a).
Above 4500 m asl both models show net snow accumulation. According to Carrasco
et al. (2005), the equilibrium line altitude (which corresponds to the altitude where
the annually-integrated mass balance is zero) at 33◦ South in the Central Andes of
Chile is approximately at 4200 m asl. The ELA rises from the west to the east in the
Central Andes (Lliboutry, 1998). Therefore, using the ELA as a possible indication
of the transient snowline, the end-of-summer snowline at 4500 m asl simulated by
WEAP seems plausible. However, the more irregular line of TOPKAPI-ETH in
Figure 3.12a reflects better the topographically-driven snow variability within the
basin. Snow remnants at high elevations depend on topographical features such as
aspect and shading and on snow accumulation due to avalanches, which cannot be
represented in WEAP because of its spatial structure and lack of a snow redistribution routine. The end-of-summer snow cover distribution between 3000 and 4500
m asl simulated by TOPKAPI-ETH agrees very well with MODIS observed end-ofsummer snow cover (Figure 3.12b) and confirms that topographically induced snow
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Figure 3.12: End-of-summer snow accumulation and snow cover per elevation band: a) mean
annual net snow accumulation simulated by TOPKAPI-ETH and WEAP per 100m-elevation band,
b) comparison of simulated (TOPKAPI-ETH and WEAP) and observed (MODIS and Landsat5)
fraction of snow covered area of each 100m elevation band. Values in both panels are mean
values averaged over 5 years (01/04/2005-31/03/2010) and obtained with the LR configuration 2
(described in Table 3.4). The TOPKAPI-ETH, WEAP and MODIS values are the average of 8-day
maximum snow cover of all MOD10A2 8-day periods in March with less than 20% snow cover.
The Landsat line and error bars show the mean, maximum and minimum snow cover conditions
obtained from 4 end-of-summer Landsat images (from 9 Apr 2006, 11 Mar 2007, 3 Mar 2008, 16
Mar 2009).

redistribution plays an important role in the area: a semi-distributed model cannot
reproduce the scattered snow cover distribution in regions of complex terrain, and
as a consequence the simulated WEAP snowcover is unrealistically associated to a
given elevation threshold (Figure 3.12b).
Above 5000 m asl, TOPKAPI-ETH simulated end-of-summer snow cover is lower
than the MODIS one. To assess how realistic this representation of snow cover is,
we compare the results with the snow cover fraction obtained from end-of-summer
snow cover data derived from Landsat 5 (Section 3.2.3). Figure 3.12b shows that
TOPKAPI-ETH results and Landsat data agree well at high altitudes, which confirms that the MODIS spatial resolution (500m) does not fully reflect the complex
snow patterns in regions of very steep topography. Between 3000 and 4000 m asl
TOPKAPI-ETH simulated snow cover agree well with both Landsat and MODIS
end-of-summer remnants. Between 4000 and 5000 m asl Landsat data indicate less
snow cover than TOPKAPI-ETH and MODIS. This altitudinal range is characterized by very steep slopes (Figure 3.13), and it might be possible that also the
TOPKAPI-ETH 100m resolution is not sufficient to reproduce snow patterns more
accurately. However, agreement is again very good above 5000m, indicating that
the reduced snow cover at very high elevation simulated by TOPKAPI-ETH (Figure
3.12a) is true, and reflects the movement of snow from the high, steep upper reaches
to the lower ones.
Since WEAP cannot reproduce the aggregated distribution of snow at high elevations (Figure 3.12b), this affects the calibration of melt parameters against MODIS
data, and might explain why WEAP underestimates summer snow cover. Fig-
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Figure 3.13: Mean agreement of WEAP simulated with MODIS observed snowcover during the
main melting season (Oct-Dec). Both the MODIS snowcover 500m grid maps and the WEAP
100m elevation band snowcover maps are resampled according to the TOPKAPI-ETH 100m grid,
and the agreement is calculated separately for steep (β >= 90% inclination) and non-steep cells
(β < 90% inclination). The secondary axis shows the fraction of the total area represented by
each elevation band and the fraction of area of each elevation band with steep cells. Snowcover is
obtained as mean value of simulations over 5 years (01/04/2005-31/03/2010) with LR configuration
2 (described in Table 3.4).

ure 3.13 provides evidence about the effect of the missing topographical control on
the calibrated WEAP snow cover: during the main melting season (Oct-Dec, Figure
3.11), the agreement of simulated with observed snow cover is on average up to 10%
lower for regions with steep slopes between 3000 and 4000 m asl. The altitudinal
range between 3000 and 4000 m asl represents more than 50% of the total area of
the watershed, and 15% of this elevation zone has an inclination greater than or
equal to 90% (Figure 3.13). 83% of the snow from this altitudinal range is melted
between October and December, according to WEAP simulations (Figure 3.11). A
semi-distributed model which does not redistribute snow from steep slopes regards
the absence of snow as snow that has been melted, and not as snow that has been
redistributed. This leads to enhanced simulated snowmelt over a given elevation
band in order to maximize the agreement between simulated and observed snow
cover also for regions with steep slopes. As a consequence, the combined effect of
slopes, aspect and shading on the aggregated distribution of snow partially reflected
by the MODIS images but not considered by WEAP, leads to the underestimation
of simulated minimum summer snowcover by 3 to 6% by WEAP (reported in Table
3.6 and Figure 3.5) and an underestimation of simulated snow remnants (Figure
3.12). This overestimation of melt at high elevations by WEAP explains in part
why the model is able to reproduce late-summer streamflow without considering the
contribution of glaciers, at least in wet years such as 2005/2006, even when error
compensation is minimized by calibrating melt parameters against observations of
snow cover and not against runoff. The difference in simulated snow remnants between the two models is equal to 90% of total simulated TOPKAPI-ETH glacier
melt during the calibration period (Table 3.8).
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Model response to climate warming

Simulations under a temperature increase scenario have offered the chance to evaluate fully the potential and limitation of a modeling approach such as the one adopted
in WEAP that does not include glaciers explicitly. Differences in process representation between the two models are evident already for present simulations (Section
3.5.3), but not fully visible in the runoff simulated for the present climate thanks
to error compensation. They become evident, however, and of great significance,
in a warmer climate, for which the two models response diverge, with a significant
decrease of snowmelt at the end of the melting season and strong decrease of late
summer runoff for WEAP and an increase of runoff for TOPKAPI-ETH (Figure
3.8). It is obvious that the simulations of TOPKAPI-ETH in this case are more
reliable than those of WEAP. These results show that internal consistency is crucial
for model transferability, i.e. when models are applied for conditions that differ from
those for which they have been calibrated, and suggest that rigorous tests of internal
consistency should always be carried out in any evaluation of model performance
(Schaefli and Huss, 2011).

3.6

Conclusions

The work presented here contributes to strengthening the concept that modeling strategies based on considerations of data availability, level of knowledge of
hydrological processes and perceived effort required for model construction affect
predictions in ways relevant for decision making in water resources and must be
taken into account carefully in modeling studies. This effect is demonstrated for a
high-elevation basin in the extratropical Andes of central Chile by comparing the
hydrologic response of a physically-based, distributed and research-oriented model
(TOPKAPI-ETH) and a semi-distributed conceptual model widely used in climate
change hydrologic impact assessments (WEAP) under a hypothetical warmer climate. This research is not an exhaustive model intercomparison exercise, but an
investigation into modeling strategies appropriate for the estimation of hydrologic
impacts of climate change in poorly monitored regions.
Hydrologic predictions at temporal scales relevant for water resource management (trimestral river flows) differ significantly between models, although model
skill against daily streamflow for calibration and validation is similar and quite
high. The largest differences occur for late summer (Jan-Mar) flows, i.e. during
the most critical time of the year for agriculture and domestic demands, and can
be traced back to differences in the representation of the chain of storage compartments in the basin, namely the seasonal snowpack, a moderate glacier cover and
subsurface storage. Daily streamflow values and 8-day snow cover MODIS data are
used for model calibration and validation. Although both models reproduce these
observations adequately, the simplified structure adopted in WEAP (elevation band
spatial discretization and lack of glacier component) can lead to unexpected error
compensation through the calibration process: melt begins early in WEAP but soil
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water storage variations are higher than in TOPKAPI-ETH, which buffers the earlier
melt onset on the runoff simulations. Likewise, WEAP underestimates systematically late-summer snow remnants throughout the basin despite being calibrated
against MODIS imagery; this can be explained by this model’s lack of representation of topographically driven snow redistribution during the accumulation season.
Accounting for topographically induced snow transport modifies the seasonal distribution of modeled snowmelt amounts (Warscher et al., 2013), which allows models
to reproduce correctly internal processes leading to runoff generation. By showing that MODIS snow cover cannot be used to calibrate a semi-distributed model
based on elevation bands in rough mountainous terrain in the Andes, we point to an
important finding, as MODIS snow cover is frequently used for hydrological model
calibration or validation (e.g. Parajka and Blöschl , 2008; Franz and Karsten, 2013).
Together with snow redistribution, we show that interannual variability in the
spatial distribution of snowfall is a major driver of model performance. Altitudinal
precipitation gradients inferred from raingages and snow pillow data show important year-to-year variation, and both models perform poorly in the validation period
when forced with constant gradients averaged over several years of record. Along the
entire Andes Cordillera, ENSO plays an important role in modulating precipitation
volumes, and might also play a role in determining patterns of spatial variability. Further research is needed to quantify this influence and to develop diagnostic
models that help predict not only the volume, but also the spatial distribution of
seasonal precipitation. Detailed information on other meteorological forcings such
as temperature lapse rates, which where obtained through short-term, especially
designed field experiments, were successfully incorporated into the physically-based
distributed model. This in turn enhances the representation of all relevant processes
and minimizes the risk of error compensation, with its undesirable impacts on model
reliability.
In summary, our work highlights the challenges and possible strategies for dealing with hydrologic predictions in sparsely monitored mountain watersheds, underscoring those sources of information most relevant for enhancing the reliability
of estimates under future climate. One of the most encouraging features of our
work is the evidence that carefully planned short-term data acquisition field experiments can successfully complement long-term historical records when ingested into
a physically-based distributed model. Other model intercomparison studies have
argued that the added complexity associated with these models does not offset the
gains in model performance compared to simpler models (e.g. Refsgaard and Knudsen, 1996) or that there is no clear link between model complexity and performance
(e.g. Essery et al., 2013). However, when tested under climatic conditions different from those prevalent at the time of calibration, our results highlight the need
for deeper knowledge about the dominant processes in high elevation basins in this
region and their most appropriate model representation. Future work should include analog-climate modeling studies in which models are tested in paired basins
for which climate differences are significant.
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Chapter 4

Unraveling the hydrology of a
Himalayan catchment through
integration of high resolution in
situ data and remote sensing with
an advanced simulation model
Abstract
*The hydrology of high-elevation watersheds of the Hindu Kush-Himalaya region
(HKH) is poorly known. The correct representation of internal states and process
dynamics in glacio-hydrological models can often not be verified due to missing in
situ measurements. We use a new set of detailed ground data from the upper Langtang valley in Nepal to systematically guide a state-of-the art glacio-hydrological
model through a parameter assigning process with the aim to understand the hydrology of the catchment and contribution of snow and ice processes to runoff. 14
parameters are directly calculated on the basis of local data, and 13 parameters
are calibrated against 5 different datasets of in situ or remote sensing data. Spatial fields of debris thickness are reconstructed through a novel approach that employs data from an Unmanned Aerial Vehicle (UAV), energy balance modeling and
statistical techniques. The model is validated against measured catchment runoff
(Nash–Sutcliffe efficiency 0.87) and modeled snow cover is compared to Landsat
snow cover. The advanced representation of processes allowed assessing the role
played by avalanching for runoff for the first time for a Himalayan catchment (5% of
annual water inputs to the hydrological system are due to snow redistribution) and
to quantify the hydrological significance of sub-debris ice melt (9% of annual water inputs). Snowmelt is the most important contributor to total runoff during the
hydrological year 2012/2013 (representing 40% of all sources), followed by rainfall
(34%) and ice melt (26%). A sensitivity analysis is used to assess the efficiency of
the monitoring network and identify the timing and location of field measurements
that constrain model uncertainty. The methodology to set up a glacio-hydrological
59
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model in high-elevation regions presented in this study can be regarded as a benchmark for modelers in the HKH seeking to evaluate their calibration approach, their
experimental setup and thus to reduce the predictive model uncertainty.
*Ragettli, S. F. Pellicciotti, W.W. Immerzeel, E.S. Miles, L. Petersen, M. Heynen, J.M. Shea, D. Stumm, S. Joshi, and A.B. Shrestha (2015). Unraveling the
hydrology of a Himalayan catchment through integration of high resolution in situ
data and remote sensing with an advanced simulation model, Advances in Water
Resources, http: // dx. doi. org/ 10. 1016/ j. advwatres. 2015. 01. 013 .

4.1. INTRODUCTION
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Introduction

The Hindu Kush-Himalaya region (HKH) holds the largest volume of ice outside the
polar regions and thus stores important freshwater resources (Huss and Farinotti , 2012).
Climate change is expected to have significant consequences on snowmelt and glacier
runoff across the region (e.g. Immerzeel et al., 2013; Lutz et al., 2014). Understanding the present hydrological regimes and climatological and glaciological processes
of high-elevation catchments is thus vital. This requires better insights into the
present composition of runoff and interactions between climate, glaciers, snow and
soil.
Our knowledge of high-altitude snow/ice and its response to climate is still incomplete (Cogley, 2012; Bolch et al., 2012). In the Himalayas, fieldwork is difficult due
to the remoteness of glaciers as well as logistical, financial and political obstacles.
For this reason, in recent years the focus has been on remote sensing approaches used
to reconstruct snow cover, frontal and areal changes of glaciers and ice volumetric
changes (e.g. Kääb et al., 2012; Gardelle et al., 2013; Shangguan et al., 2014). However, in the light of possible changes in the snow- and glacier-energy balance due to
climatic changes, there is a strong call for more in situ measurements across the Himalayas and models that integrate those data in space and time (Bolch et al., 2012;
Cogley, 2012; Rohrer et al., 2013). Local processes and effects that are difficult to
study using remotely sensed data could explain regional differences and temporal
changes in glacier mass balance across the region, such as the glacier expansion in
the central Karakorum known as the ’Karakorum anomaly’ (Hewitt, 2005). Recent
studies on the spatial variability of glacier extension and mass balance across the
HKH point at the importance of varying monsoon and westerly winds influence on
the local climate (Yao et al., 2012; Kääb et al., 2012), but also of gravitational
redistribution of snow, glacier flow dynamics and the interplay between glacier surface characteristics such as debris cover and albedo, topography and energy fluxes
reaching the glacier surface (Hewitt, 2011).
Glacio-hydrological models are indispensable tools to study these effects and to
understand the characteristics of a catchment and its response to climate. They
are however subject to a number of factors that complicate their applicability in
high elevation regions: i) the lack of representative data to force the models (Pellicciotti et al., 2014b; Huss et al., 2014), ii) simplifications in model structure due
to insufficient process understanding and the scarcity of detailed information about
glacio-hydrological processes (Huss et al., 2014) and iii) parametric uncertainty due
to insufficient quality or paucity of data for model calibration and validation (e.g.
Ragettli et al., 2013). A growing number of studies have assessed the relation between snow- and/or glacier changes and runoff production at the catchment scale
in the HKH using models (e.g. in the Central Himalaya: Konz et al. (2007, 2010);
Immerzeel et al. (2012a, 2013); Nepal et al. (2013); Prasch et al. (2013), or in the
Karakorum: Bocchiola et al. (2011); Pellicciotti et al. (2012); Ragettli et al. (2013)).
However, the applied models were calibrated using a maximum of two response vari-

62

CHAPTER 4 - THE HYDROLOGY OF A HIMALAYAN CATCHMENT

ables (usually runoff and/or remotely sensed snow cover). Many studies have not
included observations about the cryosphere other than initial glacier outlines (e.g.
Prasch et al., 2013; Nepal et al., 2013; Ragettli et al., 2013). The use of only
one or two response variables increases the risk that many combinations of parameters yield the same result, which leads to a large degree of predictive uncertainty
(Beven, 2000). Also, most previous modeling studies do not use meteorological
data from stations above 4000 m asl - where most glaciers are. Finally, data scarcity
is also the reason why the effect of variable debris thickness on glacier melt is rarely
considered and why there is no previous modeling study in the HKH region which
reproduces observed avalanche patterns.
The present study has two main goals. First, to provide high resolution (temporally and spatially) simulations of the full water balance of a high-elevation catchment in the HKH to improve our understanding of the role of cryospheric processes
for streamflow generation. These simulations i) incorporate high elevation data
as model inputs, ii) make use of state-of-the art algorithms to model the relevant
processes, and iii) use local data to constrain parametric uncertainty and limit equifinality problems. The second goal is to provide recommendations on network design
and the timing and location of field measurements, in order to collect the data that
can be most efficiently used to constrain the uncertainties of the glacio-hydrological
model. For this purpose we developed an approach that assesses the capacity of
model parameters and variables to explain uncertainty in a given model output
(Ragettli et al., 2013). For the present study this approach is also used to assess
the effectiveness of ongoing monitoring programs within the study catchment, the
upper Langtang catchment in Nepal.
This study presents thus a methodological framework to set up a glacio-hydrological
model for a high-elevation Himalayan catchment. We make use of a unique set of
ground data combined with high resolution satellite observations to inform our choice
of model parameters. Through advanced high-resolution modeling we provide a fundamental understanding of the role of individual processes for streamflow generation
in a Himalayan head-water catchment. The methodology enables a detailed assessment of the state of the glaciers within the catchment, their role in runoff production
and the processes controlling their response to climate.

4.2

Study area and climate

This study focuses on the upper Langtang catchment, located approximately 50 km
north of Kathmandu, Nepal (Figure 4.1). The catchment has an area of 350 km2 ,
with a total glacier portion of 33.8%, of which 27% are debris covered. Only at the
less steep slopes along the main river sparse forest and grassland exists (approximately 1.5% of the catchment area, Konz et al. (2007)). Boulders and scree cover
the steep slopes and high plateaus. The outlet of the upper Langtang catchment is
at 3650 m asl (Figure 4.1a).
The tongues of the largest glaciers within the catchment are debris covered (Ta-
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Figure 4.1: a) Map of the upper Langtang catchment showing the position of meteorological
stations and streamgauges (Table 4.2), tipping buckets and temperature loggers, ablation stakes
and Landsat ETM+ derived supraglacial lakes. The numbers on the map indicate the locations of
glaciers listed in Table 4.1. b) Map of the glacier tongue of Lirung Glacier. The Unmanned Aerial
Survey System (UAV) range shows the area that has been mapped by airborne stereo imagery in
May and October 2013. The debris thickness values within the UAV range indicate reconstructed
debris thickness, and outside the UAV range the randomly sampled reconstructed debris thickness.

ble 4.1). Field observations indicate that the composition of the debris layer is
highly heterogeneous, from very fine silt to large boulders exceeding several meters
in height. The largest glacier is Langtang Glacier, in the northeast of the catchment.
The Lirung Glacier, with the greatest elevation range (4040-7180 m asl) has been
the site of several glaciological investigations in the past (Naito et al., 1998; Sakai
et al., 1998, 2000, 2002). Other glaciological studies focused on Yala Glacier, a
non-debris covered glacier (Ageta et al., 1984; Fujita et al., 1998, 2006; Fujita and
Nuimura, 2011; Sugiyama et al., 2013; Baral et al., 2014). Glacierization and snow
cover in the catchment have been documented by Iida et al. (1984); Shiraiwa et al.
(1992); Steinegger et al. (1993) and more recently by Pellicciotti et al. (2015).
The climate in the Langtang valley is monsoon dominated and approximately
70% of the annual precipitation falls during the monsoon (mid-June–September,
Immerzeel et al. (2014b)). Outside of this period precipitation is limited and is produced by the occasional passage of westerly troughs during post-monsoon (October–
November) or winter (December–February). Localized convective precipitation events
occur during the pre-monsoon season (March–mid-June) (Immerzeel et al., 2014b).
Seasonally, temperatures are highest during the monsoon, with rising (falling) temperatures during the pre-monsoon (post-monsoon) periods.
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Table 4.1: Names and characteristics of glaciers within the upper Langtang catchment

Name

ID Area Elevation
Mean
Debris Mean Main
Mass
AAR IC Rank
IC Rank
Range
Elevation Cover Slope Aspect Balance
elev. corrected
[km2 ]
[m asl]
[m asl]
[◦ ]
[m w.e./a]
Langtang
1
57.1 4490 - 7160
5510
35%
46%
230
-0.13
55%
9
12
Langshisha
2
16.8 4420 - 6840
5520
33%
43%
310
-0.21
50%
7
10
Shalbachum
3
11.6 4210 - 6690
5380
37%
49%
147
-0.36
37%
8
11
Lirung
4
11.3 4040 - 7180
5490
10%
94%
130
-0.80
22%
6
3
Kimoshung
5
4.2 4400 - 6360
5610
0%
39%
215
0.69
83%
10
6
Langshisha Ri 6
2.7 4970 - 6270
5770
0%
47%
191
0.52
78%
12
7
Yala
7
1.6 5170 - 5630
5370
0%
42%
211
-0.17
44%
3
5
Ghanna
8
1.4 4720 - 5860
5150
56%
45%
71
-0.57
24%
5
9
Urkin Kangari 9
1.3 5110 - 5450
5300
0%
23%
11
-0.92
13%
1
2
Gangchenpo 1 10
1.3 4990 - 5880
5450
0%
46%
292
0.58
56%
4
4
Kanja La
11
1.2 5100 - 5830
5320
0%
29%
45
-0.71
28%
2
1
Gangchenpo 2 12
1.1 5140 - 6300
5760
0%
72%
220
0.16
29%
11
8
Only glaciers with an area larger than 1 km2 are shown. Locations of glaciers are indicated in Figure 4.1a. M ass Balance,
Accumulation area ration (AAR) and information content (IC) ranks are modeling results that correspond to the model setup
tested by case 8 (Table 4.4). Slope is the ratio between vertical and horizontal distance, Aspect is expressed clockwise from north.

4.3

Data and methods

The modeling approach presented in this study aims at making maximal use of in
situ data for the estimation and calibration of model parameters. The instruments
that have been installed since May 2012 and that provide data for this study are
 Two permanent automatic weather stations (AWSs) at Kyangjing (AWS K,
3862 m asl) and near Yala Glacier (AWS Y, 5090 m asl).
 A pluviometer and a sonic ranging sensor near Yala Glacier (Pluvio, 4831 m
asl) (Immerzeel et al., 2014b).
 Two temporary AWSs on Lirung Glacier (AWS L-G, 4164 m asl) and on Yala
Glacier (AWS Y-G, 5204 m asl).
 Tipping buckets and temperature sensors (T-Loggers) installed at various locations in the main valley (Immerzeel et al., 2014b).
 T-Loggers installed on Lirung Glacier.
 Stakes installed on Yala Glacier for mass balance observations (Baral et al., 2014).
 Newly equipped hydrological stations for runoff measurements at the outlet
and near Lirung Glacier.

The characteristics and locations of the hydro-meteorological stations are provided in Table 4.2. Locations are shown in Figure 4.1. Station data are complemented by data measured manually in the field (debris thickness, snow density, terminus position of Lirung glacier). New rating curves were obtained in 2012 and 2013
for Langtang Khola (at the outlet of the upper Langtang catchment) and Lirung
Khola (near Lirung Glacier) by tracer (constant-rate injection) and current meter measurements and coincident observations of stream height from an automated
pressure level transducer at Lirung Khola and a radar water level sensor at Langtang Khola. We also use remotely sensed data of snow cover (Landsat ETM+ and
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MODIS) and stereo imagery provided by an Unmanned Aerial Vehicle (UAV). Landsat ETM+ data were atmospherically-corrected via the LandCor implementation of
the 6S radiative transfer model (Kotchenova et al., 2006; Zelazowski et al., 2011).
The UAV dataset is used to obtain high-resolution digital elevation models (DEMs)
of Lirung Glacier that provide surface height changes and is described in detail in
Immerzeel et al. (2014a).
Sections 4.3.2 - 4.3.9 describe how the data are used by the model as input, for
parameter estimation and for model validation. An overview about how the local
data are used for calibration of TOPKAPI-ETH parameters is provided in Figure 4.2.
Table 4.2: Characteristics and location of the hydro-meteorological stations used in this study.
Station

Code

Latitude

Longitude

Location

AWS K

Elevation
(m asl)
3862

AWS Kyangjing

28.2108 ◦ N

85.5695 ◦ W

AWS Lirung

AWS L-G

4164

28.2349 ◦ N

85.5613 ◦ W

Kyangjing village
Lirung glacier
tongue

AWS Yala

AWS Y

5090

28.2325 ◦ N

85.6121 ◦ W

AWS Yala Glacier

AWS Y-G

5204

28.2352 ◦ N

85.6127 ◦ W

Pluviometer Yala

Pluvio

4831

28.2290 ◦ N

85.5970 ◦ W

Lirung
Khola
streamgauge
Langtang Khola
streamgauge

Lirung Q

3971

28.2199 ◦ N

85.5617 ◦ W

Langtang Q

3652

28.2091 ◦ N

85.5475 ◦ W

4.3.1

Close to Yala
glacier
Yala glacier ablation area
near Yala
Outlet Lirung
subcatchment
Study
catchment outlet

Period
of
functioning
01 May 2012 17 Nov 2013
13 May 2012 25 Oct 2012,
9 May 2013 23 Oct 2013
01 May 2012 17 Nov 2013
7 Jun 2012 20 Jun 2012
08 May 2012 11 Jun 2013
1 May 2013 17 Nov 2013
01 Apr 2012 17 Nov 2013

The glacio-hydrological model TOPKAPI-ETH

The model used in this study is the process-oriented, distributed model TOPKAPIETH. The model has been applied in numerous hydrological studies of high-elevation
watersheds in the Andes (Ragettli and Pellicciotti , 2012; Ragettli et al., 2014a),
Alps (Finger et al., 2011, 2012; Fatichi et al., 2014) and Karakorum (Pellicciotti
et al., 2012; Ragettli et al., 2013). In this study, TOPKAPI-ETH is applied with
a grid resolution of 100 m and an hourly temporal resolution. In comparison with
previous TOPKAPI-ETH applications, the model structure is identical except for
the new glacier debris component, which now allows taking into account the effect of
a spatially variable debris thickness on melt. The most important model components
and parameters are listed in Table 4.3. Details about the model components are
presented in Sections 4.3.3 - 4.3.8.
4.3.2

Input data

The model requires air temperature, precipitation and cloudiness as input data.
Hourly temperature and precipitation are measured in Kyangjing (Figure 4.1) at
AWS K and extrapolated to every model grid cell (see Section 4.3.3). The ratio of
measured incoming shortwave radiation and modeled potential clear-sky radiation
at AWS K is used to calculate cloud transmissivity (CT ) factors. Potential clear-sky
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Name

Description

seasonal

Value(s)

Reference or cali- Comments
bration data

seasonal

AWS K, Pluvio, Tip- Values as in Immerzeel et al. (2014b)
ping buckets
AWS K, Pluvio, Tip- Values as in Immerzeel et al. (2014b)
ping buckets
AWS K, AWS Y
Measured hourly lapse rates
AWS Y, AWS Y-G
Mean difference between lapsed temperatures from AWS Y and measured at AWS Y-G; standard deviation 0.46 ◦ C
AWS K, Lirung T- Mean temperature difference between lapsed temperatures and inLoggers
terpolated temperatures between Lirung T-Loggers, debris covered
Lirung Glacier tongue, 1 May to 30 Sep 2013. Standard deviation
over 117 grid cells: 0.07◦ C

Table 4.3: Summary of all TOPKAPI-ETH parameters that are included in the calibration scheme (Figure 4.2).
Unit

Distribution of meteorological input
PGv
% 100 m−1 Vertical precipitation gradient

-

0.34

0.83

AWS Y

AWS Y, Yala stakes

AWS Y

Landsat snow cover

Calibration against avalanched snow cover on the Lirung debris covered glacier tongue, 9 and 25 Oct 2013: mean difference in snow
cover 0.01 km2 or 6.25%

0.75

Albedo of fresh snow

1

AWS Y-G
Yala MB, Lirung Q
Yala MB, Lirung Q
Literature

Snow holding depth dependent on the slope 250,
angle; exponential regression function
0.17245

Decay of snow albedo

0.25
0.00625
0.18
1

Debris-ETI melt model (eq. 4.2 and 4.4)

0.005, 7
16, 2
0.15

0.03, 0.8

Threshold precipitation rate to reset snow
albedo
Albedo of bare-ice (glacier surface)
ETI melt model (eq. 4.1)
ETI melt model (eq. 4.1)
Threshold temperature for melt onset and for
for precipitation state transition

Debris-ETI melt model (eq. 4.2 and 4.5)
Debris-ETI melt model (eq. 4.2 and 4.3)
Debris albedo

Calibration results in Figure 4.4
Calibration results in Figure 4.4

0.1 - 2.5

Lirung Q
Lirung Q

Debris thickness

72
240

Literature

Literature

0.05-1.30

Evaporation from glacier debris, per mm 25
monsoon precipitation

Calibration against measured actual evapotranspiration (ETA) in
Kyangjing by Sakai et al. (2004), 15 July to 29 August 1996. Simulated ETA during the same period in 2013: 95.3% of measured ETA
in 1996
Value adopted from Sakai et al. (2004)

AWS L-G, Energy Calibration results in figures 4.3 and 4.4
balance melt model
(EB model)
AWS L-G, EB model Calibration results in figures 4.3 and 4.4
AWS L-G, EB model Calibration results in figures 4.3 and 4.4
AWS L-G
Median of measured debris albedo at AWS L-G, 10 May to 22 Oct
2013, standard deviation 0.03
UAV, EB model, See Figure 4.4
field data Lirung

Mean measured fresh snow albedo at AWS Y of 12 snowfall events
in 2013; standard deviation 0.04
(1) Calibration simulated against measured albedo at AWS Y, 20
April to 24 June 2013, RMSE 0.16. (2) calibration against Yala MB
(Figure 4.4)
Minimum precipitation rate of 12 observed snowfall events in 2013
at AWS Y
Mean measured value; standard deviation 0.03
Calibration results in Figure 4.4
Calibration results in Figure 4.4
With daily time steps often around 0◦ C (Braun et al., 1993; Konz
et al., 2007; Immerzeel et al., 2010), but higher values with hourly
time steps (snow depth observations by sonic ranging sensor and
measured temperatures at Pluvio)

Temperature increase over glacier debris

Temperature lapse rate
hourly
Temperature decrease over snow and bare- ice 0.71

% 100 m−1 Horizontal precipitation gradient
◦ C m−1
◦C

PGh
LR
Tmod
◦C

-

m, -

Tmoddebris

Avalanching
SGRa , SGRC

α2
mm d−1

Snow-& ice melt
α1

αreset

◦C

m−1 , -

-

αglacier
SRF
TF
TT , PT

SRFd1 , SRFd2
lag1, lag2
αdebris
m

Subdebris ice melt
TFd1 , TFd2

d

%

Glacial meltwater routing
Kice
h
Storage constant for ice melt
Ksnow
h
Storage constant for snowmelt on glaciers
Evapotranspiration
CropF
Crop factors of evapotranspiration

ETdebris
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Tipping buckets,
Pluviometer

T-Loggers
Lirung Glacier

Vertical and
horizontal
precipitation
gradient

Temperature
distribution
over glacier
debris
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Repeated DEMs
Lirung (UAV data)
Landsat lake
mapping
Debris
thickness

Yala mass
balance
Snow and cleanice melt
Landsat
snow data
Avalanching

Energy
balance model
Melt below
glacier debris, in
function of
debris thickness

TOPKAPI-ETH
Lirung
streamflow
Snow and
clean-ice melt,
en-/subglacial
routing

ETA data
(literature)
Evapotranspiration

AWS data

Temperature
decrease
over melting
snow/ice
surface
Temperature
lapse rates
Cloudiness
Snow and
ice albedo

Figure 4.2: Scheme of the methodology developed to estimate optimal model parameters for the
upper Langtang valley making maximal use of available in situ data. Rectangular boxes represent
model parameters that are directly calculated using local data (blue hexagons). Those parameters
are kept fixed during the calibration of other model components - represented by gray rounded
shapes - against the calibration datasets (red hexagons).

global irradiance is simulated with a non parametric model based on Iqbal (1983)
accounting for the position of the sun relative to every grid cell at each time step. The
vectorial algebra approach proposed by Corripio (2003) is used for the interaction
between the solar beam and terrain geometry. The hourly CT factors, which are
constant in space, multiply the modeled clear-sky incoming shortwave radiation.
The high temporal resolution chosen constrains the possible simulation period,
as AWS K providing the hourly input data was installed on 1 May 2012. We use the
period between 1 May 2012 and 17 Nov 2012 to initialize the model. The annual
water balance and runoff simulations are calculated for the period 18 Nov 2012 - 17
Nov 2013.
DEM, glacier and debris maps
A 30 m resolution ASTER Global Digital Elevation Model (GDEM) dataset (available on http://gdem.ersdac.jspacesystems.or.jp) resampled to 100 m resolution is used in this study. The vertical accuracy is between 10 and 15 m in area
with slopes less than 30◦ (Fujita et al., 2008; Nuimura et al., 2012).
For the debris covered glaciers in the valley, accounting for 82% of the total
glacier area, the debris and glacier maps are provided by Pellicciotti et al. (2015),
where glaciers were manually delineated using three Landsat scenes from 2008, 2009
and 2010. For other glaciers, we use information from two available regional glacier
maps: i) a map based on a semi-automated object-based classification method using
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Landsat TM7 imagery around the period 2003 (Bajracharya and Shrestha, 2011);
and ii) a map of manually delineated glacier outlines based on Landsat images taken
from 1999 to 2003 (Nuimura et al., 2014)). The final glacier and debris maps are
shown in Figure 4.1a. Since the simulation period in this study is only 1.5 years, no
changes of glacier or debris area over time are assumed.
4.3.3

Extrapolation of meteorological input data

Temperature is extrapolated to every grid cell using hourly lapse rates calculated
between air temperature measured at AWS K (3862 m asl) and AWS Y (5090 m
asl). Seasonal and diurnal variability of temperature lapse rates in the Langtang
valley are discussed in detail by Immerzeel et al. (2014b).
To account for the cooling effect of snow and ice surfaces, when extrapolated
air temperatures over these surfaces are above 0◦ C, the lapsed air temperatures are
corrected with the parameter Tmod . Tmod is constant and calculated from the mean
difference between air temperature extrapolated at AWS Y and measured at AWS
Y-G (Table 4.3). Local air temperature variations over debris are also accounted
for with a constant parameter (Tmoddebris ), as debris has been shown to warm up to
very high values during the day (Brock et al., 2010). The correction is based on
observations at temperature loggers installed on Lirung Glacier during the monsoon
period in 2012 and 2013 (Figure 4.1b, Table 4.3).
Seasonal horizontal and vertical precipitation gradients are taken from Immerzeel
et al. (2014b). The study found vertical precipitation gradients in the Langtang valley with between 31%-53% precipitation increase per kilometer vertical distance,
depending on the season of the year. The horizontal valley gradient was derived
from precipitation data recorded at tipping buckets (Figure 4.1a) installed in the
upper Langtang Valley but was found to be relatively weak (mostly less than ±0.6%
per kilometer). Previous modeling studies (Konz et al., 2007, 2010; Immerzeel
et al., 2012a, 2013) have used a stronger horizontal valley gradient of -3%km−1 ,
based on observations by Shiraiwa et al. (1992). No new data are available in the
eastern half of the catchment (Figure 4.1a), and the observations by Shiraiwa et al.
(1992) are only based on snow pack data from five locations in the winter 1989/1990.
Thus, we test the effect on simulated streamflow and snow cover of different assumptions of horizontal precipitation gradients upstream of the easternmost tipping
bucket (Numthang), after calibration of all other model parameters. The horizontal
precipitation gradients are tested independently for pre-monsoon/monsoon (March
- September) and for post-monsoon/winter (October - February).
4.3.4

Avalanching

Gravitational snow transport is modeled using the approach by Bernhardt and
Schulz (2010), where a maximum snow holding depth is defined as an exponential function of slope. Snow exceeding the threshold depth is moved to the next
model grid cell downwards. The two parameters of the exponential regression func-
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tion (SGRa , SGRC ) need to be calibrated. Since for safety reasons it is impossible to
measure the maximum snow holding depth in the field, modeled avalanche patterns
are calibrated against Landsat ETM+ snow cover (SC) data at the upper end of the
debris covered Lirung Glacier tongue. The area above Lirung tongue has a mean
slope of more than 100% and ranges from 4500 to 7200 m asl. It is known from field
observations that avalanches are very common at this location after major snowfall
events and avalanche cones are large enough to be identified by Landsat 30 m resolution imagery. Two Landsat SC images from October 2013 are chosen for comparison
(October 9th and 25th). Twelve more images from 2013 would be available, but are
not suitable for comparison due to clouds or extensive snow cover. The scene from 9
October 2013 shows only 1.4% snow cover in the catchment for the elevation range
4365–4520 m asl (which comprises the upper end of Lirung tongue), while at the
same elevation on Lirung Glacier 71.4% of the area was snow covered. For calibration of the avalanching model component, TOPKAPI-ETH is run for more than 150
possible parameter combinations of SGRa and SGRC . Other model parameters are
independently defined (Figure 4.2) and maintained constant. The optimal parameter combination is determined by choosing the model run which shows the lowest
mean difference in total snow cover over the debris covered tongue.
To constrain the possibility that the simultaneous calibration of snow and bare-ice
melt parameters (Section 4.3.5) affects the calibration of gravitational snow transport parameters, we perform several calibration iterations. The iteration loop ends
when optimal parameters SGRa and SGRC do not vary anymore from one iteration
to the next.
4.3.5

Snow- and clean-ice melt

Snow- and bare-ice (debris-free) melt is computed using an Enhanced TemperatureIndex (ETI) approach (Pellicciotti et al., 2005, 2008):

Mi =




 TF · Ti + SRF · Ii · (1 − αi )
0




Ti ≥ TT
T i < TT

(4.1)

Melt (M , mm w.e. h−1 ) in each grid cell i is a function of an air temperature
(T , ◦ C) dependent term including an empirical temperature factor T F (mm w.e.
h−1◦ C−1 ) and a shortwave radiation dependent term that uses the distributed incoming shortwave radiation (I, Wm−2 ), an empirical parameter SRF (m2 mm w.e.
W−2 h−1 ) and snow or ice albedo (α). TT is the threshold air temperature for melt
onset.
Bare-ice albedo is constant in space and is calculated as the mean ratio of incoming and reflected shortwave radiation measured at AWS Y-G during June 2012.
The decrease of fresh snow albedo (α1 ) is modeled as a logarithmic decay in function
of cumulated daily maximum positive air temperatures, controlled by an empirical
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parameter α2 (Brock et al., 2000). Each time precipitation exceeds a snowfall
threshold rate αreset , snow albedo is reset to α1 . The parameters α1 , α2 and αreset
are estimated using data measured at AWS Y. Details are provided in Table 4.3.
The parameters T F and SRF are calibrated simultaneously against the observed
mass balances at eight ablation stakes on Yala Glacier and against measured runoff
at the outlet of the Lirung Glacier subcatchment (Figure 4.2). The advantage of
this approach is that the uncertainty in parameter identification can be reduced by
evaluating the model against a number of responses representing different aspects
of the hydrological functioning of the catchment (e.g. Anderton et al., 2002). The
effect of potential measurement errors on optimal parameters can also be mitigated
(Bárdossy and Singh, 2008).
Lirung runoff data are discussed in Section 4.3.7. The mass balance obtained from
stake readings between 10 November 2011 and 3 November 2012 and the location of
the stakes on Yala Glacier are described in Baral et al. (2014). The present study
uses stake readings from 3 November 2012, 8 May 2013 and 18 November 2013. The
mass balances calculated between 3 November 2012 and 8 May 2013 are not used for
calibration, to prevent possible error compensation due to inaccuracies in simulated
winter snow accumulation.
The parameter α2 is also included in the calibration against Yala mass balance
observations (5190-5501 m asl), to obtain a second estimate of snow albedo evolution.
Albedo parameters are kept constant when calibrating T F and SRF against Lirung
runoff. Therefore, an optimal α2 is determined for each pair T F -SRF on the basis
of the Yala mass balance data, and this α2 is then used for each pair T F -SRF
during calibration against Lirung streamflow.
4.3.6

Sub-debris ice melt

The presence of supraglacial debris strongly affects ablation (e.g. Østrem, 1959;
Brock et al., 2010; Zhang et al., 2011). For this study, TOPKAPI-ETH was
modified to account for the debris thickness feedback on melt. The sub-debris ice
ablation model implemented is based on work by Mabillard (2012) and has been
tested on Miage and Arolla glacier in the Alps (Carenzo et al., 2015). Ice melt
below debris is calculated using a modified version of the ETI melt model that can
take into account the melt reducing effect of varying debris thickness and hereafter
is called debris-ETI (dETI) model:

Mi (t) =




 TFd · Ti (t − lag) + SRFd · Ii (t − lag) · (1 − αi )
0




Ti ≥ TT
T i < TT
(4.2)

where Mi (t) is simulated melt (mm w.e. h−1 ) for each grid cell i and time

4.3. DATA AND METHODS

71

step t, T is air temperature (◦ C), I is incoming shortwave radiation (W m−2 ), α is
debris albedo and TT is the threshold air temperature for melt onset. In contrast
to the original ETI equation (eq. 4.1), a parameter lag has been introduced. This
parameter has a unit h and varies in function of debris thickness, to take into account
that the effect of air temperature and shortwave radiation on melt is temporally
delayed by the debris:

lag = lag1 · d − lag2

(4.3)

where d is debris thickness (units of m) and lag1 and lag2 are two empirical
parameters. Both SRFd and T Fd (eq. 4.2) also vary with debris thickness:

TFd = TFd1 · d−TFd2

(4.4)

SRFd = SRFd1 · e−SRFd2 ·d

(4.5)

T Fd1 , T Fd2 , SRFd1 and SRFd2 are empirical parameters which need to be calibrated. The physics of the energy exchange between surface and atmosphere and
within the debris layer is best represented by physically-based models. Energy balance (EB) models have very good performance when high quality input data are
available (e.g. Pellicciotti et al., 2008; Reid and Brock , 2010), but their use is more
questionable at the distributed scale or with extrapolated data (Gabbi et al., 2014).
We therefore assume that a dEB model provides the best estimates of ablation at
the location of AWS Lirung Glacier (AWS L-G). The dETI model is compared to
the debris-EB (dEB) model of Reid and Brock (2010) at AWS L-G to ensure appropriate parameter selection. To test the validity of the dEB model, modeled surface
temperatures were validated against measured data (Wicki , 2014). This study uses
the dEB results for a debris thickness range of 0.1 to 2.5 m and for the period 19
May 2013 - 21 Oct 2013 (Figure 4.3). The parameters of the dETI model are calibrated against the outputs of the dEB model by minimizing the mean of the root
mean square error of hourly melt rates for the tested range of debris thickness. More
than 350’000 possible parameter combinations of lag1 , lag2 , T Fd1 , T Fd2 , SRFd1 and
SRFd2 were tested.
Debris thickness estimation
The surface properties of a debris covered glacier are highly heterogeneous, with a
rugged topography, ice cliffs and supraglacial ponds (Benn et al., 2012; Pellicciotti
et al., 2015). Ground-based observations of debris thickness can only provide a
rough estimate of the debris thickness distribution, and were conducted only on
Lirung Glacier (the transects where debris thickness was mapped are shown in Figure
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Melt [mm w.e./h]

2
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Energy balance (EB) model
debris−ETI (dETI) model
0.923
EB curve fitting: y = 0.23x
R² = 0.997

0.5
0
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1
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b)
Melt [mm w.e./h]
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0
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Figure 4.3: a) Energy balance (EB) and debris-enhanced temperature index (dETI) melt model
outputs for given debris thicknesses (simulations for the period 19 May 2013 - 21 Oct 2013). The
dashed line represents the Østrem curve that has been fitted to the results of the EB model. b)
Close-up view of model results corresponding to debris thicknesses of 20 cm, 50 cm, 100 cm and
150 cm for the period 15-22 July 2013.

4.1b). The debris was mostly too thick to be sampled by manual methods (in 92.8%
of all cases debris was thicker than 50 cm). Debris thickness can be estimated by
methods that are based on remote sensing such as the ones described by Mihalcea
et al. (2006); Zhang et al. (2011); Foster et al. (2012) or by Fujita and Sakai (2014).
Empirical methods such as Mihalcea et al. (2006) are site specific and require large
amount of in situ data for calibration. The more physically based method by Foster
et al. (2012) failed to reconstruct the thick debris of Lirung Glacier, likely because
of the assumption of a linear temperature gradient within the debris and lack of
knowledge of surface temperature distribution (Petersen et al., 2013b). In this
study, we therefore propose a new approach that makes use of several available
datasets to map debris thickness.
First, two high resolution DEMs obtained from UAV flights at the beginning
(19 May) and at the end (21 Oct) of the ablation season 2013 are used to quantify
the mass loss at Lirung Glacier glacier between the two dates. The glacier surface
height changes are aggregated to the TOPKAPI-ETH 100 m grid and converted into
meter water equivalents (m w.e.) of melt assuming a density of ice of 900 kg m−3 .
The Østrem curve is derived using the dEB model at the location of AWS L-G as
described in Section 4.3.6. This curve (equation indicated in Figure 4.3a) is used
to assign a debris thickness to each TOPKAPI-ETH glacier grid cell in the UAV
survey from the cell ablation rate, assuming that the Østrem curve is the same over
the entire tongue.
Vertical emergence of the glacier would cause an error in the quantification of
ice loss and therefore in the debris thickness estimates. Overall this error is likely
to be limited as the flow velocity of the Lirung Glacier is very small (Immerzeel
et al., 2014a). However, there is a small region near AWS L-G (Figure 4.1b) where
emergence occurs (Immerzeel et al., 2014a). From field observations we know that
this area is characterized by thick debris cover. In order to prevent unrealistic
debris thickness values due to very small elevation changes or increasing surface
height, maximum debris thickness is limited to 2.5 m.
The inverse Østrem approach is used to calculate debris thickness on the lower
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half of the Lirung Glacier tongue, in the area covered by the UAV survey (Figure
4.1b). Then, the thickness of all debris covered glacier areas are sampled from
the debris thickness estimates from Lirung Glacier, and satellite imagery is used to
distinguish between the most important debris surface characteristics for the random
sampling. The presence of lakes and ice cliffs affect the reconstructed debris thickness
estimates, and they are taken into account in an indirect way. A supraglacial lake
map from May 2012 is thus used to identify the concentration of supraglacial ponds.
A map of supraglacial cliffs is not available, thus we assume that the fraction of
cliffs correlates with the presence of lakes (Zhang et al., 2011). If a 50 m elevation
band of a debris covered glacier includes supraglacial ponds, the debris thickness
of those grid cells is sampled randomly from 50 m elevation bands within the UAV
survey area that do include ponds. The same is done for 50 m elevation bands
that do not include ponds, and separately for the lowest 50 m elevation band of
each debris covered glacier, in order to account for the effect of frontal ablation on
reconstructed debris thickness. The spatial density of supraglacial lakes and cliffs is
thus used as a proxy for spatial variations in the equivalent debris thickness when
sampling the debris thickness estimates from Lirung Glacier. The supraglacial lake
map is described in Pellicciotti et al. (2015) and is constructed from Landsat ETM+
multispectral data. The locations of the ponds are indicated in Figure 4.1a.
Few previous studies have shown a mild dependency of debris thickness on elevation (Zhang et al., 2011; Foster et al., 2012; Kirkbride and Deline, 2013), but these
relationships were all obtained along one longitudinal profile neglecting the transverse variability, which our field observations showed was large. At Lirung Glacier,
thick debris accumulated through rockfall and avalanches appears right below the
glacier cirque. On the basis of our observations from the field a gradual increase
of debris thickness along the entire glacier is not evident for such glaciers. Due the
lack of an established functional dependence of thickness on elevation or other topographical variables we thus apply the random sampling approach described above.
However, 12.9% of the total debris covered area at the upper end of the tongues is
excluded from the random sampling, and only a shallow debris thickness of 0.1 m
is assumed here (Figure 4.1a) in accordance with the results of Zhang et al. (2011),
who found that debris thickness varied between 0 and 20 cm in the uppermost
section of debris covered area. We assign such shallow debris thickness to glacier
area where a discrepancy exists between the manually and a automatically (Paul
et al., 2004) delineated debris cover map, assuming that only the manual method
correctly classifies the shallow debris cover of such areas.
4.3.7

Glacier meltwater routing

Meltwater from the glacier is routed to the glacier outlet (i.e. the lowest grid cell
of the glacier) using the linear reservoir approach, which has been commonly used
for the transformation of surface meltwater into glacier discharge (e.g. Hannah and
Gurnell , 2001; Jansson et al., 2003; Ragettli and Pellicciotti , 2012). We distinguish
two reservoirs for snow and ice, respectively. The two storage coefficients (Ksnow and
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Kice ) are calibrated together with the melt parameters T F and SRF against hourly
runoff measured between 1 May 2013 and 17 Nov 2013 at the outlet of the Lirung
subcatchment (prior to this period the stream was frozen). More than 1500 possible
combinations of the parameters T F , SRF , Ksnow and Kice are tested. The Nash–
Sutcliffe (N&S) efficiency criterion (Nash and Sutcliffe, 1970) is used for model
evaluation. As a second criterion, we reject all parameter combinations that result
in a mean daily runoff amplitude higher or lower than ±50% of the measured mean
daily amplitude.
As 71.3% of the Lirung subcatchment area is glacierized, it can be assumed that
the independent calibration of evapotranspiration parameters (Section 4.3.8) does
not interfere with the calibration of storage coefficients and melt parameters.

4.3.8

Evapotranspiration and drainage

Water routing outside the glacier areas is based on the kinematic wave concept,
whereby soil drainage and channel- and overland flow are represented by nonlinear
reservoir differential equations (Liu and Todini , 2002, 2005). The soil-, surfaceand channel routing is based on properties that in theory are physically measurable.
However, soil and surface roughness parameters aggregate spatially and temporally
heterogeneous properties of the real system. The aggregate nature of parameters
makes it difficult to specify them directly and unambiguously from point observations made in the field. Considering the large number of properties that need to be
specified (eight parameters per soil type and layer), a systematic identification of
soil parameters on the basis of in situ data or through calibration is thus difficult.
Soil parameters for this study are therefore exclusively estimated based on literature
(Saxton and Rawls, 2006; Finger et al., 2011; Ragettli et al., 2013). We define
nine different soil classes (assigned as a function of three slope categories and thee
elevation categories) and two soil layers. The suitability of the soil configuration
and the standard parameters to represent seasonal soil water storage is discussed in
Section 4.5.2.
Potential evapotranspiration from non-glacierized cells is calculated using the
Priestly-Taylor equation (Priestley and Taylor , 1972), in which net radiation is
assumed to be a function of incoming shortwave radiation, albedo, and air temperature through an empirical equation. Crop factors (CropF ) determine the potential
crop evapotranspiration. Actual evapotranspiration (ETA) depends on the available soil moisture content within the superficial soil layer, which is calculated by the
model. Since no recent field observations of ETA are available, the modeled ETA
at Kyangjing (Figure 4.1a) is compared to the magnitude of lysimetric estimates by
Sakai et al. (2004) during the monsoon period (Table 4.3). The same publication
also provides an estimate about evaporation from glacier debris. The estimate of
25% evaporation of liquid precipitation on debris covered glacier area during the
monsoon period is considered by subtracting that amount from precipitation over
debris.
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Model validation

At the outlet of the upper Langtang catchment (Figure 4.1a), hourly discharge is
estimated from stage heights recorded by a radar water level sensor (Ott RLS) at 15minute intervals. In contrast to most glacio-hydrological studies, catchment runoff
is not used for parameter calibration, and can thus be used for model validation.
A second dataset that has not been used for calibration and that is used for
model validation is observed fractional snow cover (fSC) data from MODIS and
Landsat imagery. MYD10A1 and MOD10A1 data from the MODIS Aqua and Terra
platforms with 500 m resolution are downloaded from www.nsidc.org. Images with
more than 10% cloud cover over the study catchment are discarded due to the risk of
cloud/snow confusion (Hall et al., 2002; Hall and Riggs, 2007; Wang et al., 2008).
TOPKAPI-ETH fSC is then calculated for each corresponding 500 x 500 m MODIS
grid area. The root mean square error of daily snow cover is calculated using the
minimum difference between simulated and observed fSC at each MODIS grid cell,
comparing simulated fSC at 9 am and at 17 pm. Landsat fSC is also calculated
for the MODIS 500 x 500 m areas, so that TOPKAPI-ETH fSC can be validated
also against Landsat (although only available for a few dates), and Landsat can be
compared against MODIS. The advantage of using the MODIS fSC product rather
than the binary product is that small scale variation in SC (typical for high-elevation
areas, e.g. Ragettli et al. (2014a)) modeled by TOPKAPI-ETH and observed by
Landsat do not have to be averaged out for comparison against MODIS.

4.3.10

Sensitivity analysis

In order to test the effect of parametric uncertainty on simulated streamflow volumes,
we perform a regional sensitivity analysis (Spear and Hornberger , 1980; Hornberger
and Spear , 1981). TOPKAPI-ETH is run in a Monte-Carlo way with 1000 parameter sets where the parameters of the model are varied randomly within ±10%
of their calibrated value (or ±0.1◦ C for parameters with temperature units). The
Monte-Carlo simulations are used to evaluate the effect of relative changes in single
parameters on the model outputs. Following the approach of Ragettli et al. (2013),
the 1000 parameter sets are partitioned in two groups: parameter sets that lead to
more than average and to less than average simulated streamflow volumes, over a
certain time period. The maximum vertical distance between cumulative distribution functions (CDFs) of single model parameters within the two groups is used to
assess if a parameter significantly contributes to the resulting uncertainty in simulated streamflow, a property which hereafter is called ’information content’ (IC).
Soil-, routing- and evapotranspiration parameters are excluded from the information content analysis since the focus of this study is on the cryospheric processes
that affect the annual water balance. Precipitation gradients and temperature lapse
rates are also excluded since it has already been shown previously that the model
is very sensitive to those parameters in the upper Langtang catchment (Immerzeel
et al., 2014b).
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To identify the characteristics of the catchment (such as elevation, slope or debris
cover) that increase the model sensitivity, we calculate the information content distribution in space (Ragettli et al., 2013). Areas of high information content indicate
the locations where information about the hydrological system can most efficiently
constrain runoff uncertainty. For this spatial IC analysis we look at the difference
between cumulative distribution functions (associated with the two groups of parameter sets) of the simulated mass balance in each glacier grid cell (hereafter called
’cell information content’). We calculate also the mean cell information content for
each glacier and put the result in relation to glacier characteristics (such as mean
elevation, slope or debris cover; Table 4.1).

4.4
4.4.1

Results
Parameter calibration

The results of the parameter calibration are shown in Table 4.3. For constant parameters that are estimated directly on the basis of measured data, standard deviation
in measured parameter values are provided (Tmod , Tmoddebris , α1 , αglacier , αdebris ).
Over the monitored period, the dETI model reproduces energy-balance modeled
melt with a mean difference of 0.019 mm w.e. h−1 (Figure 4.3a). The largest
differences occur for debris thicknesses of 0.1 m, where the dETI model overestimates
total melt by 550 mm w.e. over the ablation period (0.15 mm w.e. h−1 ). However,
this error is negligible considering that reconstructed mean debris thicknesses over
the Lirung tongue are never less than 0.2 m (see Section 4.4.2). Diurnal melt rate
variability and amplitude estimated from the EB model overall are well-simulated
by the dETI model (Figure 4.3b). Diurnal melt rate variability in debris thicker
than 1 m is overestimated by the dETI model, but the magnitude of daily melt is
similar.
The melt factors SRF and TF are calibrated simultaneously against Yala summer
mass balance (MB) stake observations and Lirung runoff (Figure 4.4). The calibration against Lirung runoff results in an optimal SRF which is higher, and an optimal
T F which is lower than the corresponding parameters calibrated against Yala MB.
Several parameter combinations result in an acceptable model performance (N&S
higher than 0.7, RMSE Yala MB lower than 0.35 m w.e.). To identify the best
combination with respect to both datasets, we look at the highest model efficiency
and values of TF that correspond to each tested value of SRF (Figure 4.4a). For an
SRF value of 0.00625 calibration against both datasets yields an optimal value of
T F of 0.18. It is therefore assumed that this parameter combination represents the
optimum of all possible parameter combinations, given the differences in meteorological conditions, possible modeling and measurement errors that may have led to
the differences in model results.
The modeled Yala Glacier MB and Lirung discharge for SRF equal to 0.00625 and
T F equal to 0.18 are presented in Figures 4.4b and c. Note that the observed Yala
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Figure 4.4: a) Optimal parameter combinations of the parameters SRF and T F for various places
on Earth (Carenzo et al., 2009), reflecting the dependence of the parameters on local climatic
conditions. The colored lines indicate the highest achieved model efficiency (Nash-Sutfliffe, N &S,
of simulated Lirung runoff, and root mean square error, RM SE, with respect to Yala mass balance
observations) and parameter T F that corresponds to each tested value of SRF . The parameter
combination where the two lines cross is assumed to represent the optimal solution for the upper
Langtang Basin. b) Simulated (sim) and observed (obs) summer (8 May 2013 - 18 Nov 2013),
winter (3 Nov 2012 - 8 May 2013) and annual Yala mass balance (MB). The blue dotted line
connects the simulated annual MB that was calculated assuming 100% refreezing of meltwater
above 5500 m asl. c) Measured and simulated runoff at Lirung streamgauge. Model results shown
in b) and c) are simulated using a parameter combination SRF =0.00625 and T F =0.18.
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winter MB was not used for calibration (Figure 4.4b). As only annual MB is observed
at 5501 m asl we do not use this point for calibration. The modeled annual MB at
this location exhibits the largest departure from observations (underestimation by
0.6 m w.e.). It is possible that at this elevation, which was above the equilibrium
line altitude (ELA), meltwater refreezes in the snow layer (Mukhopadhyay, 2012).
Model results are therefore also shown for the assumption that 100% of melted
snow refreezes at 5501 m asl, which yields a better result comparing to the MB
observations. The largest error in simulated summer MB appears at the elevation
of the lowest ablation stake, at 5194 m asl (simulated MB more negative by 0.7 m
w.e.). However, the MB measurements are affected also by small scale topography
and wind-effects that cannot be reproduced by the model, as well as by measurement
errors.
The comparison of measured with simulated runoff at the outlet of the Lirung
subcatchment (Figure 4.4c) reveals that the model overestimates the inter-seasonal
variability of runoff, especially for the period after 1 July 2013. Increasing the storage
coefficients (optimal values presented in Table 4.3) can smooth out the inter-seasonal
variability but would lead to further underestimation of the daily runoff amplitude.
4.4.2

Reconstructed debris thickness and melt below debris

Mean reconstructed debris thicknesses for the Lirung tongue are shown in Figure 4.5
together with modeled and observed surface height change as a function of elevation.
Only one 50 m elevation band contains a supraglacial pond (’Lake 1’) that can be
identified from Landsat ETM+ data. Debris thickness of debris covered glacier
area including lakes but not mapped by the UAV flights is thus sampled from there
(Section 4.3.6). This section (4070–4120 m asl) is characterized by variable but
relatively low debris thickness (mostly less than 1 m). Another large supraglacial
pond (’Lake 2’) is just above the UAV mapped area, but smaller ponds and many
cliffs follow in glacier flow direction (4170–4220 m asl). This section of the glacier
is characterized by reconstructed debris thicknesses between 1 and 2 m. The lowest
debris thickness values (0.2–0.9 m) are calculated for the area near the glacier snout.
The reconstructed debris thickness has to be understood as a proxy for all surface
features of debris covered glacier area that contribute to melt (Section 4.3.6). Our
observations show that debris covered glacier area with a more rugged surface - and
therefore more supraglacial ponds - experiences more pronounced glacier surface
changes over the ablation season (Figure 4.5). This is respected by the model even
though no information about supraglacial cliffs and their contribution to glacier melt
is available.
Figure 4.5 also shows comparison of modeled surface change to observed surface
changes. Overall the agreement is very high, with a mean error in simulated surface
change of 0.16 m (equivalent to a difference of less than 1 mm w.e. ice melt per
day). More significant differences to observed surface change appear for very shallow
debris thickness (4040 m asl in Figure 4.5, 0.5 m difference) and for very thick
debris (4120–4140 m asl in Figure 4.5, 0.4–0.6 m difference). Note however that
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the overestimation of surface change at 4120–4140 m asl is partly due to vertical
emergence of the glacier at this location (Immerzeel et al., 2014b), so the comparison
should be treated with care here. The good results confirm the applicability of the
dETI melt model on the distributed scale and suggest a realistic reproduction of air
temperature and incoming shortwave radiation during the ablation period in 2013.
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Figure 4.5: Surface height changes documented by an Unmanned Aerial Survey System (UAV)
between 19 May and 21 October 2013, simulated surface changes corresponding to the same period
assuming an ice density of 900 kg m−3 , and reconstructed debris thickness. The figure shows
mean values for each 10 m elevation band of Lirung Glacier. 50 m elevation bands are used to
assign different categories of debris covered area (frontal ablation, supraglacial lake area or not
supraglacial lake area) to debris outside the UAV range (Figure 4.1b) for the random sampling of
reconstructed debris thickness values.

4.4.3

Model validation against remotely sensed snow cover and catchment runoff

The previous two sections showed that the available in situ data could be successfully
used to constrain model parameters. However, uncertainty prevails about hydrometeorological processes in parts of the catchment where no data are available.
Model validation against catchment runoff and catchment snow cover thus reveals if
the locally collected in situ data is representative also of the rest of the catchment.
Moreover, validation against both catchment runoff and snow cover allows testing a
range of assumptions about two processes about which no in situ data are available
yet: precipitation in the east of the catchment (east of Numthang, see Section 4.3.3)
and melting conditions above 5500 m asl (see Section 4.4.1). Figures 4.6a and 4.7
present ranges of catchment runoff and snow cover simulated by multiple model
runs using the fixed parameters discussed above, but with a horizontal precipitation
gradient east of Numthang (PGh2winter and PGhsummer ) varying between 0 and
-10% km−1 and a coefficient of refreezing (CFR, % of total melt above 5500 m
asl) varying between 0 and 100% (Table 4.4). The uncertainty in simulated runoff
due to the tested assumptions is very large during the monsoon period (around
10 m3 s−1 uncertainty from mid-June to end of July, equivalent to 33% of total runoff,
Figure 4.6a). The uncertainty in simulated snow cover is mostly around 20% of the
catchment area, but more constant in time (Figure 4.7).
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Figure 4.6: a) Simulated and measured daily runoff at Langtang Khola streamgauge. The tested
case range corresponds to the model outputs simulated with the tested model setups indicated in
Table 4.4. The ’best case’ corresponds to case 8 in Table 4.4. b) Running 72 hour mean values of
water balance components corresponding to case 8 model outputs.

0

Figure 4.7: Remotely sensed MODIS and Landsat snow cover (SC) and snow cover simulated by
the model (TOPKAPI-ETH). The tested case range corresponds to the model outputs simulated
with the tested model setups indicated in Table 4.4. The ’best case’ corresponds to case 8 in Table
4.4. The error bars that are shown for MODIS SC correspond to the differences in SC observed
by Terra and Aqua satellites. The error bars in ’best case’ TOPKAPI-ETH SC correspond to
simulated daily fluctuations between 9 am and 17 pm. The TOPKAPI-ETH root mean square
error (RM SE) is calculated using always the minimum difference between simulated and observed
fractional snow cover at each MODIS grid cell. Landsat RM SE values are calculated in the same
way and should be regarded as a benchmark for model comparison against MODIS.
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Goodness-of-fit measures are provided in Table 4.4. The N&S value of the tested
assumption varies between -0.5 (case 1: PGh2 zero, CFR 0%) and 0.89 (case 10:
PGh2 -10% km−1 in summer and winter, CFR 100%). The mean root mean square
error (RMSE) in simulated fractional snow cover in comparison to MODIS varies
between 41.1% (case 9: PGh2winter and PGhsummer -10% km−1 , CFR 0%) and 23.6%
(case 8: PGh2winter zero and PGhsummer -10% km−1 , CFR 100%). Note that during
the monsoon period, MODIS fSC images are very much affected by clouds and are
therefore not used for comparison. Comparison against Landsat SC is also possible,
although only few images are available over the year. Here, the tested cases 1-8
perform about equally well (Table 4.4). Regarding the N&S values, cases 6, 8 and
10 perform very well (N&S ≥ 0.87, Table 4.4). Considering all criteria together,
case 8 can be considered as best performing. Simulated catchment runoff and snow
cover using the assumptions associated to case 8 are therefore presented in Figures
4.6 and 4.7 as the best run. Parameter values shown in Table 4.3 and assumptions
about precipitation distribution and melt above 5500 m asl tested in case 8 are used
to model the water balances in the following Section 4.4.4 and for the sensitivity
analysis in Section 4.4.5.
Table 4.4: Configuration of model setups that are tested against catchment runoff, MODIS snow
cover (SC) and Landsat SC
Case

PGh2
PGh2 CFR Runoff MODIS SC Landsat SC Precipitation Snowmelt Ice melt
GMB
summer winter
N&S mean RMSE mean RMSE
mm/a
mm/a
mm/a
m/a
1
0
0
0
-0.50
23.9%
16.8%
1388
581
166
0.23
2
0
0
100
0.14
24.0%
16.8%
1388
511
164
0.40
3
-3
-3
0
0.07
23.9%
17.6%
1121
514
192
-0.16
4
-3
-3
100
0.55
24.0%
17.6%
1121
444
188
0.00
5
-10
-3
0
0.51
24.1%
19.7%
792
406
272
-0.67
6
-10
-3
100
0.89
24.0%
19.6%
792
337
244
-0.45
7
-10
0
0
0.47
23.7%
17.5%
943
441
263
-0.46
8
-10
0
100
0.87
23.6%
17.6%
943
366
238
-0.23
9
-10
-10
0
0.52
41.1%
42.5%
658
353
291
-0.86
10
-10
-10
100
0.89
35.7%
36.3%
658
288
255
-0.62
P Gh2 is the horizontal precipitation gradient (%km−1 ) applied east of Numthang (Figure 4.1a), CF R is the coeffient of refreezing
(%) applied to elevations higher than 5500 m asl. Other parameters are identical to the values indicated in Table 4.3. N&S is the
Nash-Sutcliffe efficiency coefficient and RMSE is the root mean square error. P recipitation, Snowmelt, Ice melt and mean glacier
mass balance (GM B) represent model outputs.

4.4.4

Simulated water balance

The simulated magnitudes of all components of the water balance are shown in
Figure 4.8a and Table 4.5 for the upper Langtang basin and for the Lirung subcatchment. Total ice melt amounts to 26% of all positive water balance components
(providing water input to the hydrological system) for the entire basin (43% for
Lirung subcatchment). Snowmelt amounts to 40% (38% for Lirung) and rainfall
contributes by 33% (19% for Lirung). The steep topography of the Lirung subcatchment results in a high importance of gravitational snow transport for the annual water balance: 16% of the annual water input originates from melt of snow
that has been avalanched (43% of total snowmelt; Figure 4.8a). On the larger scale
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Table 4.5: Mean values of the water balance components calculated for (1) the upper Langtang
catchment and (2) the Lirung subcatchment
(1)

Annual
(2)

Post-monsoon
(1)
(2)

Winter
(1)
(2)

Pre-monsoon
(1)
(2)

Monsoon
(1)
(2)

Total inputs
Rain
305.7
370.7
42.0
37.9
0.0
0.0
30.3
35.1
233.4
297.7
Snow melt
Regular
324.5
414.9
64.7
48.8
12.5
13.5
181.4
190.4
65.8
162.2
Avalanched
41.2
317.4
0.4
15.9
0.1
2.9
8.4
60.5
32.4
238.1
Ice melt
Bare-ice
158.6
767.6
3.1
34.8
0.6
7.9
18.7
136.1
136.3
588.8
Sub-debris
79.3
63.5
2.6
6.0
0.2
1.3
12.5
14.9
63.9
41.2
Residuals
Storage change
-28.6
-21.0
-13.0
32.6
19.2
17.1
-54.2
-74.0
19.6
3.3
Losses
Evapotranspiration
-228.4
-101.9
-17.1
-6.6
-3.0
-2.4
-61.9
-31.5
-146.3
-61.4
Outflow
-652.4
-1811.0
-82.8
-169.4
-29.6
-40.4
-135.2
-331.4
-405.0
-1270.0
Seasonal values are shown for post-monsoon (1 October - 31 November), winter (1 December - 28 February),
pre-monsoon (1 March - 15 June) and monsoon (16 June - 30 September) periods of the hydrological year
2012/2013. Avalanched snow melt is here defined as snow that would not have melted if it was not transported
to lower elevations. Storage change represents changes in soil-, channel-, surface- and englacial water reservoirs.
Values are expressed in milimeter water equivalents.

a)

b)

Figure 4.8: Simulated water balance for the year 18 Nov 2012 - 17 Nov 2013: a) upper Langtang
basin and Lirung subcatchment, b) five sub-sections of the watershed. The components of the
water balance are storage changes (soil-, channel-, surface- and englacial reservoir water), snowand icemelt, evapotranspiration (ET A), rain and runoff (always shown in the same order). Hatched
patterns show snow- and icemelt from avalanched snow and from debris covered areas, respectively.
The sum of positive and negative components of the water balance is always zero.
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it is only 4.5% of total water input or 11% of total snowmelt. Only 8% of total
Lirung ice melt originates from sub-debris ablation (Figure 4.8a). This value is
substantially higher for other debris covered glaciers (Langtang: 49%, Langshisha:
30%, Shalbachum: 69%). Overall, 33% of total ice melt in Langtang originates from
sub-debris ablation, which is equivalent to 8.6% of total water input.
Overall, the water input at Lirung subcatchment is much higher than for the
entire basin (1923 mm w.e. in Lirung and 906 mm w.e. in Langtang, Figure 4.8a).
Measured monsoonal streamflow volumes at Lirung hydrological station amount to
15.8% of measured streamflow at Langtang Khola station, although Lirung subcatchment represents only 4.4% of the total catchment area. This is likely due to
decreasing precipitation from west to the east, high elevations and strong vertical
precipitation gradients and an important fraction of Lirung Glacier area that has a
south aspect and is not mantled in debris.
The magnitude of runoff production decreases from west to east (Figure 4.8b).
Areas in the east of the study catchment receive very little precipitation in form of
rain due to lower temperatures at higher elevations and a strong horizontal precipitation gradient during the warm period. The relative importance of ice melt as a
water input increases up-valley. In the northeastern section of the upper Langtang
basin (that includes Langtang glacier) ice melt represents 50% of all water sources,
whereas half of the total ice melt originates from debris covered areas. Snowmelt
represents 37% to 47% of annual water inputs in all five subareas defined in Figure
4.8b. Table 4.5 shows that meltwater inputs from regular snow are highest during the pre-monsoon period (March to mid-June), whereas meltwater inputs from
avalanched snow peak during the monsoon period. This applies to both the whole
basin and to the Lirung subcatchment, and can be explained by heavy snowfalls
during the monsoon period in steep areas located at high elevations.

4.4.5

Information content

The ranking of parameters with highest information content (IC) for annual and
seasonal streamflow simulations is provided in Table 4.6. Parameters that do not
exceed the significance level (α) are not shown. Parameter significances are calculated with the Kolmogorov-Smirnov test (Spear and Hornberger , 1980), with α
equal to 5%/n, where n is the number of parameters that are included in the analysis
(20). The IC-ranks in Table 4.6 are shown separately for the annual variation in total runoff, the seasonal variations and for the variation in model efficiency (Langtang
Khola N&S). For the latter, the 1000 parameter sets are divided into two groups
separating parameter sets that lead to higher and lower than median N&S. This is
called ’behavioral’ partitioning (e.g. Tang et al., 2007). Uncertainty in parameters
with a high rank in this category significantly affects the calculated N&S values.
Four parameters (SRF , α1 , Tmod , SGRa ) have a high IC in all categories. While
SRF , α1 and Tmod have a direct effect on simulated melt (eq. 4.2), SGRa affects
simulated gravitational snow movement. The ranks of the four parameters vary, but
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SRF has the highest IC for annual and monsoonal streamflow as well as with respect
to the behavioral classification. Sub-debris melt parameters that have a significant
IC for both annual streamflow volumes and behavioral classification are TFd1 (eq.
4.4) and debris thickness (d).
IC-ranks with respect to monsoonal streamflow are almost identical as annual
streamflow IC-ranks (Table 4.6), which means that uncertainty in annual streamflow
volumes is mostly determined by the processes that are relevant during the monsoon
period. Monsoonal cell-IC is shown in Figure 4.9a. Debris covered areas generally
have a lower IC than non-debris covered area, whereas IC decreases with debris
thickness. Generally, cell IC strongly depends on elevation. The cell IC is highest
for non-debris covered glacier area at about 5200 m asl (just below the ELA) such
as at Yala Glacier (Figure 4.9a). In order to determine which characteristics other
than elevation affect cell IC, the basin-wide median cell IC of each 100 m elevation
band is subtracted from the cell IC values (’elevation corrected cell IC’, Figure
4.9b). Elevation corrected cell IC is especially high at the tongues of glaciers in
the southwest of the catchment (such as Urkin Kangari or Kanja La), or at Lirung
Glacier just above the debris covered area.
Table 4.6: Results of the regional sensitivity analysis: ranking of parameters regarding their information content for simulated annual and seasonal streamflow volumes
Rank Annual Winter Pre-monsoon Monsoon Post-monsoon Behavioral
1
SRF
SGRa
α1
SRF
α1
SRF
2
α1
α1
SRF
α1
SRF
α1
3
Tmod
SRF
SGRa
Tmod
TT
SGRa
4
SGRa
Tmod
Tmod
SGRa
α2
Tmod
5
TT
α2
TT
TT
Tmod
d
6
TFd1
α2
TFd1
PT
TF
7
d
d
SGRa
TFd1
8
TF
TF
TFd2
9
TFd2
For the category Behavioral, parameters are ranked according to their information content
regarding the Nash-Sutcliffe efficiency criteria. Only parameters exceeding the α threshold
of the Kolmogorov-Smirnov test are shown. Parameters are described in Table 4.3.

Table 4.1 provides the ranks of of glaciers according to the glacier-wide mean cell
IC and elevation corrected cell IC. Yala Glacier has the third highest mean cell IC
and Lirung Glacier the third highest mean elevation corrected cell IC (Table 4.1).
The highest mean values are calculated in both categories for Urkin Kangari and
Kanja La glaciers. We observe that glaciers with a high elevation corrected IC ranks
often have a north aspect. An exception is Lirung Glacier which has a south-east
aspect. Lirung is by far the steepest glacier in the Langtang catchment (Table 4.1),
which seems to have an effect on model sensitivity and therefore cell-IC. We also
calculated the ranks of glaciers with respect to elevation corrected IC for different
seasons. The ranks for the monsoon season are nearly identical to those indicated
in Table 4.1. Lirung Glacier has the highest pre-monsoon rank. The highest rank
regarding the post-monsoon season is obtained for Kimoshung Glacier. This glacier
has a large accumulation area and a low reaching, southward oriented non-debris
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Figure 4.9: Spatial distribution of information content (IC) and elevation corrected IC (where the
median value for each 100 m elevation band is subtracted from the cell IC values), calculated for
the monsoon period 2013 (16 June–31 September).

covered tongue. Temperatures during the post-monsoon period are just high enough
that the last 600 m of the tongue (< 4700 m asl) are exposed to temperatures above
the melting threshold, while for the tongues of other non-debris covered glaciers this
is not the case.

4.5
4.5.1

Discussion
Model calibration

The calibration approach designed for this study resulted in parameter values that
would have been different if no local data had been available for their estimation.
This is exemplified by SRF and T F : with only runoff data available for calibration, SRF would be higher and T F lower (Figure 4.4a). If SRF and T F had not
been calibrated but taken from literature, the chosen parameters would again be
different, as the optimal parameter combinations for other high-elevation regions
shown in Figure 4.4a suggest. Literature values and the calibrated values of T F and
SRF indicate that the temperature dependent energy balance components become
more important and the shortwave radiation component less important as cloudiness
increases (Figure 4.4a). The monsoon dominated climate of the Langtang valley,
where the ablation period coincides with the main accumulation period, is different from the climate of other sites where the ETI model has been applied. This
study demonstrates thus not only that it is of high importance to use local data for
parameter calibration, but also that parameter uncertainty cannot be sufficiently
constrained if only one response variable is available for calibration.
The calibration of the snow albedo parameter α2 also resulted in a high value
(0.34, Table 4.3) previously not reported in literature (Ragettli et al., 2013). α2 is
calibrated against snow albedo measured at AWS Y and a second time against Yala
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mass balance (MB) observations. There is thus evidence that snow albedo in the
Central Himalaya might decrease more rapidly than in other regions. Saturation of
snow due to monsoonal rain and dust deposition due to rain-on-snow events may be
possible reasons.
While the vast majority of model applications in remote high-elevation catchments use daily time steps, this is to our knowledge the first application of a distributed glacio-hydrological model at an hourly resolution. An advantage of simulating processes with hourly time steps is that the comparison with measured hourly
data (e.g. runoff) allows for a more thorough model evaluation. Another advantage
is that temperature thresholds have a better physical basis at the hourly resolution.
Snow depths measured by a sonic ranging sensor next to the pluviometer at 4831
m asl (Table 4.2) and air temperature measured at the same location (Immerzeel
et al., 2014b) reveals that the mean daily air temperature of days with snowmelt
are often well below 0◦ C. During hours with above threshold air temperature melt
occurs which can be modeled by simulations at hourly resolution but not daily.
Other parameters that are affected by the temporal resolution of the simulations
are the storage coefficients. Due to the hourly time step, the storage coefficients are
conditioned to account for diurnal fluctuations (Figure 4.4c). At a coarser time step,
these coefficients would be higher to match better the inter-seasonal variability.
Regarding the use of remotely sensed snow cover for model evaluation, Figure 4.7
shows the RMSE values of Landsat compared against MODIS snow cover. While
Landsat provides high resolution, high quality images of snow cover, the MODIS
product is unvalidated in the HKH region and of relatively low spatial resolution.
The RMSE calculated between Landsat and MODIS SC can thus be considered as
a benchmark for model comparison, since it can be assumed that the error of any
model with respect to MODIS cannot be lower than the difference in snow cover
between Landsat and MODIS. Landsat vs. MODIS RMSE values are lower by only
a few percent than model vs. MODIS RMSE values (Figure 4.7), which attests a
good performance of the model. However, this questions the utility of MODIS SC
for model calibration (such as conducted for the upper Langtang catchment by Konz
et al. (2010)), as in that case the model may be tuned to erroneous observations.
The stepwise scheme for model calibration allowed the identification of knowledge gaps that did not emerge from previous glacio-hydrological model applications
in the upper Langtang catchment (Fukushima et al., 1991; Braun et al., 1993;
Konz et al., 2007, 2010; Immerzeel et al., 2012a, 2013; Racoviteanu et al., 2013),
possibly due to error compensation. The parameters listed in Table 4.3 were not
found to be sufficient to describe the processes at very high elevations (above 5500 m
asl) and the precipitation distribution in the east of the catchment. Two additional
parameters thus had to be introduced (CF R and P Gh2, Table 4.4). More precipitation data from the east of the catchment and information about melting conditions
above 5500 m asl are required to validate the model setup identified as optimal (Table 4.4). Measured catchment runoff (Figure 4.6a, Table 4.4) and the annual point
mass balance at 5501 m asl (Figure 4.4b) suggests that snowmelt from perennial
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snow refreezes within the snowpack and does thus not contribute to runoff. Snow
conditions above 5500 m asl are additionally affected by uncertainty about blowing
wind sublimation, a process that can be important at high elevation in the Central
Himalaya (Wagnon et al., 2013) and that is not considered by the model. Observed
Lirung Glacier runoff suggests that the model does not overestimate melt without a
parameter CF R (and CF R was thus only applied to areas outside the Lirung subcatchment). However, an underestimation of precipitation at the flanks of Langtang
Lirung peak (7227 m asl), an important orographic barrier, may compensate for an
overestimation of meltwater contribution to runoff from above 5500 m asl.

4.5.2

Simulated water balance and runoff

Snowmelt, rain and ice melt all contribute by at least 26% to the simulated annual
water balance (Figure 4.8, Table 4.5). There is a strong seasonal variability in the
relative importance of the water balance components: during the hydrological year
2012/2013, snowmelt represented the most important water input to the hydrological
system from March to May (84% of all sources) and again in October (57%). In
June and in July the hydrology of the catchment was dominated by rainfall (45%)
and in August/September by meltwater inputs from ice ablation (47%). Storage
changes (derived from changes in soil-, channel-, surface- and englacial reservoir
volumes) are the most important contributors to runoff during winter (Table 4.5).
Changes in annual storage between the beginning and the end of the hydrological
year are negligible (Figure 4.8, Table 4.5). Racoviteanu et al. (2013) have shown
that in November 2008 and 2009, an important fraction of channel runoff (30%)
had the isotope signature of groundwater. This means that an important fraction of
meltwater or rain is routed through the ground. Base flow in winter is reproduced
well by the model (Figure 4.6a), which suggests that inter-seasonal storage changes
are not over- or underestimated or that the soil configuration (Section 4.3.8) does not
need to be revisited. However, the model overestimates catchment runoff during the
main monsoon period (Figure 4.6a). If the streamflow measurements can be trusted,
this overestimation might be due to underestimation of groundwater storage or an
underestimation of runoff that is leaving the catchment through the groundwater
and not through the channel. Rainfall is an important but also very variable water
balance component during this period (Figure 4.6b), but the variability in rainfall
input to the hydrological system is almost not visible in measured Langtang runoff
(Figure 4.6a), while some of the variability appears in simulated runoff. It is rather
unlikely that the model overestimates rainfall, since precipitation and temperatures
are measured at various locations in the valley, and used by the model directly as
input data or to estimate meteorological gradients. The effect on streamflow of
variable rainfall input to the hydrological system must therefore be buffered by the
soil if streamflow data are correct. However, measured monsoon runoff in Himalayan
high-elevation catchments must be treated with care. Tracer experiments for the
calculation of the rating curve are rarely conducted during the peak monsoon period
in July/August, due to difficult road conditions, and the rating curve might therefore
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not be representative of peak flows. Recorded stage heights may also underestimate
peak flows since the radar sensor cannot measure water levels within a very short
distance. Peak runoff according to the stage height measurements in 2013 was
17 m3 s−1 . The maximum discharge measured by tracer experiments at Langtang
Khola on 1 July 2012 was not much below that value (14.95 m3 s−1 ). However,
the tracer experiments were carried out just before intensive monsoon rainfall set
in (in total 36.1 mm precipitation measured in Kyangjing on 3 and 4 July 2012).
We cannot therefore be sure that the rating curves represent well discharge after
intensive monsoon precipitation. Observations by Fukushima et al. (1991) show
that for the very wet year 1985/1986 (1224.5 mm w.e. precipitation) monsoon mean
daily runoff (measured at a location about 1.3 km upstream of the current gauge)
exceeded 30 m3 s−1 every day during July/August. The simulated peak value of
23.8 m3 s−1 of the present study is therefore within the range of observed values.
Since the results of all previous glacio-hydrological model applications in the basin
(Fukushima et al., 1991; Braun et al., 1993; Konz et al., 2007, 2010; Immerzeel
et al., 2012a, 2013; Racoviteanu et al., 2013) are highly sensitive to measured
discharge, this highlights the importance of using other in situ data instead of the
lumped catchment response for the calibration of model parameters.

4.5.3

Simulated glacier mass balances

The model simulations of accumulation and ablation resulted in a negative glacier
mass balance (-0.24 m w.e. a−1 ) for the hydrological year 2012/2013, using the
model setup that performs best with respect to all available observed data (case
8 in Table 4.4). Annual mass balances calculated for single glaciers (reported in
Table 4.1) vary between -0.92 m w.e. a−1 (Urkin Kangari) and 0.69 m w.e. a−1
(Kimoshung). This range of values probably overestimates the actual differences
between glaciers. Kimoshung glacier has a large accumulation area that is shielded
towards the south by a ridge higher than 6000 m asl. Monsoon clouds moving upvalley may be blocked by that ridge and extrapolated precipitation and therefore
mass balance overestimated as a result. Glacier area of Urkin Kangari or of other
small, non-debris covered glaciers in the south may be overestimated due to a not up
to date glacier mask. The model probably provides more accurate simulations for
Yala Glacier, where the monitoring network is dense (Figure 4.1). Here, an annual
mass balance of -0.17 m w.e. a−1 is simulated (Table 4.1), while the ELA is located
at 5400 m asl (Figure 4.4b). Fujita and Nuimura (2011) locate the ELA at Yala
Glacier for the periods 1982–96 and 1996–2009 at the same elevation, using GPS and
ground-penetrating radar measurements. The ELA in 2011/2012 was slightly higher
(5450 m asl, Baral et al. (2014)), but the year 2013 was characterized by much more
post-monsoon precipitation than in 2012. Only 1.3 mm w.e. of precipitation was
measured at AWS K in October/November 2012, but 150 mm w.e. during the same
period in 2013 due to the cyclone Phailin. Overall, 924.5 mm w.e. precipitation
were measured in Kyangjing during the period 18 Nov 2012 - 17 Nov 2013 which
is 284 mm w.e. more than the annual average of the years 1990-2010. This can
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explain why Sugiyama et al. (2013) calculate a mean thinning rate of Yala Glacier
for the years 1982–96 (-0.69 m w.e. a−1 ) and 1996–2009 (-0.75 m w.e. a−1 ) that is
substantially lower than the modeled mass balance in this study.
The annual mass balances of debris covered glaciers are all negative (Table 4.1).
Melt rates of debris covered areas differ fundamentally from melt rates of bare ice at
similar elevations, even when taking into account that supraglacial lakes and cliffs
contribute to melt. At 4800 m asl, the annual mean melt rate of bare-ice glacier
area is 0.55 m w.e. d−1 , whereas the mean melt rate of debris covered area at the
same elevation is only 0.07 m w.e. d−1 . In comparison to a model run where the
presence of supraglacial debris is ignored, melt rates from debris covered glacier
area are reduced on average by 84%. Previous studies assumed a reduction of 50%
(Braun et al., 1993) to 70% (Konz et al., 2007; Immerzeel et al., 2013) obtained
with a constant in time and uniform in space reduction factor.
4.5.4

Collection of local data

Data collection in 2012 and 2013 at locations on- or near glaciers was concentrated
mainly at Lirung and Yala (Figure 4.1). Yala was chosen because it is considered
as a ’benchmark glacier’ for the Himalayan region (Fujita and Nuimura, 2011),
which has been well investigated in the last 20 years. Lirung Glacier was chosen
because of its relatively easy access, previous studies (Naito et al., 1998; Sakai
et al., 1998, 2000, 2002) and because it offered an ideal case to study cliffs and
supra-glacial ponds (Steiner et al., 2014). The information content analysis (Tables
4.1 and 4.6 and Figure 4.9) allows assessing the effectiveness of ongoing monitoring
programs to i) reduce the uncertainty in model parameters that lead to uncertainty
in modeled streamflow, and to ii) verify that the locations are well chosen in the
sense that defining parameter at specific sites effectively leads to less uncertainty in
modeled streamflow.
The parameter with the highest information content, SRF , was determined by
calibration against two different datasets (Lirung streamflow and Yala mass balance). However, the simulations of streamflow and glacier melt are affected by a
number of other processes (e.g. temperature distribution, snowfall amounts, albedo,
etc.). The model certainly does not represent all these processes perfectly, a fact
that may affect the calibrated value of SRF . For the design of future field campaigns
it would therefore be advisable to install an AWS on bare-ice during the ablation
season. Calibration of SRF (and T F ) against the outputs of an energy balance
model at the point scale could provide robust parameter estimates (e.g. Ragettli and
Pellicciotti , 2012) that are not affected by potential errors in other model components. AWS Y-G could be used for that purpose, but during the previous field
campaign did not measure all the input data necessary to an EB model (e.g. wind
speed) due to technical problems. Fresh snow albedo (α1 ) is the parameter with
the second highest ranks in Table 4.6 and was determined using the observed snow
albedo of 12 snowfall events at AWS Y (Table 4.3). Since AWS Y is a permanent
weather station, future data can be used for a more complete statistical analysis.
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SGRa seems to be an important parameter (Table 4.6). For safety reasons it is
not advisable to measure snow depths in avalanche areas; the function that relates
snow holding depth to slope will therefore always have to be determined by indirect methods such as by calibration against remotely sensed avalanche patterns, as
in this study. Finally, to limit the discussion to the parameters that are among
the top five in annual IC in Table 4.6, Tmod and TT are temperature related parameters which in theory can be directly determined with the current monitoring
setup. However, those are parameters whose uncertainty is naturally high. Tmod is
associated with the variability of air temperature over glacierized surfaces, which is
high especially during the day, poorly understood and controlled by katabatic flows
and energy fluxes in the glacier boundary layer. TT is an empirical parameters that
is normally assumed or calibrated, but depends also on meteorological conditions,
the energy balance at the glacier surface and on the cold content of the snow pack.
Given this, it is unrealistic to determine a single optimal value for Tmod and TT . It is
therefore recommended to vary these parameters following a Monte Carlo procedure
to provide robust projections of simulated streamflow.
Regarding the choice of the locations for fieldwork, the results of the information
content analysis are encouraging. Yala Glacier has the third highest mean IC and
Lirung Glacier the third highest IC if elevation effects are omitted (Table 4.1). In
the case of Yala Glacier the model is sensitive to the transition from a snow covered
to an ice exposed surface, which due to changes in albedo leads to strong variations
in simulated melt. Field campaigns in the region should therefore always focus on
elevations above and below the potential location of the ELA. If the approximate
elevation of the ELA is known, this value should be used as a response variable for
model calibration. For the present study, the ablation stakes confirmed that the
model reproduces the ELA correctly at Yala Glacier. Regarding Lirung Glacier, the
fieldwork was concentrated on the tongue, while it is the steep area above the glacier
cirque that has a high information content. Fieldwork on the tongue is necessary to
fill the data gap which exists about processes on debris covered glaciers. However,
measured glacier runoff allowed the uncertainty in modeled meltwater contribution
from higher elevations to also be constrained. Avalanching is an important process on Lirung (Figure 4.8), and remotely sensed avalanche patterns were therefore
evaluated at a very relevant location.
The high IC of Urkin Kangari and Kanja La glaciers does not mean that the
monitoring program needs to be entirely transferred to the southern side of the
basin, since glaciers there are relatively small. The sum of all cell IC of all glacier
area in the south-west of the catchment is still less than the sum of all cell IC
calculated for Langtang glacier only. However, temperature and precipitation data
and an updated glacier map would be beneficial in order to assess if the model
represents the glacio-meteorological conditions correctly in the south-west.
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Conclusions

New detailed in situ data from the upper Langtang catchment, the core study catchment of various institutions doing research in the Central Himalaya, are used to set
up a state-of-the-art glacio-hydrological model and provide a fundamental understanding of the complex hydrology of this Himalayan catchment. The model is used
to quantify processes that have been previously suggested to be important in Himalayan catchments but never quantified before. We use it to provide estimates
of the contribution of glaciers and snow to catchment runoff and their spatial and
temporal variability.
14 parameters are directly calculated on the basis of local data, and 13 parameters are calibrated against 5 different datasets (Table 4.3, Figure 4.2). Measured
catchment runoff and remotely sensed snow cover - datasets that are used in previous modeling studies in the region to tune model parameters but in high-elevation
regions are often affected by significant uncertainties - are not used for model calibration but only for validation. All parameter values derived in this study can
be directly linked to physical processes that can be observed. The methodology
to derive various parameter values can be regarded as a benchmark for future efforts to calibrate glacio-hydrological models. However, the systematic approach to
estimate model parameters based on local data also revealed further data gaps,
not often discussed in literature, that are significantly affecting the performance
of glacio-hydrological models. As such, there remains uncertainty about snowmelt
contribution to runoff from perennial snow (> 5500 m asl) and about the spatial
variability of precipitation. However, by employing all 27 model parameters that are
included in the calibration scheme, and by making realistic assumptions about the
spatial variability of precipitation and melt at high elevations, the model is capable
of reproducing observed catchment runoff and snow cover accurately.
The systematic integration of detailed local information on physical processes
enhances the capacity of the model to unravel the full water balance of the study
catchment. Snowmelt is the most important contributor to total runoff during the
hydrological year 2012/2013 (representing 40% of all sources), followed by rainfall
(34%) and ice melt (26%). From March to May and again in October snowmelt represented the most important streamflow source. In June and in July the hydrology
of the catchment was dominated by rainfall and in August/September by meltwater
inputs from ice ablation. Note that these results might differ slightly for years with
considerably different meteorological conditions than during the hydrological year
2012/2013.
A novel approach is used to generate maps of spatially varying debris thickness.
The role of supraglacial lakes and cliffs on the total melt of a debris covered glacier is
indirectly taken into account by attributing more shallow debris to model grid cells
that contain lakes and cliffs. In combination with a new sub-debris melt model, we
provide the first estimation of the melt reducing effect of supraglacial debris in the
upper Langtang catchment that is based on in situ data. We find that melt rates
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on average are reduced by 84%, which is more than assumed by previous modeling
studies (Braun et al., 1993; Konz et al., 2007; Immerzeel et al., 2013). In spite of
the lower melt rates below debris, simulated annual glacier mass balances of debris
covered glaciers are of similar magnitude than those of non debris covered glaciers.
Overall, the mass balance of glacierized area of the upper Langtang catchment for the
hydrological year 2012/2013 was -0.24 m w.e. One third of total ice melt originated
from the debris covered glacier parts.
The analysis of the spatial distribution of information content confirms the effectiveness of the current monitoring setup, since the installed network is concentrated
at locations where the uncertainty in glacier mass balance due to uncertainty in
model parameters significantly affects uncertainty in simulated catchment runoff.
The analysis underlines that it is fundamental for the performance of a glaciohydrological model to represent well the ELA, as previous studies have concluded
(e.g. Racoviteanu et al., 2013). The information content analysis also reveals that a
significant portion of runoff uncertainty can be attributed to uncertainty in modeling gravitational snow redistribution, although only about 5% of total water inputs
to the hydrological system originate from melted snow that had been moved by
avalanches. Since avalanching can have locally and temporarily an important effect
on the water balance, this processes need to be considered by glacio-hydrological
models in the Central Himalaya. With respect to potential applications of the
model for future projections, an effort should be made to collect the relevant data
to integrate melt from supraglacial cliffs and lakes explicitly into the model, in order
to further improve its predictive skills.
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Chapter 5

Sources of uncertainty in modeling
the glacio-hydrological response of
a Karakoram watershed to climate
change
Abstract
*In the headwater catchments of the main Asian rivers, glacio-hydrological models are a useful tool to anticipate impacts of climatic changes. However, the reliability
of their projections strongly depends on the quality and quantity of data which are
available for parameter estimation, model calibration and validation, as well as on
the accuracy of climate change projections. In this study the physically-oriented,
glacio-hydrological model TOPKAPI-ETH is used to simulate future changes in
snow, glacier and runoff from the Hunza River Basin in Northern Pakistan. Three
key sources of model uncertainty in future runoff projections are compared: model
parameters, climate projections and natural climate variability. A novel approach,
applicable also to ungauged catchments, is used to determine which model parameters and model components significantly affect the overall model uncertainty. We
show that the model is capable of reproducing streamflow and glacier mass balances,
but that all analyzed sources of uncertainty significantly affect the reliability of future projections, and that their effect is variable in time and in space. The effect of
parametric uncertainty often exceeds the impact of climate uncertainty and natural
climate variability, especially in heavily glacierized subcatchments. The results of
the uncertainty analysis allow detailed recommendations on network design and the
timing and location of field measurements, which could efficiently help to reduce
model uncertainty in the future.
*Ragettli, S., F. Pellicciotti, R. Bordoy, and W. W. Immerzeel (2013). Sources
of uncertainty in modeling the glaciohydrological response of a Karakoram watershed
to climate change, Water Resources Research, Vol. 49 (9), 6048-6066, http: // dx.
doi. org/ 10. 1002/ wrcr. 20450 .
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Introduction

Mountain glaciers and snow are an important source of freshwater for lowland areas (Barnett et al., 2005; Kaser et al., 2010). Worldwide, most mountain glaciers
have been retreating and global warming will likely enhance continued recession
(IPCC , 2007). In the short term, negative mass balances, resulting from decreasing
winter accumulation and/or increasing summer ablation, should lead to an increase
of glacier runoff (Pellicciotti et al., 2010). In the long run, when glaciers have
reached a limiting size, runoff is likely to decrease and glacier recession will lead to
a transition from a glacier-dominated to a snow and/or rainfed hydrological regime.
The Himalaya-Karakorum (H-K) region is characterized by a high degree of complexity and variability of the processes controlling snow accumulation, snow- and
glacier melt and the overall response of glacierized basins. Rapid declines of glacier
areas are reported from the Greater Himalaya and most of mainland Asia, but many
central Karakoram glaciers began expanding in the late 1990s (Hewitt, 2005; Bolch
et al., 2012; Gardelle et al., 2012; Kääb et al., 2012). Topographic control on snow
accumulation and the presence of debris covered glaciers, in combination with distinct climatic patterns, can partly explain differences in glacier fluctuations within
the H-K (Hewitt, 2011).
A thorough analysis of the hydrological significance of future glacier evolution
in the H-K is severely hindered by a lack of data (Bolch et al., 2012; Pellicciotti et al., 2012). Thus, previous modeling studies on effects of glacier retreat
on streamflow trends have, in general, examined either just a single catchment
or areas within a relatively limited geographical region (Singh and Kumar , 1997;
Singh and Jain, 2002; Singh and Bengtsson, 2004; Singh et al., 2006; Immerzeel
et al., 2012a). Models which have been used for projections on a larger scale (e.g.
Immerzeel et al., 2010) are conceptual and not sufficiently process-based to take
into account specific and spatially variable basins characteristics when simulating
their response to climatic changes.
Understanding the response of complex climate-basin systems to a changing climate requires appropriate models that can mimic the physics of the key controlling
processes (Cogley, 2011). Modeling the seasonal hydrographs in snow and glacier
dominated, data scarce catchments with physically-based models presents one major challenge: finding sufficient and suitable data for parameter estimation or model
calibration to reduce the risk of a compensation of errors through different model
components and model parameters (Pellicciotti et al., 2012). If only single integrated response variables are used for calibration (in general streamflow and/or
remotely sensed snow cover), more than one parameter set may exceed a defined performance benchmark, which in the literature has been referred to as an equifinality
problem (e.g. Beven, 2001, 2002; Wagener et al., 2003). If the model is sufficiently
physically-based, parameter values can be estimated directly from measurements or
literature, but the lack of adequate data leads to uncertainty in parameter values
which increases the uncertainty in final model output.
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Given the high difficulties in obtaining new data from the H-K region owing to
logistical, financial, political and even military obstacles to data collection (Cogley, 2011), it is thus worth investigating in more detail the main sources of uncertainty in glacio-hydrological modeling. This may help to determine where resources
should be allocated for field observations and how fieldwork can be most efficiently
planned in order to collect the information that can most effectively reduce model
uncertainty.
In this study we apply the physically-oriented, distributed glacio-hydrological
model TOPKAPI-ETH to the Hunza River Basin in the Karakoram region (13’715
km2 ) with the aim of quantifying the importance of different sources of uncertainty
on future streamflow projections. TOPKAPI-ETH has been successfully applied
to simulate streamflow from high-elevation catchments (Finger et al., 2011, 2012;
Ragettli and Pellicciotti , 2012; Pellicciotti et al., 2012; Ragettli et al., 2014a).
The model requires, however, detailed information on single glacio-hydrological processes for estimating model parameters and/or for model calibration (Ragettli and
Pellicciotti , 2012). While detailed ground data from the Hunza River Basin are
scarce, this region has benefited from growing scientific interest in the past years
due to recent evidence of glacier expansion in the Karakorum and the regions importance for downstream water supply: short-term monitoring programs and low
altitude weather stations (Hewitt, 2005), satellite laser altimetry and elevation
models (Kääb et al., 2012; Gardelle et al., 2012) and remotely sensed analysis of
the cryosphere (Tahir et al., 2011a) have led to a better understanding of the climatological and topographical control on glacier fluctuations. Two recent modeling
studies have attempted to simulate the hydrology of the region (Tahir et al., 2011b;
Pellicciotti et al., 2012). These previous glacio-hydrological studies provide the basis for setting up TOPKAPI-ETH for the Hunza River Basin and to evaluate model
performance and uncertainty.
We compare the effect of different sources of uncertainty - parametric uncertainty,
climate projections, natural climate variability - and assess where additional effort
should be placed to reduce it. This paper then presents a new methodology to assess the spatial and temporal variable capacity of individual parameters and model
components to explain total uncertainty in simulated runoff, based on a regional sensitivity analysis (Spear and Hornberger , 1980; Hornberger and Spear , 1981). We use
this methodology to test how accurately individual parameters need to be defined for
reliable projections of future water availability in the region and which type of field
data are required to efficiently constrain model uncertainty. The strong topographical and climatological heterogeneity of the study catchment makes it particularly
interesting to assess the spatially and temporally variability of the information content of model parameters and variables. The overarching objective of this study is
thus to gain insight into glacio-hydrological and meteorological processes controlling the uncertainty in model outputs, in an area where monitoring is demanding,
but where prognostic tools are extremely useful to anticipate the impacts of climate
change.
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Table 5.1: Characteristics of the Hunza River Basin and subregions.
Area (km2 ) Mean
Glacierized Mean
Debris % Input data*
Elevation (%)
Glacier
of Glacier
(m asl)
Size (km2 ) Area
Hunza
13’715.0
4511
25.8
10.4
22.7
Naltar
4’567.5
4038
23.9
14.6
26.1
Naltar (2810 m asl)
Hispar
1’864.3
4641
41.5
51.6
26.0
Naltar (2810 m asl)
Shimshal 2’760.0
4856
32.5
11.1
20.7
Naltar (2810 m asl)
Ziarat
2’204.0
4612
18.2
5.8
23.2
Ziarat (3669 m asl)
Kunjerab 2’319.5
4830
16.1
3.7
10.2
Kunjerab (4730 m asl)
*Input data denominates the meteorological station which is providing the meteorological input
data to the associated subregion.
Name

5.2

Study site and data

This study focuses on the Hunza River Basin (Figure 5.1), located in the Karakoram
Range at about 36◦ N and 75◦ E in the Northern Territory of Pakistan. The area of
the basin is about 13’715 km2 and approximately 26% of the basin is covered by
glaciers (Table 5.1). The Hunza River is a tributary to the Gilgit River which
eventually flows into the upper Indus.
One of the most important characteristics of the study area is that many glaciers
are extensively debris covered (Table 5.1). Glacier debris originates mainly from
surrounding rockwalls and accumulates as supraglacial debris, partially or totally
covering the glacier ablation zone. At a depth of a few centimeters, debris cover
reduces glacier melt rates (e.g. Mihalcea et al., 2006). As glaciers act as a debris
conveyor, the base of headwalls are continuously cleared off which allows continued
headwall retreat (Scherler et al., 2011a). In turn, the steep topographic relief favors
the appearance of avalanches.
Glaciers in the Karakoram seem to behave anomalously in the sense that many
glaciers, in particular at the highest elevations, show no volume loss in contrast to
the global trend of glacier recession (Hewitt, 2005; Bolch et al., 2012; Gardelle
et al., 2012; Kääb et al., 2012). Recent glacier expansion in the Karakorum can
be partly explained by distinct climatic patterns in combination with the regions
specific accumulation and ablation regime (Hewitt, 2011): the presence of debris
on many Karakoram glacier tongues might retard the glacier response to climate
warming (Scherler et al., 2011b), and downslope conditions are influenced more
quickly by high-altitude snowfall due to avalanche nourishment of glaciers. Patterns
of variable topographic shading, causing differential ablation because glaciers receive
different amounts of surface irradiance, may also partly explain differences in glacier
fluctuations within the same region.
5.2.1

Climatic and hydrological characteristics

The climate of the Hunza River Basin is characterized by a varying influence of the
South Asian monsoon and westerly airflow. The south of the Hunza River Basin re-
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Figure 5.1: Map of the Hunza River Basin showing the position of the 3 meteorological stations,
the outlines of the 5 subregions, the river network and glacierized areas (debris covered glacier area
and clean ice in a different color). The numbers on the map indicate the locations of glaciers listed
in Table 5.7.

98

CHAPTER 5 - SOURCES OF UNCERTAINTY

ceives precipitation from summer monsoon between June and September and from
midlatitude Westerlies strongest in winter, when low pressure systems reach the
western margin of High Asia. The influence of westerly winds decreases from west
to east, while the strength of the monsoon decreases from south to north, as wet air
masses are orographically forced out. High-elevation areas in the north of the catchment are significantly more arid (Harper and Humphrey, 2003). Precipitation from
winter Westerlies can reach higher elevations than the summer monsoon, which
may be related to the higher tropospheric extent of the westerly airflow (Scherler et al., 2011a). Increasing precipitation and maximum precipitation occurring
between 5000 and 6000 m in glacier source areas has been proposed as a possible explanation for the observed glacier expansion (Hewitt, 2005, 2011). Valley
weather stations indicate increases in precipitation since the early 1960s (Archer
and Fowler , 2004; Hewitt, 2005; Fowler and Archer , 2006). Mean summer temperatures slightly decreased until the turn of the century (Fowler and Archer , 2006)
but have shown a noticeable increasing trend since 2001 (Sarikaya et al., 2013).
Hydrometeorological data used in this study are provided by the Water and Power
Development Authority of Pakistan (WAPDA): precipitation and temperature data
are measured at three automatic weather stations in Naltar, Ziarat and Kunjerab
(Figure 5.1). Values of daily precipitation are calculated from one-minute measurements of accumulated precipitation recorded by an automated weighting system.
Data are available for a 14-year period from 1996 to 2009. Runoff is measured at
the gauging station (Danyior Bridge) at the outlet of the study catchment (Figure
5.1). Runoff data and observed trends in timing and magnitude of flow from the
Hunza at Danyior is discussed in detail by Sharif et al. (2013). An observed falling
trend in runoff magnitude between 1966 and 1997 was associated to a declining proportion of glacial contribution and possibly increased storage and reduced glacier
runoff due to positive glacier mass balances.
Ziarat and Kunjerab are high-elevation weather stations in the north of the catchment, while Naltar is representative for the climate south of the main ridge. Mean
annual precipitation is highest at Naltar with 625 mm and significantly lower in
the North (Ziarat: 158 mm, Kunjerab: 162 mm). Measured mean annual temperatures decrease with higher elevation from 6◦ C at Naltar (2810 m asl) to 2.4◦ C at
Ziarat (3669 m asl) and -6◦ C at Kunjerab (4730 m asl). Areas of influence of the
three meteorological stations are attributed by using the drainage divides of five
Hunza River Basins subregions whose borders are shown in Figure 5.1. Data from
the Naltar station are used also as an input to the Hispar and Shimshal subcatchments, both located in the southeast of the Hunza River Basin, as no other local
meteorological data are available.
5.2.2

DEM, glacier and debris maps

An ASTER Global Digital Elevation Model (GDEM) dataset of 30m resolution
(available on http://gdem.ersdac.jspacesystems.or.jp) is used for the calculation of glacier thicknesses (Section 5.3.1). The vertical accuracy is between 30
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and 40 meters in area with slopes less than 30◦ (Pieczonka et al., 2011). For the
glacio-hydrological modeling this DEM is resampled to a resolution of 500m to reduce computational requirements. The glacier and debris map were provided by the
International Centre for Integrated Mountain Development (ICIMOD). These maps
were generated by a semi-automated object-based classification method based on
Landsat TM7 imagery around the period 2003 (Bajracharya and Shrestha, 2011).
Debris covered glacier area was corrected manually because the automated method
cannot accurately enough separate bare rock from debris based on the spectral signatures (Bajracharya and Shrestha, 2011; Paul et al., 2004).

5.3
5.3.1

Methods
Model description

TOPKAPI-ETH is a fully distributed rainfall-runoff model that has been developed
for applications to mountainous basins. It is applied in this study at a daily timestep and a grid resolution of 500m. The hydrological components of the model
are almost identical to the version used by Ragettli and Pellicciotti (2012), Finger
et al. (2011, 2012) Pellicciotti et al. (2012) and Ragettli et al. (2014a). In the study
of Pellicciotti et al. (2012) the model was applied to the same basin as in this
study. For a detailed description of the model components we therefore refer to
these publications and only a brief overview of the most important components is
provided here.
Water routing is based on the kinematic wave concept, whereby soil drainage,
overland flow and channel flow are represented by non-linear reservoir differential
equations (Liu and Todini , 2002, 2005) that are resolved for each catchment grid cell.
The soil water routing component of TOPKAPI-ETH has a strong physical basis,
since the process can be described by soil properties that are physically measurable.
In return for its physical basis, this component requires a relatively large number of
model parameters (soil parameters in Table 5.2).
Snow- and glacier melt is computed using an Enhanced Temperature-Index (ETI)
approach (Pellicciotti et al., 2005, 2008):

Mi =




 TF · Ti + SRF · Ii · (1 − αi )
0




Ti ≥ TT
T i < TT

,

(5.1)

T F is called temperature factor (mm w.e. d− 1 ◦ C −1 ) and is an empirical parameter. The equivalence between net shortwave radiation (I, Wm−2 ) and units
of melt (M , mm w.e. d−1 ) is controlled by an empirical shortwave radiation factor
(SRF , m2 mm w.e. W −1 d−1 ). TT is the threshold air temperature ( ◦ C) for melt
onset. As an input to each cell i of the grid, the ETI approach requires extrapolated air-temperature (T ), distributed estimates of incoming shortwave radiation
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(I) and albedo (α). Snow albedo is calculated as a function of an empirical parameter α2 that controls the logarithmic decrease of albedo and the maximum albedo
after snowfall (α1 ) (Brock et al., 2000). Incoming shortwave radiation is simulated
with a non parametric model based on Iqbal (1983) for the position of the sun relative to the considered area during each time step and a vectorial algebra approach
(Corripio, 2003) to account for the interaction between the solar beam and terrain
geometry. Daily cloud transmissivity (CT ) coefficients are derived from the range
of diurnal variations of air temperature (Pellicciotti et al., 2011).
TOPKAPI-ETH requires only temperature and precipitation data as input. This
makes the model suitable for applications in remote high-elevation catchments,
where data scarcity is a major issue. Station data are extrapolated to every model
grid cell using linear lapse rates for temperature (Tgrad ) and precipitation (Pgrad ).
Despite the fact that they might not reflect the actual distribution of the two variables, linear lapse rates are commonly assumed for studies in the region (e.g. Mayer
et al., 2006; Tahir et al., 2011a).
Model adaptations
In comparison to previous applications of TOPKAPI-ETH (Finger et al., 2011, 2012;
Ragettli and Pellicciotti , 2012; Ragettli et al., 2014a; Pellicciotti et al., 2012),
the model has been modified in this study to apply enhanced solutions for processes that are of particular importance for the selected study region as well as for
long-term simulations of catchment response. The enhancements are i) the ∆hparameterization of glacier retreat (Huss et al., 2010b), ii) a new routine for the
calculation of gravitational snow transport using a slope dependent maximum snow
holding depth (Bernhardt and Schulz , 2010) and iii) the inclusion of two empirical
parameters (TFd and SRFd ), which substitute the empirical parameters (TF and
SRF, Equation 5.1) to compute melt from the debris covered sections of glaciers.
The reasons for the observed anomalous flow dynamics of Karakoram glaciers, including their propensity to surge, are not yet entirely understood (Mayer et al., 2011;
Bolch et al., 2012). The simple approach used in TOPKAPI-ETH to simulate glacier
movement reflects the lack of understanding of glacier dynamics boundary conditions in the Karakoram: we use the ∆h-parameterization of glacier retreat proposed
by Huss et al. (2010b), validated for large valley glaciers in the Swiss Alps. Although
there are uncertainties related to the transfer of the ∆h-parameterization from the
Alps to the Karakoram, the approach guarantees that ice accumulated above the
equilibrium line altitude is redistributed to lower elevations, and that declines in
glacier area are delayed by flow dynamics. This approach is therefore preferred
over the simple assumption of a static glacier mass balance. However, the approach
cannot take into account long response times of glacier termini to climate change.
The larger and flatter the glacier, the slower the reaction to changes in snowfall in
the accumulation area under equal climatic conditions (Bolch et al., 2012). The
approach will therefore tend to underestimate glacier retreat in the case of negative
mass balances but increasing precipitation. In the case of positive mass balances,
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glacier geometry changes are not allowed by the model for the same reason.
Initial glacier thickness maps for the Hunza River Basin were generated as described in Immerzeel et al. (2012a), assuming that basal sliding is the dominant
motion mechanism (Copland et al., 2009) and therefore that basal shear stress is at
equilibrium shear stress, which then allows the estimation of initial ice thicknesses
as a function of slope and the known extent of glaciers (Cuffey and Paterson, 2010).
The reader is referred to Immerzeel et al. (2012a) for technical details. Calculated
glacier thicknesses are plausible when compared to estimates based on empirical
non-linear volume-area scaling (Bahr et al., 1997; Immerzeel , 2011). The advantage of the equilibrium shear stress approach is that the estimates of ice thickness
are provided at a high resolution, whereas empirical methods provide only an estimate for the average thickness of an entire glacier. Also, the equilibrium shear
stress approach is independent of the shape of a glacier (valley, ice sheet or cirque)
whereas empirical methods show a strong dependence on glacier types and geometry
(Bahr et al., 1997).
Although TOPKAPI-ETH was modified to account for the processes which have
been suggested in the literature to explain the response of Karakoram glaciers to
climate change (debris insulation, avalanche nourishment, topographic shading, regional climatic patterns), projections of glacier fluctuations will remain uncertain as
long as the model cannot sufficiently account for the physical processes controlling
the glacier dynamics. The applicability of more complex procedures to estimate
ice-thickness distributions (e.g. Farinotti et al., 2009) or to simulate glacier movement (e.g. Mayer et al., 2011) suffers from poorly documented boundary conditions
of ice flow mechanics in the Karakorum. Future glacier extension simulated by
TOPKAPI-ETH must therefore be treated with some care. In Section 5.4.4, we use
a sensitivity analysis to assess the effect on future runoff simulations of uncertainty
about initial glacier thickness and the ∆h-parameterization.
5.3.2

GCM data and its downscaling

The general circulation models (GCMs) used in this work are: 1.) the CGCM3.1(T47)
model of the Canadian Centre for Climate Modelling and Analysis, Canada (CGCM3),
2.) the CM2.0 model of the Geophysical Fluid Dynamics Laboratory (CM2), USA
and 3.) the high-resolution version of the MIROC3.2 model of the Center for Climate System Research/National Institute for Environmental Studies/Frontier Research Center for Global Change, Japan (MIROC3). These three GCMs are selected
because of their good performance in simulating present day climate (Immerzeel
et al., 2010).
We analyze the effect of climate change until the year 2050. Since the uncertainty
due to the emission scenarios is rather small for the considered time period (Prein
et al., 2011), only the emission scenario A1B is used.
The outputs of the selected GCMs are at monthly scale. They are downscaled
to daily temporal resolution at the station locations using a stochastic approach
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Figure 5.2: Precipitation and temperature measured at the locations of the three meteorological
stations, and generated with the stochastic approach, for the control period 1996-2009. Error bars
represent the standard deviation in monthly mean values.

that provides an ensemble of future scenarios. One of the main advantages of this
type of downscaling is that it accounts for the natural variability of the climate
by preserving the observed statistical properties of precipitation and temperature.
In addition, the effect of the stochastic nature of these variables can be taken into
account when simulating the hydrological response of a catchment.
Precipitation is downscaled by reparameterization of the Spatio-Temporal NeymanScott Rectangular Pulses (ST-NSRP) model implemented in the RAINSIM package
(Burton et al., 2008; Bordoy and Burlando, 2014b). The methodology uses debiased climate model outputs and the scaling properties of the precipitation process
to perturb the statistics needed for the model calibration at several temporal aggregations (Bordoy and Burlando, 2013; Bordoy, 2013). The model parameterized in
this way is used to generate 100 stochastic realizations of 10-year length each, for
each decade until 2050.
Due to its different statistical characteristics, temperature is downscaled with
a different approach. To capture the temporal and spatial correlations at daily
resolution, a multivariate Markovian model is used to generate, in a Monte Carlo
way, an ensemble of 100 standard series of 10-year length each. These time series
are then shifted and rescaled on a monthly basis according to the debiased GCM
temperature outputs following the change factor approach (Hay et al., 2000).
For the debiasing of climate model outputs, as well as for the parameterization of
the ST-NSRP and Markovian models, we use the signatures of fourteen years of observed daily data (1996-2009, see Section 5.2.1). Months with missing data (15.1%
of all months in the case of precipitation and 27.5% in the case of temperature)
are not considered. The performance of the stochastic approach can be assessed
by comparing generated with observed meteorological data, without applying the
change factors extracted from the GCMs. Figure 5.2 shows that the monthly characteristics of observed temperature and precipitation are well reproduced for the
control period. Differences in total annual precipitation are less than 3% for each of
the three stations.
Time-series of daily cloud transmissivity coefficients are generated randomly by
using the probability distribution of cloud coefficients of the present as a function of
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precipitation intensity. In this way we allow for a change of future cloud coefficients
as as function of the predicted number of days with precipitation and of precipitation
intensity.
5.3.3

Model calibration

The main prerequisite for model parameters in this study is that they remain within
realistic ranges of values. A systematic multi-criteria calibration procedure could
reduce uncertainties about parameter ranges. However, Pellicciotti et al. (2012)
have shown that calibration data available for the Hunza River Basin (runoff measured at the outlet and remotely sensed snow cover data) are not sufficient for an
univocal identification of optimal model parameters, and this resulted in problems
of equifinality. In such cases, parameter uncertainty can be efficiently reduced by
including ’soft’ process knowledge by the experimentalist in the calibration process
(Seibert and McDonnell , 2002). Therefore, we do not apply a systematic calibration procedure but make a best estimate of parameter values using values given in
the literature and derived from the scarcely available observed data (see Table 5.2).
This minimizes the risk of introducing physically unrealistic parameter values and
perturbed estimates of the uncertainty.
Model performance is evaluated using three years (2001-2003) of measured basin
discharge. Although hydrometeorological data are available for a longer period
(1996-2009), we use data only from this period because of large data gaps in the
other years.
5.3.4

Future simulations and uncertainty analysis

Three different sources of uncertainty affecting simulations of basin response to future climate change are assessed in this work: i) uncertainty associated with parameters, ii) uncertainty due to the variability in GCMs outputs and iii) the uncertainty
due to the natural interannual climate variability. Their effects are quantitatively
assessed by looking at the spread of simulated model output.
We run TOPKAPI-ETH for a period of 50 years using stochastic meteorological
data generated for a control period (2001-2010) and for the following four decades
(2011-2050) using the downscaled GCMs projections. A set of 100 simulations for
each GCM allows estimating the uncertainty in simulated runoff due to the observed
stochasticity in temperature and precipitation reflected in the generated meteorological data (see Section 5.3.2). The optimal parameter set resulting from the model
calibration is used for these simulations.
To estimate the effect of parametric uncertainty on model outputs, we vary
the model parameters randomly within a range of ±10%. The computational requirements for running TOPKAPI-ETH are minimized by choosing Sobolt’s quasirandom number generator (Bratley and Fox , 1988) to sample the parameter space
more efficiently. In this way, we generate 1000 random parameter sets, for each of
which the model is run once. We use one single hypothetical time series of 50-year
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Table 5.2: Summary of TOPKAPI-ETH parameters classified in six model components*.
Name
Description
Calibrated
Unit
Literature
Distribution of Meteorological Input
Pgrad
Precipitation gradient
40
% 100 m−1
40 a,b,c,d
◦ C m−1
Tgrad
Temperature lapse rate
0.00725
0.0047-0.0076e,f
◦C
Tmod
Temperature decrease over glaciated surface
2
0-2.86g,h
Snow Redistribution by Gravity
SGRa , SGRC snow holding depth dependent on the slope 0.08, 20
-,angle; exponential regression function (2 parameters)
Snow- & Icemelt
α1
Albedo of fresh snow
0.90
0.82-0.97 i
α2
Decay of snow albedo
0.12
0.112-0.155g,h,j,k
αglacier
Albedo of ice (glacier surface)
0.15
0.10-0.28l
αreset
Threshold precipitation rate to reset snow
1.2
mm d−1
albedo
◦C
PT
Threshold temperature for precipitation
2
-1 to 3c,d,g
state transition
SRF
Shortwave radiation facor, ETI-model
0.01
m2 mm W −2 d−1 0.0048-0.0106m,n,o
SRFdebris
SRF for debris covered glacier surface
0.0025
m2 mm W −2 d−1
0.0045p
TF
Temperature factor, ETI-model
0.04
mm d−1 ◦ C −1
-0.03 to 0.16m,n,o
TFdebris
TF for debris covered glacier surface
0.06
mm d−1 ◦ C −1
0.01p
◦C
TT
Threshold temperature for melt onset.
2
-6 to 6g,o
Glacial Meltwater Routing
Kice
Storage constant for ice melt
40
h
14-40g
Ksnow
Storage constant for snow melt on glaciers
100
h
100-200g
Soil
Exph
Brooks-Corey exponent for the permeability3.5
Expv
saturation curve (horizontal and vertical)
11
Exph,low
Exph , lower soil layer
3.5
Ksh
Horizontal soil conductivity at saturation
1e−4 -1e−2
m s−1
Ksv
Vertical soil conductivity at saturation
1e−4 -1e−2
m s−1
Ksh,low
Ksh , lower soil layer
1e−6 -5e−5
m s−1
Ksv,low
Ksv , lower soil layer
1e−7 -1e−6
m s−1
s
Soil depth
0.7-5.0
m
slow
Soil depth, lower soil layer
1.0-6.0
m
θr
Residual soil moisture content
1.5-5.0
%
θr,low
θr , lower soil layer
1.0
%
θs
Saturated soil moisture content
20-50
%
θs,low
θs , lower soil layer
45
%
Clear Sky Irradiance/Evapotranspiration
αground
Ground albedo
0.25
0.25q
CropF
Crop factors of evapotranspiration
0.05-1.20
rh
Relative humidity
55
%
visibility
Visibility
30
km
*Literature values are provided by studies about the Himalaya-Karakoram (H-K) or by previous applications of
TOPKAPI-ETH or partial model components to high-elevation catchments. Soil characteristic estimates and
values of related parameters are not provided here due to the open range of plausible values named in literature
(Saxton and Rawls, 2006).
a Winiger et al. (2005),
b Mayer et al. (2006),
c Konz et al. (2007),
d Immerzeel et al. (2012a),
e Tahir et al. (2011b),
f Kattel et al. (2013),
g Ragettli and Pellicciotti (2012),
h Ragettli et al. (2014a),
i Negi and Kokhanovsky (2011),
j Brock et al. (2000),
k Pellicciotti et al. (2005),
l Adhikary et al. (2000),
m Pellicciotti et al. (2008),
n Carenzo et al. (2009),
o Pellicciotti et al. (2012),
p Müller (2010),
q Finger et al. (2011).
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temperature and precipitation - chosen randomly from the ensemble of 100 scenarios
- for each model realization.
The importance of different sources of uncertainty varies in space. This variability is assessed by looking at the outputs for each subregion shown in Figure 5.1
separately. The temporal variability is investigated by computing uncertainty for
each decade of model outputs. The structure of TOPKAPI-ETH allows for evaluation of uncertainty not only of the simulated runoff, but also of various intermediate
model outputs such as glacier mass balance or glacier area (see Table 5.3).
Other sources of uncertainty which might be relevant for future projections, such
as model structure uncertainties or the accuracy of measured meteorological data,
are not assessed systematically in this work. The representativeness of measured
climate data, however, is discussed qualitatively by comparing model outputs with
the relevant literature in Section 5.5.4.
Information content of model parameters and variables
In order to assess the capacity of single parameters and variables to explain total
model uncertainty, referred to as information content of parameters and variables
hereafter, we apply a modified regional sensitivity analysis (RSA) approach. Regional sensitivity analysis is often applied in hydrology to assess model sensitivity
to single model parameters (Wagener and Kollat, 2007; Tang et al., 2007; Sun
et al., 2012). It evaluates the effect of relative changes in a number of parameters
on the model outputs. Usually, it is based on the partitioning of model outputs in at
least one behavioral and one non-behavioral group (Hornberger and Spear , 1981),
using an objective function and a performance threshold to distinguish between
’good’ and ’bad’ model performance. The maximum vertical distance between cumulative distribution functions (CDFs) of single model parameters for behavioral
and non-behavioral parameter sets is then used to assess if a parameter significantly
impacts behavioral results (Sun et al., 2012).
In this study, we use the RSA to identify parameters and variables that affect
model outputs in terms of mean simulated streamflow. The 1000 parameter sets
with parameters values varying randomly within a range of ±10% are partitioned
in two groups: parameter sets that lead to more than average and to less than average total runoff, respectively, over a certain time period. For this purpose it is
not necessary to rank parameter populations in function of an objective function
that requires measured streamflow, and the procedure can thus be applied to ungauged catchments. The larger the maximum vertical distance between two CDFs,
the larger is the capacity of a parameter to explain differences in simulated mean
runoff. Figure 5.3 provides an example of how the information content of parameters is calculated in this work. Of the four model parameters shown in this figure,
parameter Tgrad is the parameter with the highest information content.
The information content of parameters and variables may vary significantly with
the sampled initial range of parameters. However, there is a lack of prior knowledge
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about plausible ranges suitable for the study region. In order to prevent subjective
choices, the parameters are thus varied only within ±10% of their calibrated value.
This is a common approach when a priori ranges of parameters are not available
(e.g. Anslow et al., 2008; Ragettli and Pellicciotti, 2012; Heynen et al., 2013).
Narrow ranges of parameter values also allow to better cover the entire parameter space with 1000 parameter sets, a number which is imposed by computational
constraints. To prevent false interpretations of information content due to an insufficient number of model realizations, a Kolmogorov-Smirnov test is used to calculate
the significance level α of the difference between the two groups of values (Spear and
Hornberger , 1980): a significance level of α=5% corresponds to accepting the null
hypothesis that the cumulative distribution curves are the same. If we test the significance level of the information content of a number n of parameters or variables,
we evaluate each of the individual tests by a significance level of α/n.
To validate the RSA results with an independent method and estimate the sensitivity of TOPKAPI-ETH to the glacier dynamics component in comparison to
other components, we screen the main effects of all model parameters, of the ∆hparameterization and of the initial glacier thickness by the Plackett-Burman sensitivity analysis (PBSA) technique (Plackett and Burman, 1946). PBSA is a very
efficient screening design in terms of numbers of model realizations needed, and, although not very often applied in hydrology, it is equally useful for any sort of model
having many parameters (Beres and Hawkins, 2001). In contrast to a one-at-a-time
sensitivity method, it allows a simultaneous consideration of all parameters. PBSA
is based on a two-level factorial design: for each model realization, either ’high’ or
’low’ values are assigned to each parameter (PBSA designs are readily available in
MATLAB® ). Parameters and initial glacier thickness are either plus or minus 10%
of the original value, while we run the model with either the ∆h function derived
for large or for small glaciers in the Swiss Alps (Huss et al., 2010b), to assess the
model sensitivity to the ∆h-parameterization.

F(x)

1

Pgrad

1

Tgrad

1

SRF

1

0.8
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0.4

0.4
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parameter value
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x 10

0

9.5 10 10.5
parameter value −3
x 10
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α

1

2001−2010
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2021−2030
2031−2040
2041−2050

0.85 0.9 0.95
parameter value

Figure 5.3: Cumulative density functions (CDFs) of the parameters values of Tgrad , Pgrad , SRF
and α1 , contained in each two groups of parameter sets for each decade, representing parameter sets
resulting in higher resp. lower mean runoff per decade than the average runoff of all parameter sets
together. 1000 random parameter sets are considered for the analysis. The maximum difference
between pairs of CDFs reflects the information content of a parameter with respect to runoff
simulations for a specific decade.
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Figure 5.4: Measured runoff and calibrated runoff simulated by TOPKAPI-ETH for the period
2001-2003.
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Figure 5.5: Nash and Sutcliffe efficiency (NSE) and difference to total measured runoff (%): shown
are the results for the calibration period (2001-2003) using 2000 parameter sets where parameters
are varied randomly within ±10% of their calibrated values. The cross represents the model
efficiency using the calibrated parameter set, which in this case is close to optimality.

5.4
5.4.1

Results
Calibration

Measured daily runoff of the three-year calibration period and daily runoff simulated by TOPKAPI-ETH using the calibrated parameter set are shown in Figure
5.4. The calibrated parameter set is consistent with values that are found in the
literature (Table 5.2). Some doubts remain about the model parameters and associated processes that have been recently added to TOPKAPI-ETH and which were not
considered by previous modeling studies from the study region (Snow redistribution
by gravity: SGRa , SGRC ; melt below glacier debris: TFdebris , SRFdebris ).
The plausibility of the parameters for melt under debris can be evaluated by
relating the model outputs to recent studies. In comparison to a TOPKAPI-ETH
model run where debris is not considered, glacier melt from debris covered glacier
areas simulated with the optimal model run is lower by 60%. Mihalcea et al. (2006);
Kayastha et al. (2000) and Mattson et al. (1993) measured the variation of mean
daily ice ablation in function of debris thickness on glaciers in the H-K region: according to these studies, a reduction of 60% of melt rates corresponds, in comparison
to melt from clean ice, to a debris thickness of 20 cm (Mihalcea et al., 2006), 15 cm
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Mattson et al. (1993) and more than 40 cm (Kayastha et al., 2000). A glacier survey by Bishop et al. (1995) on Batura glacier (in the Naltar subcatchment, Figure
5.1) estimated debris thickness on the terminus of the Batura glacier to be highly
variable, but mainly above 30 cm. A mean debris thickness between 15 and more
than 40 cm, corresponding to the calibrated melt parameters, therefore lies in the
range of plausible values for glaciers in the Hunza River Basin.
In order to assess the model performance corresponding to the calibrated parameter set, 2000 parameter sets are generated randomly within ±10% of their calibrated
value. Model performance when running the model for each of the 2000 parameter
sets is shown in Figure 5.5. In the explored region of parameter values the calibrated
parameter set is close to optimality (with a resulting Nash and Sutcliffe value of 0.93
and a total mass balance error of 3.1%). To further improve model performance,
as well as to validate the consistency of simulated internal processes, detailed local
information on physical processes would be required.
The analysis of parameter information content (Sections 5.4.4 and 5.5.1) will
provide more evidence about which parameter values need to be confirmed by measurements and which variables can be used for multivariate calibration, in order to
identify a parameter set that can be used for reliable simulations of future response.

5.4.2

Future projections

Runoff projected with the three downscaled GCMs is shown in Figure 5.6, together
with the snow- and icemelt, evapotranspiration and rain. Results are shown for the
entire Hunza River Basin and for the five subregions of the watershed. Simulated
decadal mean runoff at the outlet of the Hunza River Basin is relatively constant
in the next 50 years, but there are significant differences in the reaction of different
subregions to a changing climate: while runoff from the Ziarat area will decrease
to less than 50% with respect to the control period (2001-2010, Figure 5.6e), runoff
from Hispar and Shimshal catchments might increase in the future (Figure 5.6c and
5.6d).
The simulated decrease in runoff from Ziarat can mostly be attributed to reduced
icemelt, as mean snowmelt, rain and evapotranspiration show only little relative
change (Figure 5.6). The ELA (calculated as the mean elevation where simulated
annual accumulation equals ablation) on the glaciers in the Ziarat subregion is at
5327 m for the control period, which is higher than in any other subregion (Table
5.3) and is the result of both high temperatures and low precipitation. Only 14.5%
of the present glacier area in the Ziarat subregion is located above this elevation.
Even considering that for Karakorum glaciers the accumulation area ratio might
be naturally small due to the steep topography and the large role of avalanches
for snow accumulation, this value seems small and is an indication that already
for the present climate, the glaciers in the Ziarat subregion might not be in an
equilibrium state according to our simulations. As a consequence, projected future
glacier area decreases drastically (Table 5.3). Figure 5.7 shows the seasonality of the
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Table 5.3: Mean values of simulated runoff and selected variablesa for the Hunza River Basin as
well as for the five subregionsb
2001-2010
Control period

2041-2050
CGCM3

CM2

MIROC3

Param. ±10%

Mean

σ

Mean

σ

Mean

σ

Mean

σ

Mean

σ

Hunza
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

650.9
-5.6
590.0
147.8
0.12
98.6
4739

±25.0
±0.1
±39.1
±11.8
±0.10
±0.2
±30

662.3
-4.6
629.8
183.4
0.30
80.0
4912

±36.8
±0.1
±49.7
±20.8
±0.13
±0.6
±43

588.5
-4.6
567.3
157.7
0.28
83.7
4829

±33.2
±0.1
±48.4
±13.6
±0.11
±0.4
±29

738.7
-3.8
615.1
217.5
0.07
79.7
5022

±30.4
±0.1
±35.6
±18.5
±0.11
±0.5
±38

694.1
-4.6
667.3
189.8
0.38
80.4
4887

±39.7
±0.5
±21.2
±14.2
±0.17
±3.6
±104

Naltar
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

835.9
-2.9
667.4
249.7
-0.09
98.2
4502

±36.2
±0.1
±46.7
±19.5
±0.10
±0.2
±32

840.1
-1.9
714.9
293.9
0.13
81.0
4659

±55.3
±0.1
±59.3
±31.3
±0.11
±0.8
±45

751.1
-1.9
636.2
268.3
0.10
83.6
4610

±51.3
±0.1
±58.0
±22.7
±0.10
±0.7
±30

907.6
-1.1
685.4
349.6
-0.07
80.2
4785

±43.8
±0.1
±42.6
±27.5
±0.10
±0.8
±42

884.0
-1.9
755.2
302.1
0.19
81.0
4630

±32.5
±0.5
±24.0
±17.0
±0.14
±4.9
±120

Hispar
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

873.9
-7.4
907.2
158.3
0.45
99.9
4496

±33.4
±0.1
±61.4
±14.3
±0.12
±0.0
±33

1048.0
-6.3
965.3
206.7
0.13
95.3
4659

±50.7
±0.1
±77.2
±25.7
±0.15
±0.4
±42

945.7
-6.3
879.0
171.8
0.12
96.3
4610

±43.4
±0.1
±75.9
±17.2
±0.13
±0.3
±29

1206.8
-5.5
955.3
247.1
-0.15
94.9
4777

±45.8
±0.1
±56.3
±23.9
±0.13
±0.4
±37

1071.0
-6.3
1018.0
210.3
0.24
94.8
4628

±97.7
±0.8
±34.3
±22.4
±0.25
±3.1
±109

Shimshal
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

714.7
-8.8
987.6
130.8
1.13
99.7
4489

±31.2
±0.1
±66.4
±12.6
±0.13
±0.0
±34

907.6
-7.8
1054.6
175.6
0.85
97.8
4650

±47.9
±0.1
±83.6
±23.4
±0.16
±0.2
±43

810.1
-7.8
962.3
140.7
0.83
98.1
4603

±41.1
±0.1
±81.9
±15.3
±0.14
±0.1
±31

1027.4
-7.0
1052.4
209.8
0.69
97.6
4770

±42.6
±0.1
±61.3
±22.0
±0.13
±0.2
±39

940.3
-7.8
1111.5
177.8
0.97
97.6
4616

±79.2
±0.9
±37.3
±22.6
±0.23
±1.0
±112

Ziarat
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

500.8
-4.5
156.1
58.6
-2.07
93.5
5327

±16.4
±0.1
±9.8
±6.0
±0.10
±0.8
±42

183.3
-3.4
170.9
72.1
-0.58
15.9
5523

±15.3
±0.2
±13.6
±10.1
±0.12
±1.2
±46

155.3
-3.4
146.4
58.6
-0.47
27.3
5382

±15.0
±0.1
±13.2
±6.6
±0.10
±1.1
±28

192.3
-2.6
160.5
82.4
-1.01
15.8
5625

±13.2
±0.1
±12.1
±7.4
±0.13
±1.2
±36

204.3
-3.5
187.1
79.0
-0.51
17.5
5513

±8.4
±0.4
±5.4
±4.4
±0.10
±7.8
±118

Kunjerab
Runoff (mm/y)
Temperature (◦ C)
PrecS (mm/y)
PrecL (mm/y)
GMB (m/y)
Glac (%)
ELA (m)

174.1
-6.7
121.8
43.8
-0.31
99.5
5143

±11.1
±0.1
±8.1
±5.0
±0.06
±0.1
±38

165.7
-5.7
123.0
62.1
-0.24
72.0
5345

±12.8
±0.1
±10.4
±9.0
±0.08
±1.6
±38

129.0
-5.7
111.2
42.8
-0.11
84.1
5182

±11.6
±0.1
±9.8
±5.5
±0.05
±0.8
±26

205.8
-4.9
114.8
71.0
-0.56
72.7
5412

±14.4
±0.1
±6.9
±8.1
±0.10
±1.5
±29

189.4
-5.7
140.1
71.4
-0.23
75.2
5326

±6.6
±0.0
±1.9
±1.8
±0.06
±3.8
±55

a

P recS and P recL are the mean annual liquid and solid precipitation, GM B is the glacier mass balance, Glac the
percentage of glacier area compared to initial glacier expansion and ELA is the equilibrium line altitude.
b Shown are the results of simulations forced with calibrated parameters and generated stochastic time series of
meteorological data for the control period (2001-2010) and the last simulated decade (2041-2050) and of simulations
forced by one time series of generated meteorological input but assuming ±10% uncertainty in parameter values
(2041-2050). 100 stochastic simulations are performed for each downscaled GCM (CGCM3, CM2 and MIROC3) and
1000 random parameter sets are used to assess the effect of parametric uncertainty (meteorological input provided
by a CGCM3 time series). σ is the standard deviation in model outputs due to multiple model realizations.
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Figure 5.6: Mean annual values of runoff and water balance components per decade projected by
TOPKAPI-ETH using the three downscaled GCMs (CGCM3, CM2 and MIROC3) and the calibrated parameter set. Error bars represent the standard deviation in projected values, calculated
from 100 model realizations for each stochastically downscaled GCM.
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Figure 5.7: Hydrograph of mean monthly runoff, simulated with the calibrated parameter set and
the three downscaled GCMs (CGCM3, CM2 and MIROC3): results are shown for the control
period (2001-2010) and for the last simulated decade (2041-2050).
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simulated control period runoff compared to projected runoff for the period 20412050. The months that are most affected by a decrease of runoff in Ziarat are June
to September. It is also evident that maximum annual runoff will occur earlier in the
year (in June/July) as compared to July/August during the control period (Figure
5.7e).
Simulated runoff from the Hispar and Shimshal subcatchments increases due to
enhanced snowmelt (Figures 5.6c and 5.6d), which is the result of increasing precipitation and higher (summer-) temperatures (Table 5.3). However, those projections
should be treated with some care, since no meteorological data from the present are
available for these subregions (see the discussion in Section 5.5.4).
Figure 5.7 shows how projected runoff depends on the GCM used. While MIROC3
leads to a general increase in simulated runoff throughout the entire year, overall
runoff will decrease in the next 40 years according to the CM2 GCM, especially for
the months of July/August. This finding is valid for the overall Hunza River Basin
as well as for subregions, except for Ziarat, where according to all applied GCMs
a decrease in future runoff can be expected. CGCM3 projections represent an intermediate scenario with no significant changes in the runoff regime of the Hunza
River Basin.
5.4.3

Uncertainty in future response

Error bars in Figure 5.6 show the uncertainty (95% confidence interval) in TOPKAPIETH projections related to the variability in model results in each set of 100 simulations for the three downscaled GCM. This uncertainty is due to the short-term
natural climate variability. This source of uncertainty - the stochasticity of precipitation and temperature - is compared in Figure 5.8 to the parametric uncertainty
and the uncertainty given by the ensemble of the three GCMs. The effect of sources
of uncertainty on simulated runoff, snowmelt and icemelt is not constant in time
and in space. In terms of absolute values, the strongest effect on decadal, mean simulated runoff is calculated for Hispar subbasin and parametric uncertainty (Figure
5.8c). Here, ±10% uncertainty in parameter values leads to 350-400 mm/y uncertainty in simulated runoff (equivalent to 20.7-23.6 m3 /s). For Kunjerab, parametric
uncertainty affects simulated runoff only by 25-50 mm/y (or 1.8-3.7 m3 /s), which
in this subcatchment is less than the uncertainty due to the two other sources. It
is therefore evident that both the relative importance of different sources of uncertainty and absolute values vary in space. Regarding the variabiliy in time, the effect
of parametric uncertainty on simulated runoff often decreases with time (especially if
simulated glacier area and runoff are decreasing - e.g. Ziarat) while the uncertainty
due to the climate model increases with time (for all subregions). Uncertainty in
simulated runoff due to the stochasticity of meteorological variables also increases
with time, but less than the uncertainty due to the climate model. Note that Figure
5.8 shows only the stochastic uncertainty resulting from CGCM3 climate simulations. Parametric uncertainty simulations were also conducted with CGCM3 time
series of precipitation and temperature.
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Figure 5.8: Uncertainty in simulated runoff and snow- and icemelt: 95% confidence interval in
model outputs resulting from ±10% parametric uncertainty (param. ±10%), from using stochastic
time series of precipitation and temperature (reflecting the natural inter-annual climate variability) and the maximum difference in model outputs resulting from the climate model uncertainty
(running the model with three downscaled GCMs).

5.4.4

Information content of parameters and variables

Figure 5.8 shows that the effect of only ±10% parametric uncertainty often introduces a greater amount of uncertainty than the climate model or the stochasticity
of meteorological variables. Considering the limited information available about optimal parameters in the region, it is thus worth to investigate more in depth which
parameters and variables affect simulated runoff uncertainty.
Figure 5.3 shows the CDFs of parameters for which we calculate some of the
highest information content. The increasing vertical distance between pairs of CDFs
for the parameter Pgrad with time indicates that the information content of this
parameter is not constant in time or might depend on the length of the simulation
period. Table 5.4 ranks all parameters exceeding the significance level α=5%/34
(34 parameters, see Table 5.2) according to their information content. The rank
of sensitivity according to the Plackett-Burman sensitivity analyis is indicated in
brackets. Because of the rigorous threshold criterion, only 9 parameters exceed the
significance level in any of the tests for the Hunza River Basin or any of the five
subregions. According to the ranks indicated in Table 5.4, the temperature lapse
rate (Tgrad ) is the parameter with the highest information content. It is followed
by the parameters α1 and SRF . After five decades of simulations, the information
content of Pgrad exceeds that of SRF for the Hunza River Basin. Concerning the
seasonal differences in information content (Table 5.5), it can be noticed that some of
the soil parameters (T hetas , s, slow , Ksh,low , Expv and θs,low ) control runoff during
the low flow period in winter, while the parameters listed in Table 5.4 are more
important in summer.
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Table 5.4: Ranks of parameters according to their information content calculated for the Hunza
River Basin, for each subregion and the first (2001-2010) and the last decade (2041-2050) of runoff
simulationsa

Hispar

Shimshal

Ziarat

Kunjerab

Hunza

Tgrad
1 (1)
1 (1)
1 (1)
1 (1)
2 (2)
1 (1)
α1
2 (2)
2 (2)
2 (2)
x (3)
1 (1)
2 (2)
SRF
3 (3)
x (3)
x (3)
2 (2)
3 (4)
3 (3)
Pgrad
x (4)
x (8)
x (4)
x (10)
x (22)
x (6)
CropF
x (6)
x (11)
x (10)
x (9)
7 (6)
x (7)
Tmod
x (5)
x (4)
x (6)
3 (4)
4 (3)
x (4)
Exph
x (16)
x (35)
x (30)
x (7)
6 (7)
x (14)
TT
x (7)
x (5)
x (5)
x (6)
5 (5)
x (5)
α2
x (8)
x (7)
x (7)
x (12)
x (15)
x (8)
∆h-parame-99 (21) -99 (14) -99 (13) -99 (24) -99 (21) -99 (16)
terizationb
GlaHb
-99 (9) -99 (9) -99 (11) -99 (5) -99 (11) -99 (9)

Naltar

Hunza

Decade 5
Kunjerab

Ziarat

Shimshal

Hispar

Naltar

Decade 1

1 (1)
3 (3)
x (8)
2 (2)
4 (4)
x (7)
x (36)
x (21)
5 (6)

1 (1)
2 (2)
x (3)
x (6)
x (9)
x (5)
x (21)
x (13)
x (4)

1 (1)
2 (2)
4 (4)
3 (3)
x (10)
x (7)
x (24)
x (6)
x (5)

1 (1)
x (26)
x (9)
2 (3)
3 (2)
x (8)
4 (5)
x (7)
x (29)

1 (1)
2 (2)
5 (7)
x (28)
3 (3)
6 (6)
4 (5)
x (11)
x (8)

1 (1)
2 (2)
4 (4)
3 (3)
x (5)
x (7)
x (18)
x (8)
x (6)

-99 (5)

-99 (16)

-99 (8)

-99 (14) -99 (26) -99 (11)

-99 (11) -99 (12) -99 (14)
-99 (4)

-99 (4)

a

-99 (10)

In brackets the ranks according to the Plackett-Burman sensitivity analysis. The information content of all parameters listed in
Table 5.2 was assessed but only parameters exceeding the α-threshold in at least one of the Kolmogorov-Smirnov tests are shown
here. Rank x denominates parameters which do not pass a significance test, and -99 indicates that the information content cannot
be determined.
b ∆h-parameterization: glacier movement component (Huss et al., 2010b), GlaH: initial glacier thickness.

The same procedure used for calculation of the information content of parameters is applied to assess the information content of water balance components and
internal variables. We use the same model realizations obtained by varying model
parameters: this allows to analyze how individual model components affect overall
model uncertainty given the ±10% parameter uncertainty. A significance level of
less than α = 5% / n for water balance components (n = 4) and α = 5% / n for
variables (n = 10) is required for the water balance components and variables respectively to be identified as important (Table 5.6). The ranks for water balance
components reflect the fact that the Hunza River Basin is a snow- and icemelt dominated catchment. The uncertainty in these components affects most dominantly
the uncertainty in total runoff. The uncertainty in modeled rain affects uncertainty
in modeled runoff only during end-of-summer and autumn (with increasing importance until 2041-2050). The low rank of evapotranspiration (ET A) in Table 5.6 for
the last decade 2041-2050 masks the fact that the information content of this water
balance component increases with time: for Ziarat and Kunjerab it increases by
0.36 and 0.12, respectively, from the first to the fifth decade of simulations (absolute
values of information content are not shown). This is also why the Crop Factors
(CropF , controlling crop evapotranspiration) and the parameter controlling the ratio between horizontal permeability and saturation (Exph ) have high ranks for these
subregions (Table 5.4), as these parameters control the amount of water available for
evapotranspiration. As snow and ice cover are reduced over time and temperature
increases, the importance of ET A in the overall water balance increases.
Variables describing the cryospheric processes have the highest information content for runoff simulations (Table 5.6). The equilibrium line altitude (ELA), the
percentage of area covered by snow, glacier mass balance (GM B), average snow
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Table 5.5: Rank of parameters according to seasonal information content calculated for the Hunza
River Basin, for the first (2001-2010) and the last decade (2041-2050) of runoff simulations.
Decade 1

Decade 5

Jan-Mar Apr-Jun Jul-Sep Oct-Dec
Tgrad
α1
SRF
Pgrad
CropF
Exph
θs
s
slow
Ksh,low
Expv
θs,low

3
7
x
x
5
x
1
2
4
6
x
x

1
2
x
x
x
x
x
x
x
x
x
x

1
3
2
x
x
x
x
x
x
x
x
x

Jan-Mar Apr-Jun Jul-Sep

1
x
x
6
5
4
2
3
x
x
x
x

3
6
x
x
5
x
1
2
4
9
7
8

1
2
x
x
x
x
x
x
x
x
x
x

Oct-Dec

1
3
x
2
x
x
x
x
x
x
x
x

3
x
x
6
5
4
1
2
7
x
x
x

Only parameters exceeding the α-threshold in at least one of the Kolmogorov-Smirnov tests
are shown. Rank x denominates parameters which do not pass a significance test. Parameters
are described in Table 5.2.

Table 5.6: Rank of water balance components and selected variablesa according to their information
content calculated for each subregion, the first (2001-2010) and the last decade (2041-2050) of runoff
simulations, for the entire Hunza River Basin and each seasonb
Oct-Dec

Jul-Sep

Apr-Jun

Jan-Mar

Hunza

Kunjerab

Ziarat

Shimshal

Hispar

Naltar

Oct-Dec

Jul-Sep

Decade 5
Apr-Jun

Jan-Mar

Hunza

Kunjerab

Ziarat

Shimshal

Naltar

Hispar

Decade 1

Water Balance Components
Snowmelt
2 2
1 4 2 2
2
1
3
3
1
1
1 1 2
1
1
1
4
3
Icemelt
1 1
2 1 1 1
x
2
1
1
3
2
2 2 1
3
x
3
2
2
PrecL
3 3
3 2 4 3
3
3
2
2
2
3
3 4 3
2
x
2
1
1
ETA
x 4
4 3 3 4
1
4
4
x
x
4
4 3 4
4
2
4
3
x
Variables
ELA
1 3
1 3 2 1 -99 -99 -99 -99
2
2
2 4 2
2 -99 -99 -99
-99
Snow cover
2 1
2 4 4 2
x
1
1
2
1
1
1 5 6
1
5
2
2
3
GMB
3 2
4 1 1 3 -99 -99 -99 -99
5
4
5 7 1
5 -99 -99 -99
-99
SnowH
5 4
3 5 3 4
3
2
2
3
6
5
3 3 3
4
2
1
4
5
Glac
4 7
7 2 6 5 -99 -99 -99 -99
3
3
4 2 4
3 -99 -99 -99
-99
PrecL
6 5
5 7 8 7
5
4
4
4
4
6
6 8 8
6
x
3
1
1
Temperature 7 6
6 6 7 6
2
3
3
1
7
7
7 6 5
7
3
4
3
2
RadCS*CT
8 9
8 9 5 9
4
5
6
6
8
8
8 9 7
8
4
5
6
x
PrecS
9 8
9 8 9 8
x
6
5
7
9
9
9 1 9
9
x
6
5
x
SoilWV
x x 10 x x x
1
x
x
5
x 10 10 x x 10
1
7
x
4
a P recS and P recL: liquid and solid precipitation, ET A: actual evapotranspiration, ELA: equilibrium line altitude,
Snow cover: percentage of basin area covered by snow, GM B: glacier mass balance, SnowH: mean basinwide snow
depth, Glac: percentage of glacier area compared to initial glacier expansion, RadCS*CT: global clear-sky irradiance
corrected for clouds, SoilWV: soil water volume
b For the subregions, ranks according to the seasonal information content are not shown. Rank -99 denominates
variables for which a seasonal information content cannot be calculated, since outputs are provided only on an
annual basis. Rank x denominates variables or water balance components which do not pass a significance test.
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depth (SnowH) or the total glacier area (Glac) have a higher information content
than basinwide mean temperature. Noticeable is the increasing importance with
time of the uncertainty in total glacier area on the uncertainty in simulated runoff.
For the last decade this is the variable with the overall third-highest information
content (Table 5.6).
Total liquid precipitation (P recL) has often a higher information content than
total solid precipitation (P recS). This can be explained by the long residence time
of water fallen as snow in glacier dominated regions: the residence time of solid
precipitation in the accumulation area of a glacier might easily exceed the 50-years
simulation time. As glacier area decreases, the residence time of solid precipitation
decreases as well. As a consequence, the information content of P recS and Pgrad
for simulations over a 10-year period increases (Table 5.4: Pgrad Ziarat, Table 5.6:
P recS Ziarat). The main reason why in Kunjerab the parameter Pgrad does not have
a significant information content is that for this subregion high-elevation meteorological data are available, provided by a station which is situated approximately at the
same elevation (4730 m asl) as the mean elevation of the subcatchment (4830 m asl).
The residence time of solid precipitation on glaciers does not depend only on
glacier size but also on glacier movement. According to the Plackett-Burman sensitivity analysis, the model sensitivity to the glacier movement component increases
with simulation time mainly for subregions with decreasing glacier area (Naltar: +11
ranks, Ziarat: +21 ranks, Kunjerab: +8 ranks; see values of information content in
Table 5.4 and simulated glacier area in Table 5.3). For the entire Hunza River Basin,
however, the choice of the ∆h-parameterization does not seem to have a significant
effect on model outputs. A ±10% uncertainty in initial glacier thickness (GlaH)
has a considerable effect on runoff uncertainty for Ziarat and Kunjerab (decade 5:
rank 4), but for the entire Hunza River Basin the model is more sensitive to ±10%
uncertainty in model parameters (Table 5.4).
Global irradiance (RadCS ∗CT ) has a low information content compared to other
variables (Table 5.6). This indicates that the radiation component of TOPKAPIETH is a robust model component with a strong physical basis and does not require
major calibration. Total soil water volume has a high information content only
during the low-flow period (Oct-Mar). Note that only annual information content
can be calculated for the variables ELA, GM B and Glac because of the nature of
these variables.

Information content in space
While in the previous section the information content was assessed at the basin scale,
it is also possible to calculate the information content for single grid cells, so as to
assess the effect of uncertainty at the smallest spatial unit on total uncertainty in
simulated runoff. While Table 5.6 provides an indication about variables that would
best be observed in order to efficiently reduce total model uncertainty, analysis
of cell-information content helps to determine where such observations should take

116

0

CHAPTER 5 - SOURCES OF UNCERTAINTY

September 2003

IC Snowmelt

0

IC Icemelt

September 2003

1
0.9

50

50

100

100

150

150

200

200

0.8
0.7
0.6
0.5
0.4
0.3
0.2

250
0

0.1

250
50

100

150

200

250

300

0

50

100

150

200

250

300

0

Figure 5.9: Spatial distribution of the information content (IC) of the water balance components
Snowmelt and Icemelt regarding simulated runoff at the outlet of the Hunza River Basin: the
map shows the information content calculated for each cell for September 2003. 2000 random
parameter sets are considered for the analysis (±10% parameter uncertainty). Runoff is simulated
using measured precipitation and temperature input.
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Figure 5.10: Median elevation of snow- and icemelt cell-information content regarding simulated
runoff at the outlet of the Hunza River Basin, calculated for each month in the period 2001-2003.
Error bars represent the elevations within which 95% of all cell-information content is located.
Dotted black lines indicate the 95% confidence interval of the total elevation range of the Hunza
River Basin, meaning that 95% of its area is located between 2400 and 6100 m asl.
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place. We focus on snow- and icemelt, since these are the water balance components
with the overall highest information content (Table 5.6). Following the modified
RSA approach, we calculate cell-information content in monthly intervals, using
distributed maps of monthly snow- and icemelt provided by 2000 model runs with
±10% parameter uncertainty (simulation period: 2001-2003, see Section 5.4.1). The
significance level is reduced to α=5%/54861 (the number of grid cells in our study
area).
Figure 5.9 shows the distributed cell-information content with respect to snow
and ice melt. Only cell-information content exceeding the significance threshold
is shown. Areas with high information content suggest that at these locations, the
variability in simulated snow- and icemelt correlates with the variability in simulated
monthly mean runoff. In order to understand what controls the spatial variability
of information content, we applied a multivariate regression tree analysis to a number of predictors (glacier size, elevation, aspect, sky view factor, subregion, debris
cover). This showed that the mean information content per glacier varies significantly among subregions and with the mean sky view factor and aspect of glacier
tongues. The seasonal cell-information content is to a large extent controlled by
elevation: Figure 5.10 shows for each month within which elevation range 95% of all
cell-information content is located. As the ablation season progresses, the median
elevation of monthly snow- and icemelt cell-information content increases and decreases again after August. Table 5.7 provides a ranking of glaciers with the highest
mean monthly cell-information content (sum of snow- and icemelt cell-information
content of every glacier grid-cell) integrated over space.

Table 5.7: Top 10 glaciers ranked according to the sum of total glacier cell-information content
(Glacier IC), calculated for years 2001-2003 runoff simulations*
Glacier Name

Subregion

1 Hispar
2 Batura
3 Sat Maro/Kukuar
4 Khurdopin
5 Virjerab
6 Baltar
7 Hasanabad
8 Yashkuk Yaz
9 Barpu
10 Ku-ki-jerab
Mean top 10

Hispar
Naltar
Naltar
Shimshal
Shimshal
Naltar
Naltar
Ziarat
Hispar
Ziarat

Area (km2 )

Debris (%)

Glacier IC

494.75
320.75
117.75
143.50
143.75
89.25
125.25
74.00
99.00
51.50
166.00

26.7
34.5
17.0
22.0
19.0
47.3
29.1
42.2
32.6
46.1
31.6

470.8
257.3
126.7
107.5
102.2
94.3
92.0
84.2
74.3
62.0
147.1

*Mean monthly snow- and icemelt information content of every glacier grid cell are added to
calculate total Glacier IC. Area denominates the size of each glacier and debris the percentage
of glacier area covered by debris.
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Discussion
Parametric uncertainty

The parameters with a high rank in Table 5.4 are the ones which should be monitored
in the field to substitute calibrated by measured values when possible. Variables and
water balance components with a high rank in Table 5.6 can be used to increase
the accuracy of model projections by using their measured values in a multivariate
calibration approach. Since it is difficult to obtain accurate distributed estimates of
water balance components, these could be monitored at the point scale and values
could be used in a multivariate, multistep calibration approach, where parameters
governing e.g. snow- and icemelt are first calibrated at the point scale, and other
parameters are determined in a second step by using measured runoff as a calibration criteria. The feasibility of this approach to calibrate TOPKAPI-ETH model
parameters was demonstrated by Ragettli and Pellicciotti (2012).
In order to conduct effective field campaigns, information on snowmelt processes
should be collected from April to June (Table 5.6) at elevations between 3500m
asl and 4500m asl. Icemelt processes should be monitored at approximately the
same elevation from July to September (Figure 5.10). Since processes might vary
from one glacier to another, Table 5.7 provides recommendations for possible study
sites. According to Table 5.7, the uncertainty about snow- and icemelt on some
of the largest glaciers of the Hunza River Basin (e.g. Hispar and Batura glacier)
introduces most uncertainty into final simulated runoff. However, also some smaller
glaciers with heavy debris cover appear to have a high information content, such
as Baltar glacier (no. 6 on Figure 5.1), Yashkuk Yaz glacier (no. 8) or Ku-ki-jerab
glacier (no. 10) (Table 5.7). Although debris-melt parameters (TFd , SRFd ) do not
seem to have a significant information content in comparison to other parameters,
debris covered glaciers taken as a whole do have a high information content for
runoff modeling. The uncertainty in the spatial variability of debris thickness and
its effect on runoff is not considered in the ranking in Table 5.7, because our model
can only account for spatially and temporally uniform debris thickness. The actual
information content of extensively debris covered glaciers is therefore likely to be
higher than indicated in Table 5.7.
Figure 5.8 shows that the effect of parametric uncertainty on uncertainty in simulated runoff often decreases with time. For Ziarat subregion this can be explained
by the decreasing glacier area (Table 5.3) and therefore a change in hydrological processes controlling uncertainty in simulated runoff. Some subregions show an increase
in future runoff and icemelt (e.g. Hispar, Figure 5.6) but still a decrease in the effect
of parametric uncertainty (Figure 5.8). For the Hispar subcatchment, both mean
temperature and annual precipitation increase until 2041-2050 (Table 5.3), while
uncertainty in simulated icemelt and therefore in runoff decreases (Figure 5.8); a
change in the seasonality of processes might explain the decreasing uncertainty in
simulated icemelt, as more solid precipitation leads to a shorter period of glacier
melt, which apparently reduces total uncertainty in this component. The physical
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properties of a watershed such as the elevation range or total glacier area define
the effect of parametric uncertainty to a large extent. However, the effect of parametric uncertainty depends also on the climatic input and the selected GCM. The
values of future information content of parameters and variables (Tables 5.4-5.6),
might therefore depend also on the choice about a GCM and associated climate
projections.
Furthermore, parametric uncertainty and parameter information content depend
on the sampled initial range of parameters (Section 5.3.4). Tgrad is the parameter
with the highest information content. Its calibrated value is 0.00725 ◦ C m−1 , which
is between the environmental and the dry adiabatic lapse rate. This is what we would
expect for the relatively dry and cold environment of the Karakorum, in contrast to
more shallow lapse rates in more monsoon affected regions of the Himalaya (Kattel
et al., 2013). Similar high values were obtained for other dry high-elevation environments (e.g. Pellicciotti et al., 2008). There is growing evidence about strong spatial
and seasonal variability of this parameter (e.g. Petersen and Pellicciotti , 2011; Petersen et al., 2013a), which cannot be taken into account in this case because of
lack of data. This further justifies the high information content of Tgrad , as more
accurate data about magnitudes of Tgrad in the Karakorum, as well as its seasonality
and spatial variability could reduce model uncertainty substantially.

5.5.2

Climate model uncertainty

Table 5.3 shows that all GCMs predict an increase in mean temperature until the
decade 2041-2050, and an increase in liquid precipitation (P recL). The GCM that
leads to the strongest overall increase in runoff (Figure 5.6 and Table 5.3), MIROC3,
projects the strongest increases in both temperature and precipitation compared to
other GCMs. CM2 is the only GCM that projects a decrease in solid precipitation
(P recS) and the lowest values of projected future runoff, for the Hunza River Basin
as well as for all subregions.
Total projected glacier area (Glac) using the CGCM3 and MIROC3 climate scenario are very similar (20% decrease in 40 years, Table 5.3), while CM2 is slightly
more conservative in terms of glacier area change (16% decrease in 40 years). Positive glacier mass balances (GM B) calculated for the Hunza River Basin correlate
with a stagnation or decrease in total runoff (Table 5.3: CGCM3 and CM2), in
agreement with findings by Sharif et al. (2013).
Regarding the ELAs reported in Table 5.3, CGCM3 projects similar future temperatures and more solid precipitation than CM2, but the 2041-2050 ELA is higher
on average. Therefore also differences in the seasonality of temperature and precipitation among GCMs are affecting model results. Lower summer temperatures
and more summer accumulation and cloudiness reduce glacier-ice ablation during
the main melting season (Fujita and Ageta, 2000; Hewitt, 2011), and lead to lower
ELAs in spite of less annual precipitation. Recent investigations from the Upper Indus report greater summer cloudiness and precipitation (Archer and Fowler , 2004),
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lower summer temperatures (Fowler and Archer , 2006) and increases in diurnal
temperature ranges with lower minimum temperatures, a pattern which might not
be sufficiently taken into account by current GCMs (Fowler and Archer , 2006).
Differences among the GCMs are an indication that the number of GCMs included
in the analysis might affect the conclusions about future basin response to climate
change. Our results suggest therefore that for sound projections of future runoff
and glacier response, GCMs outputs should be used in an ensemble manner. Since
GCMs carry a large portion of uncertainty on regional scales (Prein et al., 2011),
the use of only three GCMs in this study is a limitation, imposed by computational
constraints.
5.5.3

Stochastic uncertainty

The stochastic variability in simulated future runoff is directly linked to future climate forcing, whose stochasticity can be derived from the climate statistics obtained
from downscaled GCMs (Fatichi et al., 2011, 2013). Table 5.3 shows that the
stochasticity in temperature is very low, with a standard deviation in mean decadal
temperatures of only 0.1◦ C for the Hunza River Basin (Table 5.3, control period and
GCMs 2041-2050). The standard deviation in observed monthly mean temperatures
is rather low also for the present (Figure 5.2). Stochasticity in temperature can thus
not explain the stochastic variability in simulated runoff. The situation is different
regarding precipitation: the stochastic uncertainty in liquid or solid precipitation
exceeds the effect of the assumed parametric uncertainty on precipitation (Table
5.3, e.g. the standard deviation in Hunza 2041-2050 P recS is more than two times
larger in CGCM3 stochastic simulations than due to ±10% parameter uncertainty).
In comparison to the control period, the standard deviation of solid and liquid precipitation increases in the future according to all GCMs (except for MIROC3 and
solid precipitation). The higher probability of the occurrence of particularly wet or
dry years is therefore responsible for the increasing uncertainty in projections about
future decadal mean runoff (stochastic uncertainty in Figure 5.8).
5.5.4

Glacier mass balance and climatic input

According to the modeling results, the total mass of glaciers in the Hunza River
Basin is more or less stationary during the control period (Table 5.3; mean GMB
Hunza 2001-2010: +0.12 m/year). This is in accordance with recent studies based
on geodetic mass balance observations (Gardelle et al., 2012; Kääb et al., 2012),
which reported relatively stable glacier mass balance for the Karakoram for the
early 21st century. However, Table 5.3 shows also that there are strong differences among subregions: while simulations indicate negative glacier mass balances
in the North of the study catchment for the control period (Ziarat: -2.07 m/year,
Kunjerab: -0.31 m/year), stable mass balances are calculated for the South-West
(Naltar: -0.09 m/year) and positive glacier mass balances for the South-East (Hispar: +0.45 m/year, Shimshal: +1.13 m/year). Such a strong spatially variable re-
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sponse of glaciers to climate change has been described previously by Scherler et al.
(2011b), who used repeated satellite images to track glacier changes and found that
58% of the studied glaciers in the Karakoram were advancing or stagnant, while 42%
of them were retreating. Sarikaya et al. (2012, 2013) identified a spatial trend in
glacier fluctuations within northern Pakistan, with shrinking glaciers in the west and
a greater frequency of advancing glaciers towards the east. This west-east gradient
agrees with the pattern of simulated glacier mass balances in this study: Ziarat in
the northwest shows more negative mass balances than Kunjerab in the northeast of
the study catchment, and mass balances simulated for the subregions in the southeast (Hispar) and east (Shimshal) are more positive than in the southwest (Naltar).
In glacier surveys by Hewitt (2005), 13 glaciers in the southeastern Karakoram (including three glaciers in the Shimshal valley, two Hispar glaciers and two glaciers in
Naltar) where found to be growing; some of the larger glaciers exhibited a thickening
by 5 to 15 m over substantial ablation zone areas within only five years. Although
glacier advances and elevation rise in the ablation zone may be the consequence of
glacier surges (Mayer et al., 2011), these observations might also be an indication of
positive mass balances, as mass balance has an important control on the frequency
of glacier surging (Copland et al., 2011).
The studies cited above confirm the plausibility of TOPKAPI-ETH simulations
and indicate that the climatic input provided by the three stations might represent
adequately the climate within the Hunza River Basin. However, the value of 1.13
m annual mass gain for Shimshal glaciers is very high. Likely, precipitation in the
Shimshal basin is overestimated when using Naltar climate data and linear precipitation gradients. Winiger et al. (2005) identified the ’Batura Wall’ as the main
precipitation divide between the wetter West Karakoram rainfall regime and the
dryer Central Asian rainfall regime. Therefore, the northern part of Shimshal valley
is likely dryer than assumed in our simulations, as supported also by Immerzeel et al.
(2012b). However, no climate data are available for this area. To reduce the uncertainty due to the low density of meteorological stations, climate data representative
of high-elevation regions both South (Hispar) and North (Shimshal) of the Batura
wall are required.
On the other extreme, mass balances for Ziarat are very negative, even compared to regions of the world where glacier retreat is well documented (e.g. Haeberli
et al., 2007; Huss et al., 2010a). Ziarat glaciers are extensively debris covered
(Table 5.1), but very little is known about the characteristics of the debris mantles
(thickness, conductivity, saturation conditions). Therefore, investigations should focus on the spatial variation of the debris layer characteristics and its effect on melt.
If debris on Ziarat glaciers is thicker than in other subregions, mass balance may be
less negative than simulated, as our model considers only uniform debris thickness.
The uncertainty about the climatic input for areas where we calculate positive
mass balances affects TOPKAPI-ETH simulations additionally because of the uncertainty about the correct representation of glacier advancement. The present version
of TOPKAPI-ETH does not reproduce glacier advancements (Section 5.3.1). Of
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the 7 glaciers in the study region with positive mass balance studied by Hewitt
(2005), terminus advances have been observed at 4 glaciers. We suggest that in
order to increase the accuracy of models for the region, efforts should be made to
better understand the dynamics of glaciers in the region and how to implement it
in distributed glacio-hydrological models.

5.6

Conclusions

In this study the physically-oriented, distributed glacio-hydrological model TOPKAPIETH is used to assess and compare the effect of three sources of uncertainty on
projections of future runoff from the Hunza River Basin, Karakoram, in northern
Pakistan. The sources of uncertainty assessed are: i) the uncertainty due to model
parameters, ii) the climate model uncertainty and iii) the uncertainty due to the
natural interannual climate variability in precipitation and temperature. We investigate the spatio-temporal variable relevance of the sources of uncertainty and use
an innovative approach to determine which model components are introducing the
main uncertainty in model outputs.
All the three sources of uncertainty have a significant effect on model projections, but we show that especially for heavily glacierized subregions, parametric
uncertainty exceeds the effect of other sources of uncertainty. Also the lack of
meteorological data about high-elevation temperature and precipitation increases
strongly the effect of parametric uncertainty, as the extrapolation of meteorological input introduces additional uncertainty into model results. The uncertainty in
simulated decadal mean runoff due to the stochastic nature of the meteorological
input exceeds the simulated effect of climate model uncertainty 30-40 years into the
future.
The scarcity of data is characteristic of the vast majority of H-K catchments. In
order to overcome this problem, modelers have until now applied relatively simple
models, calibrated against sparse and short records of mountain climatic variables
and runoff (e.g. Immerzeel et al., 2010; Tahir et al., 2011b) despite the fact that their
accuracy cannot be systematically evaluated. We show that parameters drawn from
the literature enable modelers to simulate a plausible response to climate change with
a distributed, physically-oriented model like TOPKAPI-ETH: simulated streamflow
for the present agrees well with observed data and general patterns of modeled
glacier mass balance are in accordance with recent studies in the region based on
remotely sensed data or direct observations. However, the uncertainty about accurate internal process representation cannot be sufficiently constrained due to the
lack of data for model calibration and validation. Aiming to improve the reliability
of model projections, we make detailed suggestions about field data which could be
used most efficiently to reduce model uncertainty. In a region where logistical, financial and political obstacles severely complicate the collection of new data, detailed
suggestions about the location and timing of fieldwork are of great value. We suggest an iterative approach where first the available process understanding provides
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the basis for setting up a physically-oriented glacio-hydrological model, then field
data are collected on the basis of the results of an uncertainty analysis, which is a
priori a modeling exercise. The data collected in this way will lead to better constraining the sensitive model parameters and an improvement in our understanding
of processes, and in turn to more robust model simulations. A key advantage of our
methodology is that it can be applied also to ungauged catchments. An application
of the iterative approach to other H-K watersheds is thus encouraged and will allow
a direct comparison with our results.
Our work demonstrates that future efforts to predict the response of high-elevation
catchments to climate change must consider ensembles of parameter sets and the
entire range of available climate projections. The differences in climate projections
concern differences in mean annual values of temperature and total precipitation,
but also in the variability and the seasonality of future climate. Model results show
that all these characteristics of GCMs have significant effects on model output and
should therefore be taken into account. Finally, future work should investigate the
effect of interactions between sources of uncertainty, in order to attribute a full range
of possible scenarios for future water availability in the region.
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Chapter 6

Comparing the response of
glacierized mountainous areas to
climate change in the Central
Himalaya and the Central Andes
Abstract
*The Central Andes of Chile combine relatively large glaciers with densely populated valleys, including the capital city of Santiago. Meltwater from glaciers and
snow is critical to maintain river flows during the dry summers. Also the hydrology
of important Asian river systems is influenced by the presence of glaciers in their
upper reaches, but the main melting season coincides with the wet monsoon months.
In this study we compare the hydrological response of the two climatically contrasting high-elevation watersheds to climate change. Global-scale response of glacier
runoff to climate change has been assessed before, but one of the main advances of
this study is to base glacio-hydrological simulations on model setups that have been
thoroughly evaluated, specifically for each of our two study catchments, regarding
their capacity to correctly reproduce catchment runoff, snow cover variability, gravitational snow transport, glacier mass balances or meteorological processes. This
study thus benefits from recent efforts to overcome problems of data scarcity typical
for high-elevation catchments through in situ data collection.
We show that both study catchments experience significant glacier mass loss
throughout the twenty-first century. However, the trajectories of future runoff or
total melt from glaciers differ fundamentally. In the Langtang region in the Central Himalaya, a majority of model realizations using 12 general circulation models (GCMs) indicate increasing catchment runoff until mid-century and then either
slowly declining or constant runoff, depending on the climate scenario. In the Juncal
region in the Central Andes a majority of model realizations indicate sharply declining catchment runoff after 2031-2040, so that by the end of the century, annual river
runoff has decreased by 40%-60%. The contribution of glacier melt to total runoff
steadily declines in the Juncal region, but not in the Upper Langtang basin. While
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in the Juncal region the seasonality of runoff may change dramatically, due to less
snow- and glacier melt during the summer, the seasonality of runoff in the Central
Himalaya will be essentially unaffected by climate change. Differences in catchment
response can be explained by differences in climate change projections, but also by
the differences in glacier characteristics and elevation distribution. Differences in
hydrological projections with respect to previous model applications in the Central
Himalaya can be explained by differences in model parameters that in this study
are based on measurements. We therefore emphasize the utility of in situ data to
inform glacio-hydrological models also for global or regional scale climate change
impact assessments.
*Ragettli, S., F. Pellicciotti, and W. W. Immerzeel (2014). Comparing the response of glacierized mountainous areas to climate change in the Central Himalaya
and the Central Andes, in preparation.
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Introduction

Glaciers and seasonal snow cover change their water storage capacity under a warming climate. These changes in the hydrology of high-elevation catchments may have
major consequences for downstream water supply. On seasonal timescales glaciers
and seasonal snow cover modify runoff regimes by releasing most of the annual
meltwater during the warm season. In regions where the summer months are characterized by frequent drought conditions, water resources originating from meltwater
therefore are of particular importance. When glacier mass balances are negative,
glaciers contribute additional water to rivers. However, negative glacier mass balances lead also to a reduction in glacier area. A warming climate may therefore lead
to both rising or decreasing river flows (e.g. Pellicciotti et al., 2010), depending
on the time scale and the rate of glacier retreat. Glaciers of different regions are
different in terms of size, elevation distribution or surface properties. Due to the
variability in glacier characteristics and due to differences in climate, high-elevation
regions are responding differently to climatic changes across the world. Studies projecting changes in runoff from individual glacierized basins are numerous (e.g. Stahl
et al., 2008; Farinotti et al., 2012; Fatichi et al., 2014), but major differences
between models, experimental data and the lack of a generalized conceptual framework in which to interpret the data leave us with only a vague idea about the actual
differences in catchment response across different regions. Several studies have assessed the hydrological consequences of changing glaciers and snow cover across
regional scales (Barnett et al., 2005; Immerzeel et al., 2010; Bliss et al., 2014; Lutz
et al., 2014). However, all previous studies that operate on the global scale are
characterized by a high degree of conceptualization. Simplifying assumptions lead
to model uncertainty that cannot be well constraint. Global scale models also do
usually not make use of local data for model calibration and validation, but work
with routines and parameters that are assumed to be generally valid. As a consequence, such model projections have limited value at the catchment scale, and the
results about general trends can be interpreted at the regional scale only.
This study focuses on the response of high-elevation catchments to climate change
in two regions: the Central Andes and the Central Himalaya. These two study
regions have in common that downstream areas are very vulnerable to possible
changes in river flow. Both regions east and west of the Central Andes have a
typical arid or semi-arid climate and rely on ice- and snowmelt fed rivers for the
supply of water to downstream agricultural areas during the dry summer months
(Masiokas et al., 2006). Central Chile combines relatively large glaciers with large
populated centers, including the capital city of Santiago. The Central Himalaya
is draining into the Ganges and the Brahmaputra rivers, providing water to more
than 500 million people (Immerzeel et al., 2010). River flow is important for agricultural and economic practices, but the region is also vulnerable to changing river
flows due to frequent flood hazards (e.g. Benn et al., 2012). Immerzeel et al.
(2012a, 2013) project rising runoff and increasing glacier melt from Himalayan highelevation catchments at least until mid-century. Lutz et al. (2014) project unchanged
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amounts of glacier melt contributing to the total flows of the Upper Brahmaputra
and the Upper Ganges basins at least until 2050. The simulations by Bliss et al.
(2014) show an overall negative trend in glacier runoff for this part of the Himalaya
but possibly positive runoff trends from glaciers located at very high elevations (terminus elevation > 5000 m asl.) or from very large glaciers (> 10 km2 ). It is difficult
to get a good overview about the common terms in the projected response of the
central Himalayan region to climate change, since the main conclusions vary depending on the spatial scale, and a direct comparison of different studies is often
hampered due to ambiguous definitions of glacier runoff (Radic and Hock , 2013).
In the Central Andes, model projections about the future impact of climate change
on the cryospheric components of the water balance at the regional or catchment
scale do not yet exist. For the Andean region between 25◦ S (1000 km north of Santiago) and Cape Horn, Bliss et al. (2014) project a decreasing glacier runoff trend
throughout the twenty-first century.
Both the Central Andes and the Central Himalaya are characterized by a pronounced scarcity of hydro-meteorological data from high-elevation regions. Data
about high elevation precipitation are mostly missing, and even our knowledge about
recent mass loss of glaciers is sometimes incomplete (Pellicciotti et al., 2015). Longterm historical records of meteorological variables or runoff are mostly missing. The
necessity to use generic models (e.g. Bliss et al., 2014) and/or parameters (e.g.
Immerzeel et al., 2013) due to the non-availability of specific local data have prevented a systematic comparison of the response of projected climatic changes across
mountain regions. However, there has been a recent shift from the application of essentially conceptual solutions to more process-based solutions to model the relevant
glacio-hydrological processes in high-elevation basins (e.g. Mauser and Bach, 2009;
Prasch et al., 2013; Ragettli et al., 2014a, b). The application of more processbased models offers more potential for ingesting in situ and remotely sensed data,
and is less dependent on the availability of long-term historical records. Physicallyinformed approaches make a comparison across catchments more credible.
The main purpose of the present study is to use the model setups applied by
Ragettli et al. (2014a) for a Central Andean catchment and by Ragettli et al. (2014b)
for a Central Himalayan catchment to model the future response of selected watersheds to projected climate change. The systematic integration of all available local
data from the Juncal River Basin (Ragettli et al., 2014a) and the Upper Langtang
Basin (Ragettli et al., 2014b) into an advanced simulation model offers the unique
opportunity for a true comparative approach. The two catchments are comparable
in size and glacier cover, but very different in climate. The performance of the two
model setups with respect to the reproduction of past runoff and snow cover variability has been thoroughly evaluated. The integration of a comparable set of detailed
local information into the same model using the same methodological approach offers great potential for the identification of major commonalities and differences in
the response of the two study regions to climate change.
This study aims thus at a projection of twenty-first century runoff and glacier
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changes in the Juncal River Basin in Chile and the Upper Langtang Basin in Nepal,
using the same high spatial (100 meter grid resolution) and temporal (hourly time
steps) resolution as applied in previous applications of the model setups (Ragettli
et al., 2014a, b). To assess the uncertainty associated to the model projections,
climate projections from a set of climate models that represent well the total uncertainty in IPCC model projections are applied. The effect of natural climate
uncertainty is taken into account by a stochastic downscaling approach of climate
model projections. The overarching objective of this study is thus to understand
the role of glaciers and snow cover in a changing climate in two study regions where
prognostic tools are extremely useful to anticipate the impacts of climate change, using a state-of-the art glacio-hydrological model, the newest climate change scenarios
and performing simulations at a very high spatial and temporal resolution.

6.2

Study sites

The total area of the Upper Langtang Basin is 350 km2 whereas 33.8% are glacier
covered. The Juncal River Basin is 241 km2 large and 14% of the area is glacierized.
Four glaciers of the Upper Langtang Basin are larger than 10 km2 (Langtang glacier,
Langshisha, Shalbachum, Lirung). The largest is Langtang glacier with an area of
57.1 km2 . The tongues of all these large glaciers are entirely debris covered (Figure
6.1). In the Juncal River Basin, the largest glacier is Juncal Norte Glacier (9.1 km2 ).
It owes its size to a very large accumulation area that reaches up to 5800 m asl.,
whereas only 3% of the total catchment area is located above 5000 m asl. In the
Upper Langtang Basin, two glaciers (Lirung, Langtang) originate at altitudes above
7000 m asl., whereas 61.5% of the total catchment area is located above 5000 m asl.
The equilibrium line altitude (ELA) in the Upper Langtang Basin is located approximately at 5400 m asl. (Sugiyama et al., 2013; Ragettli et al., 2014b), and in the
Juncal River Basin approximately at 4200 m asl. (Carrasco et al., 2005; Ragettli
et al., 2014a). The outlet of the Upper Langtang Basin is at 3650 m asl. and of
the Juncal River Basin at 2200 m asl. Both catchments are characterized by large
U-shaped main valleys and only scarce vegetation confined to the lower elevations.
The Juncal River Basin receives precipitation mainly in winter, while summers
are dry (Figure 6.2a). The situation is opposite in the Central Himalaya, where
the climate is characterized by precipitation in summer due to the Indian summer
monsoon and relatively dry winters with only occasional precipitation events due to
the passage of westerly troughs (Figure 6.2b, Immerzeel et al., 2014b). Due to the
persistent cloud-free conditions during the austral summer, net shortwave radiation
is the dominant component of the snow- and glacier energy balance in the Central
Andes (Pellicciotti et al., 2008). The low humidity and the absence of clouds leads
to a strongly negative longwave radiation flux during the night. This cools the snowpack or the glacier surface, so that its temperature drops below zero at night. Ragettli
and Pellicciotti (2012) have shown how this process can be taken into account by
an enhanced temperature-index (ETI) melt model which incorporates the shortwave
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Figure 6.1: Maps of the Juncal River Basin (left) and the Upper Langtang Basin (right). Contour
lines show 500-m elevation bands.
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Figure 6.2: Climate of the study sites: precipitation and temperature measured at meteorological
stations and generated with the stochastic approach. Precipitation was measured and is generated
for the period 1994-2013. The reference period for temperature is 2003-2013 (data from previous
years are not available). The error bars regarding temperature indicate the standard deviation
in monthly mean values. The error bars associated to precipitation show the 90% confidence
interval in monthly precipitation. The stations providing data from the Juncal region are Portillo
(temperature, 3000 m asl.) and Riecillos (precipitation, 1290 m asl.). A regional map and further
details about the stations are provided by Ragettli et al. (2014a). Data from Kyangjing (3862 m asl.)
are used for the Langtang region (Ragettli et al., 2014b).
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radiation flux. The same ETI model was applied by Ragettli et al. (2014b) to the
Upper Langtang Basin, where they found a much higher overall importance of the
temperature-dependent energy sources for melt than in the Juncal River Basin.
Fujita (2008b) has shown that glaciers in a climate with a strong seasonality such
as in the Central Andes or the Central Himalaya are more sensitive to temperature
increases than glaciers in a climate with more uniform annual precipitation distribution due to additional decreases in snow albedo. Also, glaciers are more sensitive
to climate warming if the temperature increase leads to a change in precipitation
phase, which is often the case for summer-type accumulation glaciers such as in the
Central Himalaya (Fujita, 2008a).
The present hydrological regime of the Juncal River Basin has been modeled
and studied by Ragettli et al. (2014a). They showed that the catchment has a
nivo-glacial hydrological regime and that glacier contribution to all water sources
was approximately 14% between April 2005 and March 2010. Ragettli et al. (2014b)
estimated 26% glacier contribution to total water production in the Upper Langtang
Basin during the hydrological year 2012/2013. Liquid precipitation represents less
than 10% of the total water input to the Juncal River Basin (Ragettli et al., 2014a),
but is the most important streamflow component in the Upper Langtang Basin
(Immerzeel et al., 2013; Ragettli et al., 2014b) due to the high temperatures during
the monsoon period.

6.3

Methods

The glacio-hydrological model used for this study is the TOPKAPI-ETH model,
which has been thoroughly tested and evaluated for the Juncal River Basin by
Ragettli and Pellicciotti (2012) and Ragettli et al. (2014a), and for the Upper Langtang Basin by Ragettli et al. (2014b). In both regions measured daily runoff can be
reproduced by the model with a Nash–Sutcliffe efficiency (NSE) higher than 0.85,
which indicates good model performance. Since there are no changes in the main
structure of the model with respect to the previous studies, the reader is referred to
the studies above for a detailed description of the model1 and for the results of the
model evaluation. In this paper, only the new boundary conditions regarding initial
glacier thicknesses (Section 6.3.4) and the new glacier flow component are presented
(Section 6.3.5). Sections 6.3.1-6.3.3 present the general circulation models (GCMs)
used for this study, their downscaling and the preparation of all required input data
for TOPKAPI-ETH future simulations.
6.3.1

GCM data

Twelve GCMs are selected to assess the response of the Juncal River Basin and
the Upper Langtang Basin to a future climate (Table 6.1). We use the latest generation of GCMs, generated for the Intergovernmental Panel on Climate Change
1 E.g.

Table 3.2 or Table 4.3 in this thesis.

132

CHAPTER 6 - THE RESPONSE TO CLIMATE CHANGE

(IPCC) fifth assessment report provided through phase five of the Climate Model
Intercomparison Project (CMIP5). We consider the projections of each GCM for
two Representative Concentration Pathways (RCPs). The RCPs describe a range of
potential future evolutions regarding the main drivers of climate change: greenhouse
gasses, air pollutant emissions and land use (Meinshausen et al., 2011). The two
RCPs that are considered by this study are RCP45 and RCP85 (rising radiative
forcing pathway leading to 4.5 W/m2 by the year 2100, or to 8.5 W/m2 , respectively). The model selection process is described in Mendlik et al. (2014). The
statistics that were considered are the mean seasonal temperature change, the mean
seasonal precipitation change, the change of variance of annual precipitation sum
and the change of variance of mean annual temperature. These statistics were used
to perform a principal component analysis, in order to detect the similarities between model projections. From each cluster of multivariate characteristics models
were randomly sampled, leading to a subset of representative simulations for the
uncertainty range of the original CMIP5 ensemble.
The GISS models (NASA Goddard Institute for Space Studies, USA) extended
the uncertainty range of our model selection in the Juncal region (stronger temperature increase and lower precipitation). However, none of the GISS model provides
daily precipitation projections for RCP85 conditions. We therefore decided to limit
the selection to the twelve models listed in Table 6.1. Note that two of the models
(INM-CM4 and MRI-CGCM3) showed relatively poor performance in reproducing
certain large scale monsoonal circulation patterns over the Himalayan region based
on the evaluation work by Sperber et al. (2013). For the Andean region, no such
evaluation of the performance of CMIP5 models to represent the past or present
climate exist yet.

Model ID
ACCESS1-0
CCSM4
CESM1-CAM5
CMCC-CMS
CNRM-CM5
GFDL-CM3
GFDL-ESM2G
INM-CM4
IPSL-CM5A-LR
MIROC5

MPI-ESM-LR
MRI-CGCM3

Table 6.1: GCMs considered in this study
Centre and location
Commonwealth Scientific and Industrial Research Organisation and Bureau of
Meteorology (Australia)
National Center for Atmospheric Research (USA)
National Science Foundation, Department of Energy, National Center for Atmospheric Research (USA)
Centro Euro-Mediterraneo per I Cambiamenti Climatici (Italy)
Centre National de Recherches Meteorologiques (France)
Geophysical Fluid Dynamics Laboratory (USA)
Geophysical Fluid Dynamics Laboratory (USA)
Institute for Numerical Mathematics (Russia)
Institut Pierre Simon Laplace (France)
Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science and Technology (Japan)
Max Planck Institute for Meteorology (Germany)
Meteorological Research Institute (Japan)
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Temperature and precipitation downscaling

We use a stochastic approach to downscale the climate models. The stochastic
downscaling provides an ensemble of future scenarios, accounting for the natural
variability of the climate. While the data from the meteorological stations nearby
or within the study catchments provide the statistical properties of precipitation and
temperature that are reproduced in the generated stochastic time series, the debiased climate model outputs provide the delta-change values in statistical properties.
20 time series of climatic forcing associated to the stochastic ensemble generated for
each considered GCM and RCP are then used to run the glacio-hydrological model.
The representation of the natural variability of the climate and the possibility to
quantify its effect on the glacio-hydrological simulations is the main advantage of
the approach despite increasing the computational burden due to the multiple model
runs. The number of 20 ensemble members was shown in a previous study to sufficiently represent the distributions of both precipitation and temperature, comparing
to the case when 100 realizations are used (Pellicciotti et al., 2014a). However, it
represents a pragmatic compromise between a large stochastic ensemble and computational efficiency for hourly distributed hydrological simulations spanning over
100 years.
For the precipitation downscaling, first the parameters of a stochastic generator
based on the Spatio-Temporal Neyman-Scott Rectangular Pulses model (ST-NSRP,
Burton et al., 2008; Bordoy and Burlando, 2014b) are calibrated. Observed daily
precipitation from the period 1994-2013 from Riecillos (20 km south-west of the
Juncal River Basin outlet) and from Kyangjing (Upper Langtang Basin) provide
the input data for the ST-NSRP model. The climate statistics that are reproduced
are the mean, variance, no-rain probability, skewness and daily autocorrelation of
precipitation at daily scale, for each month of the year. To estimate the statistical
properties of future precipitation, the debiased climate model outputs (daily) are
divided in 20-year segments for which the statistics are calculated. The factors of
change in the climate statistics are subsequently used to feed the ST-NSRP model,
in order to generate 20 stochastic time series of daily precipitation for the period
2001-2100. For the period 2001-2010 the stochastic generator only uses the observed
climate statistics without the delta-changes provided by the climate models, and is
called the control period.
A second stochastic generator is used to simulate hourly air temperature and it is
based on an autoregressive integrated moving average (ARIMA) model. To separate
the deterministic from the stochastic variability in temperature, the seasonality and
daily cycle of air temperature is first subtracted from the hourly measured values
(Bordoy, 2013) and is subsequently added again to the generated stochastic time
series. To account for the factors of change in climate statistics, the mean and the
standard deviation of monthly future temperatures are used for the destandardization of the generated stochastic time series. The statistical properties of future
temperatures projected by the debiased GCMs are calculated for 10-year segments.
The stations providing the data for the temperature downscaling are Portillo (7 km
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north-east of the Juncal River Basin outlet) and Kyangjing. Due to the shortness of
available hourly time series, the signatures of only 2 years (May 2012 - April 2013)
of observed temperature data can be used to calibrate the stochastic generator in
the Langtang region. However, daily temperature data from Kyangjing dating from
the period 2003-2010 are additionally used for the debiasing of climate models and
for the calculation of the delta-change factors. For the Juncal region, 10 years of
hourly temperature data are available (2004-2013).
To remove the differences between station observations and climate model realizations in the control period, a non-linear parametric bias correction to the entire distribution of precipitation and air temperature is applied (Bordoy and Burlando, 2013). For additional methodological details on the bias correction strategy,
and description of the stochastic generators and of the downscaling methodology
the reader is referred to Bordoy and Burlando (2013, 2014a, b) and Bordoy (2013).
The same methodology for stochastic downscaling has also been previously used by
Ragettli et al. (2013); Pellicciotti et al. (2014b, a) and Fatichi et al. (2014).
6.3.3

Model setup

Ragettli et al. (2014b) used temperature data from AWSs in Kyangjing (3862 m
asl.) and Yala (5090 m asl.) to calculate hourly temperature lapse rates to force
the model. However, for the future simulations temperature lapse rates need to be
parameterized, since only downscaled climate inputs for Kyangjing are available.
The mean diurnal cycle of the temperature lapse rates is thus calculated for each
month of the year, using data from the available period of record (May 2012 - April
2014). The monthly mean diurnal cycles of the temperature LR are then assumed to
be constant in the future. Temperature lapse rates for the Juncal River Basin were
already parameterized on a monthly basis for the application of TOPKAPI-ETH in
Ragettli et al. (2014a). For the model application that is presented here, the mean
monthly lapse rates calculated from the temperature data of the period 2004-2010
provided by the standard meteorological network are used.
Precipitation is downscaled only to daily resolution, due to the non-availability of
long term historical records of hourly precipitation. Therefore, in order to prepare
the downscaled stochastic time series of precipitation for the future simulations, disaggregation to hourly resolution is necessary. For Juncal, where no historical hourly
precipitation data are available, daily values are divided by 24 and precipitation is
then assumed to be constant over the day (the same approach is used by Ragettli
and Pellicciotti (2012); Ragettli et al. (2014a) and Pellicciotti et al. (2014b)). For
the Upper Langtang Basin, the daily precipitation distribution is sampled randomly
from the available historical records (May 2012 - April 2014). The random sampling
of the daily precipitation distribution differentiates between strong (> 15 mm/d),
medium (> 5 mm/d) or weak daily precipitation events. The random sampling
also differentiates between pre-monsoon/monsoon records and post-monsoon/winter
records. For a given daily precipitation amount, the algorithm therefore picks a random day out of the historical record from the same period of the year and with a
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similar total daily precipitation, and attributes hourly precipitation values in a way
that the generated precipitation distribution matches the historical records of the
random day.
Precipitation gradients are parameterized in both previous model applications in
Langtang and Juncal. No changes in future precipitation gradients are assumed for
the model application discussed here, but the historic average seasonal gradients are
applied.
Cloud factors can either be parameterized using the daily temperature ranges
(Ragettli and Pellicciotti, 2012; Ragettli et al., 2014a), or can be calculated from
measured hourly incoming shortwave radiation compared to values of potential incoming shortwave radiation provided by TOPKAPI-ETH (Ragettli et al., 2014b).
For the future simulations discussed here, daily cloud factors for the Juncal River
Basin and the Upper Langtang Basin are sampled randomly from historical data.
Similar as for the random sampling of the hourly precipitation distribution in Langtang, the algorithm of random historic cloudiness sampling differentiates between
days with similar precipitation intensity (strong, medium, weak or no daily precipitation) and between spring/summer records and autumn/winter records. The
advantage of the conditional random sampling of future daily cloud factors - rather
than applying a parameterization using the future daily temperature ranges - is that
the correlation of daily cloudiness with precipitation intensity is maintained in the
generated time series.
Ragettli et al. (2014b) have shown that refreezing processes might be important at
high elevations in the Upper Langtang Basin. In this study, the elevation threshold
above which meltwater refreezes within the snowpack is set to the mean height of the
1◦ C isotherm during the warmest three months of the year (June to August), while
in Ragettli et al. (2014b) this elevation was set to 5500 m asl. During the hydrological
year 2012/2013 (the period for which the model setup was tested in Ragettli et al.
(2014b)) the elevation of the June to August 1◦ C isotherm was at 5512 m asl.
The elevation threshold is recalculated each year for each stochastic run. Other
model parameters remain constant and identical to the previous TOPKAPI-ETH
applications to the two study catchments (Ragettli et al., 2014a, b).

6.3.4

Glacier and debris maps

The initial glacier outlines for the future simulations need to represent the states of
glaciers at the beginning of the control period (year 2001). For Juncal, no changes
in initial glacier cover with respect to the setup used by Ragettli et al. (2014a) are
necessary, since this study uses glacier outlines acquired from a 2003 ASTER scene.
The glacier outlines of 2003 are assumed to represent those of 2001. Similarly, most
glacier outlines used in the original Langtang setup represent the situation at the
beginning of the century (Ragettli et al., 2014b), except for the debris covered
glaciers which for the study of Ragettli et al. (2014b) were delineated using Landsat
scenes from the years 2008 to 2010. For the future simulations discussed here, we
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use thus a mask of debris covered glaciers delineated from a Landsat scene of the
year 2000 (Stephan, 2012).
The debris mask for the Upper Langtang Basin is the same as used by Ragettli
et al. (2014b) and no changes in future debris extent are assumed for the simulations.
If the glacier terminus of a debris covered glacier retreats, debris thickness values of
the frontal area are sampled randomly from the reconstructed values obtained from
the lowest 50 m elevation band of Lirung glacier in 2013 (Ragettli et al., 2014b).
Debris thicknesses of other areas are assumed to remain constant in time.
Initial ice thickness values for the future simulations are calculated using the
model GlabTop2 by Frey et al. (2014). In this approach, ice thicknesses of randomly
picked DEM cells within the glacierized areas are calculated using a surface slope
dependent method (Haeberli and Hoelzle, 1995; Linsbauer et al., 2012). Thickness
is interpolated between the random cells and glacier adjacent cells (with a thickness value hga that is a model parameter) to all glacier cells using inverse distance
weighting. Since a high density of random points (r) reduces the influence of the
glacier adjacent cells in the interpolation and vice versa, the cross-section changes
from more v-shaped at low r to a parabolic profile with very steep sidewalls at high
r (Frey et al., 2014). The advantage of GlabTop2 is thus that is the laborious
process of defining flow directions and branch lines is not necessary while the shape
of the cross-section remains realistic. In Frey et al. (2014), ice thicknesses calculated by GlabTop2 are compared to the results of the more sophisticated approach
by Huss and Farinotti (2012) (HF-method) for a complete glacier inventory of the
Himalaya-Karakorum (HK) region. The comparison showed a good agreement between the two methods (on average 7% difference between ice volumes calculated by
the HF-method and GlabTop2), and also a good agreement with the few observations available (among which are the point measurements of ice thickness at Lirung
glacier, Langtang Basin, by Gades et al. (2000)). GlabTop2 is thus applied in this
study with the same parameters as in Frey et al. (2014), for both the Juncal and
the Langtang region. The parameters do not vary from one region to another, or
from one glacier to another, but radar ice thickness measurements from the snout of
Juncal Norte glacier are used to scale linearly the GlabTop2 results for this glacier
in order to match the observed ice volumes, since this glacier was found to be thicker
than inferred from the standard parameters.
6.3.5

Glacier dynamics

Simulations of future glacier evolution require the consideration of an ice flow component in the model. However, currently there exists a lack of appropriate processbased solutions for modeling glacier flow in data-scarce regions such as the Central
Andes or the Central Himalaya (Pellicciotti et al., 2014b; Radic and Hock , 2013).
In the only previous application of a glaciological model for future simulations to
the Juncal region, ice-flow is thus not represented at all (Pellicciotti et al., 2014b).
Immerzeel et al. (2012a, 2013), who applied a glacio-hydrological model to simulate
future glacier extent in Langtang, modeled glacier motion using Weertmans sliding
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law (Weertman, 1957) assuming that all movement is due to basal sliding. Ice
flow parameters were calibrated together with the temperature lapse rate and the
degree day factor to reproduce the location of glaciers and permanent snow in the
year 2000 (Immerzeel et al., 2012a). Besides the strong simplifications inherent to
the approach, the major disadvantage of the method applied by Immerzeel et al.
(2012a, 2013) is thus the risk of error compensation due to equifinality problems
during calibration.
This study proposes thus a conceptual solution for modeling ice flow, using elements of the glacier retreat model proposed by Huss et al. (2010b). This model uses
empirical parameterizations to relate thinning rates of glaciers with their normalized elevation range and in literature is known as ∆h-parameterization. Huss et al.
(2010b) propose three empirical parameterizations for small (< 5 km2 ), medium
and large glaciers (> 20 km2 ) that have been established based on data from alpine
glaciers in Switzerland. The approach has been applied also to unmeasured glaciers
(Ragettli et al., 2013) with the rationale that its implementation guarantees that
ice accumulated above the equilibrium line altitude is redistributed to lower elevations, and that declines in glacier area are delayed by flow dynamics. However,
glaciers in the Central Andes or in the Central Himalaya have very different elevation ranges and accumulation area ratios (AARs) than the Alpine glaciers for
which the parameterizations have been established. This likely leads to very different thinning rates in function of the normalized elevation range, especially at
high elevations. Juncal Norte glacier has an AAR of approximately 0.75 (Pellicciotti et al., 2014b), while large debris covered glaciers in Langtang have AARs of
0.37-0.55 (Ragettli et al., 2014b). Alpine glaciers typically have AARs around 0.58
(Bahr , 1997). Gravimetric mass balance studies from the Himalaya generally assume that the ice volume in the accumulation area of glaciers remains constant (e.g.
Pieczonka et al., 2011; Pellicciotti et al., 2015). However, the available empirical
∆h-parameterizations calculate a thinning rate that converges to zero only at the top
elevation of a glacier. Their application would thus not be appropriate for glaciers
in the Central Andes and the Central Himalaya with very large elevation ranges,
and would be inconsistent with the assumptions made by GlabTop2 to calculate ice
thicknesses (Section 6.3.4 - ice thicknesses depend on local slope mainly). However,
the main assumption inherent in the ∆h-parameterizations are conceptually correct:
thinning rates are greatest at the lowest elevations and monotonic accumulation of
ice mass in the accumulation area is unrealistic. Therefore, the present study uses a
simplified ∆h-parameterization that assumes a linear increase of the glacier thinning
rates below a given threshold elevation and a constant ice thickness above:

∆h =

(hT − hr )/hT hr ≤ hT
0
hr > hT

(6.1)

Where ∆h is the normalized surface elevation change, hr the normalized elevation
and hT the threshold normalized elevation above which the thickness of glaciers is
assumed to be constant. At the highest point of a glacier hr is equal to one, at
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the lowest point it is equal to zero. For this study, we set hT to the elevation
where according to the available parameterizations from the Alps ∆h is equal to
0.5 and test the sensitivity of the model to this parameter by a sensitivity analysis
(Section 6.3.6). Therefore, considering the three available parameterizations for
small, medium and large glaciers, all glacier thinning is assumed to occur over the
lowest 29%, 18% and 12% of the total elevation range, respectively. The assumption
of a linear relationship between thinning rates and elevation (equation 6.1) is due
to the approximately constant slope of the available ∆h-parameterizations at low
elevation ranges (Huss et al., 2010b), and is also assessed by a sensitivity test.
Note that equation 6.1 is only applied once a year (at the end of the hydrological year) and only if the total mass balance of a glacier is below zero. For years
with a positive mass balance, ice thicknesses are increased starting from the highest elevations until the original GlabTop2-derived ice thicknesses are reached again,
while the glacier geometry remains constant at lower elevations. The total volume of
glaciers at the end of the year is always equal to the volume at the beginning of the
hydrological year plus the annual total mass balance calculated by TOPKAPI-ETH.
Considering that both study regions are already in a period of glacier retreat
(Bolch et al., 2012; Pellicciotti et al., 2014b) glacier advance beyond the present
borders is not foreseen by the model. If positive mass balances are calculated for
glaciers at maximum (or initial) extent, glacier geometry will thus remain constant,
but the excess ice volumes are summed with the mass balance of the subsequent
year.
A special case represent debris covered glaciers with a negative mass balance of
areas located at higher elevations than the debris covered glacier tongue. Here, the
assumption that the majority of all mass loss occurs at the lowest elevation of glaciers
does not always hold. For debris covered glaciers in the Upper Langtang Basin, the
algorithm therefore first calculates the mass balance of debris-free areas. If the mass
balance is negative, it is assumed that the ice flux from the debris-free areas to the
debris covered tongue can be neglected, and the glacier dynamics component of
the model is applied to each of the two parts of the glacier independently. This
assumption takes therefore into account that debris covered tongues often become
disconnected from the accumulation area after long periods of negative mass balance
(e.g Salerno et al., 2008).
To validate the modeled glacier retreat rates we compare the modeled glacier
retreat of Juncal Norte glacier (Juncal River Basin) and of Lirung glacier (Upper
Langtang Basin) with some available glacier retreat data. For Juncal Norte glacier
we use for this purpose Landsat derived glacier outlines from the years 1991, 2001,
2004, 2011 and 2013. For Lirung glacier we compare the simulations with the observed glacier retreat between the year 2000 (Landsat derived glacier outline) and
2012 (location of the terminus determined by handheld GPS). Note that only the
stochastic simulations of the control period (based on meteorological data from the
period 1994-2013, see Section 6.3.2) can be used for a comparison of retreat rates,
since the hourly input data are not continuously available for the periods indicated
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above. Only the plausibility of modeled retreat rates can therefore be assessed, by
checking if the observed retreat rates are within the range of the modeled retreat
rates by the stochastic simulations.
6.3.6

Sensitivity tests

To assess the influence of the uncertainties in new model components on the projected runoff volumes and glacier areas, we make a series of sensitivity tests. We
compare the catchment response simulated with the model described above with the
model outputs after making consecutively the following changes:
 Reduce initial ice thickness by 10% or increase initial ice thickness by 10%. This
test is applied to take into account the uncertainties related to the application
of GlabTop2 (Section 6.3.4).
 Set hT in equation (6.1) to the elevation where according to the available parameterizations from the Alps (Huss et al., 2010b) ∆h is equal to 0.25 instead
of 0.5. This means that the glacier retreat algorithm assumes a thinning of ice
over the lowest 24% (large glaciers), 35% (medium size glaciers) or 50% (small
glaciers) of the total elevation range, in case of negative mass balances.
 Assume a logarithmic increase of ∆h from zero to one from the elevation hT to
the lowest elevation of a glacier, rather than a linear increase (equation 6.1).
 Decrease the temperature lapse rates uniformly by -0.0001◦ C/m each decade.
This test takes into account that temperatures might increase faster at high
elevations, as various studies have concluded (Bradley et al., 2006; Urrutia and
Vuille, 2009; Rangwala et al., 2009).
 Reduce debris thickness of debris covered glaciers in the Upper Langtang Basin
by 10% each decade. This scenario takes into account that supraglacial cliffs
and lakes might appear more frequently and with a higher density in the future. This trend is currently observed at various places in the Himalaya (Benn
et al., 2012; Basnett et al., 2013). By the current model supraglacial lakes
and cliffs are not taken into account explicitly, but indirectly by assigning a
shallower debris thickness to areas where they occur (Ragettli et al., 2014b).
 Increase debris thickness of debris covered glaciers in the Upper Langtang Basin
by 10% each decade. This scenario assumes that more and more debris accumulates on stagnant debris covered glacier tongues (Schmidt and Nüsser , 2009;
Scherler et al., 2011b).

Note that a-priori ranges of plausible values are not available for each sensitivity
test. The decision to increase or decrease debris thickness by 10% per decade is a
hypothetical choice, since no literature values are available. Changes in temperature
lapse rates by -0.0001◦ C/m per decade corresponds to a warming trend of of 0.1◦ C
per 1000 m elevation per decade, in agreement with estimations by Bradley et al.
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(2006); Urrutia and Vuille (2009) for the Andes and by Rangwala et al. (2009) for
high mountain Asia. 10% uncertainty in initial ice volumes reflects approximately
the differences in ice thickness in the Central Himalaya calculated by a number of
different approaches (Frey et al., 2014). The ∆h-parameterizations by Huss et al.
(2010b) can be approximately described by a logarithmic function. The higher values
for hT can be justified by the fact that the original values (0.12-0.29) are below the
values for the fraction of the area with negative point mass balances according to
common AAR’s in the study regions (0.25-0.63, Section 6.3.5).
The effect of the tests listed above on the model output depend also on the
climate forcing. Therefore each test is applied using eight different time series of
meteorological input, and we analyze the mean model response resulting from the
eight simulations for each test. To select eight time series, we consider 2 climate
models, 2 RCPs (RCP45 and RCP85) and 2 stochastic simulations. We select the
climate models and members of the stochastic ensemble which represent best the
median results of all simulations, in terms of root mean square error to the ensemblemedian runoff and glacier area projections.

6.4
6.4.1

Results
Control period

In recent decades, Juncal Norte glacier has experienced an unsteady retreat with
periods of stagnation. The glacier has retreated between 1991 and 2001 by 175 m,
and again by 175 m between 2001 and 2004. After the year 2004, however, the
glacier did not exhibit any significant area change until 2013. It can be assumed
that the unsteady retreat of the glacier is due to the strong natural inter-annual
climate variability, affecting precipitation but also temperatures (Figure 6.2). Using
twenty time series of stochastic input to model the years 2001 to 2010 (which is the
control period for the glacio-hydrological modeling), the model simulates in twelve
cases a constant glacier length. Eight model runs lead to a glacier retreat by 150
to 450 m. The 90th percentile of all 20 runs indicates 360 m retreat in ten years.
Overall, the mean modeled retreat rate by the 20 runs is 12.4 m per year, while the
observed retreat of 350 m in 22 years equals to a mean retreat rate of 15.9 m per
year. It can thus be concluded that the model captures well both the mean annual
retreat rate and the variability of the retreat.
In the Upper Langtang Basin the modeled glacier retreat rates can be compared
to the outlines of Lirung glacier. The glacier retreated by approximately 400 m
between the years 2000 and 2012. From the 20 model runs only 6 lead to a retreat
of 100-200 m, while the other runs indicate a constant area. However, all the 20
model runs calculate a mass balance of Lirung glacier for the control period that
is negative. This means that the terminus is in all cases substantially thinning.
For the last 400 m of the tongue the model simulates a mass loss of 7.2% to 9.1%
per year. Note that the inter-annual climate variability during the control period
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in the Upper Langtang Basin is considerably lower than in the Juncal River Basin
(Figure 6.2), which leads to also less variability in glacier mass loss during the control
period. Linearly extrapolating the modeled retreat from the 10-year control period
to twelve years, 45% of all model simulations indicate a glacier retreat of at least
400 m. If the initial thickness had been only by 3 m lower on average, all 20 control
runs would project a glacier retreat of greater or equal to 400 m in 12 years. The
modeled retreat rate is therefore very sensitive to initial glacier thickness. Given the
uncertainties in calculated initial thickness and the coarse resolution of the model
grid (100 m) in comparison to the observed retreat (400 m ), the modeled retreat
rates are plausible.
6.4.2

Future climate scenarios

Figures 6.3 and 6.4 show the anomaly in mean projected annual precipitation and
temperature (in units %/100 and ◦ C, respectively) for the twelve downscaled GCMs
and for each considered RCP. Due to the strong inter-annual variability in precipitation (error bars in Figure 6.2), the anomalies in projected precipitation are
calculated for 20-year periods instead of for each decade (Section 6.3.2). Always
the median of the 20 stochastic model realizations is represented in Figures 6.3 and
6.4. For a discussion of the variability within the ensemble of the 20 stochastic time
series generated for each GCM and RCP see Section 6.5.3.
The precipitation climate signal differs strongly among sites: for the Langtang
region, nearly all climate models (except CMCC-CMS under RCP85 conditions)
project an increase in precipitation, while for the Juncal region a majority of climate
models project a decrease in precipitation. However, the climate model uncertainty
in the Juncal region prevents the identification of a clear trend in precipitation: while
the ensemble-median projects decreasing precipitation throughout the 21st century,
a number of GCMs (ACCESS1-0, CNRM-CM5, INM-CM4, MRI-CGCM3) project
a local peak in annual precipitation amounts by mid-century, and subsequently a
decline to current levels (Figure 6.3c and d). The 2081-2100 precipitation projections
under RCP85 conditions are about 20% below the RCP45 projections for the Juncal
region, and about 20% above for the Langtang region, respectively, but the main
trends essentially do not depend on the RCP. The climate model uncertainty in the
Langtang region is mostly around 25%, but there is one outlier (GFDL-CM3) which
projects more than twice the precipitation increase by the end of the century than
nearly all other models (46% increase for RCP45 with respect to the control period
and 110% for RCP85, respectively).
All climate models for both RCP scenarios project a significant increase in temperature until the end of the 21st century (Figure 6.4). Regarding this variable,
the differences between RCP45 and RCP85 projections are more important than
the differences between the two study sites. Under RCP45 conditions, projected
future temperatures are starting to stabilize after 2051-2060, while under RCP85
conditions they continue to increase by another 2.5◦ C until the end of the century.
Overall, the median-average of the ensemble for this RCP indicates an temperature
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Figure 6.3: Changes in projected annual precipitation with respect to the control period (20012010). The median projections by 12 stochastically downscaled GCMs are shown for the Upper
Langtang Basin (a-b), the Juncal River Basin (c-d), and two RCPs each. The boxes show the
25th, 50th and 75th percentile of the GCM ensemble projections.
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Upper Langtang Basin (a-b), the Juncal River Basin (c-d), and two RCPs each. The boxes show
the 25th, 50th and 75th percentile of the GCM ensemble projections.
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increase by 4.9◦ C until the last decade of the century for the Upper Langtang Basin,
and an increase by 4.5◦ C for the Juncal River Basin, respectively. In contrast to the
precipitation projections, the climate model uncertainty regarding the temperature
projections is higher for the Langtang region. Here, the total spread in GCM projections is about 0.5-0.8◦ C larger than for the Juncal region. Overall, the maximum
difference between GCM projections for each decade and RCP is of about the same
order of magnitude as the actual ensemble-median temperature anomaly.
The analysis here is limited to the mean values of precipitation and temperature,
although several other climate statistics are considered by the stochastic downscaling
approach (Section 6.3.2). The mean values are most useful to explain the long-term
trends in catchment response to climate forcing. The changes in other climate statistics are therefore not shown here for shortness. The changes in precipitation variance
correlate with the changes in stochastic uncertainty discussed in Section 6.5.3.
6.4.3

Catchment response to future climate

Figure 6.5 shows the projected evolution of catchment runoff from the two study
basins. The runoff projections are shown as a multi-model median: for each downscaled GCM and each of the 20 stochastic model runs first the decadal mean values
are calculated, and then the median is taken first from the stochastic runs for the
same GCM and then from the ensemble of 12 GCMs. The error bars in projected
runoff in Figure 6.5 represent the 80% confidence interval in median projections by
each GCM. The Upper Langtang Basin exhibits an increasing runoff response in
the first half of the 21st century to the entire variety of projected climate scenarios.
Under RCP45 conditions runoff is then projected to decrease again slightly after
2061. Under RCP85 conditions runoff from the Upper Langtang Basin is projected
to remain relatively stable during the second half of the 21st century, but with
an increasing GCM uncertainty towards the end of the century. The multi-model
median projections for the Juncal River Basin indicate stable runoff volumes until
2030 and then a steady decreasing trend (Figure 6.5c and d). Multi-model median
runoff under RCP45 conditions declines by 40% between 2001-2010 and 2091-2100,
and by 62% under RCP85 conditions. While the described trends are consistent
across GCMs for the Upper Langtang Basin, the runoff trends projected for the
Juncal River Basin differ considerably between climate models. A closer analysis of the uncertainty represented by the error bars in Figure 6.5c and 6.5d reveals
that a number of GCM projections (ACCESS 1-0, CESM1-CAM5, INM-CM4, MRICGCM3, CNRM-CM5) lead to a stable runoff response until the end of the century
rather than a steady decline. Under RCP85 conditions, the projections by models
MRI-CGCM3 and CNRM-CM5 even lead to a peaking of runoff in 2031-2040 and
then to a steady decline back to approximately the runoff volumes in 2001-2010 until
the end of the century.
The background colors in Figure 6.5 indicate the multi-model median composition
of the simulated total water input to the hydrological system. Note that the shown
composition of water input is not exactly equivalent to the composition of catch-
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Figure 6.5: Simulated future catchment runoff and composition of total water input. The figure
shows the median of all simulations for each decade, RCP and study area. The error bars represent
the 80% confidence interval about the climate model ensemble.
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Figure 6.6: Simulated future evolution of the main components of the water balance: icemelt (a,e),
snowmelt (b,f), rain (c,g) and actual evapotranspiration (ETA, d and h). The lines show the
median of all simulations for each decade, RCP and study area. The error bars represent the 80%
confidence interval about the climate model ensemble.
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ment runoff, as evapotranspiration likely does not distribute evenly among the three
sources of runoff (snowmelt, icemelt and rain). However, the components shown by
Figure 6.5 allow to point out some of the most important differences in the hydrology of the two study catchments. While rainfall represents little more than 20% of
total inputs in the Juncal River Basin during the control period (2001-2010), this is
the most important water balance component in the Upper Langtang Basin during
the same period, with rainfall contributing roughly by 40% to total water inputs.
This is due to the importance of monsoonal precipitation in the Central Himalaya
during the warm period, which leads to important quantities in rainfall from June to
September (Ragettli et al., 2014b). In the Central Andes, most of the precipitation
falls in winter in the form of snow, which explains why snowmelt accounts for 60%
of total water input in the Juncal River Basin for the present climate (Figure 6.5c
and d). In the Upper Langtang Basin, snowmelt presently represents only 30% of
total water input, and about the same fraction of total inputs stems from melted
ice. The main patterns of water input composition are likely not going to change
during the 21st century, but Figure 6.5 indicates a steady increase of the importance
of rainfall in both study catchments. Depending on RCP and study site, rainfall will
account for 10-20% more of total input fractions by the end of the century. In the
Juncal River Basin, this increase in rainfall importance happens on the expense of
both snow- and icemelt importance, but in the Upper Langtang Basin the fraction
of icemelt is not showing any decrease if we compare the beginning with the end of
the century (Figure 6.5a and b)
To facilitate more detailed analysis of the shifts in relative importance of different
water balance components and its effect on runoff, Figure 6.6 shows the absolute
magnitudes of mean annual icemelt, snowmelt, rainfall and actual evapotranspiration. It becomes clear that there is no major difference in projected total icemelt
between the first and the last decade in the Upper Langtang Basin. Here, total
icemelt is increasing strongly until mid-century and then decreasing again. The projected peaking of runoff in 2051-2060 for the Upper Langtang Basin under RCP45
conditions (Figure 6.5a) is in fact due to the peaking in total icemelt that during
the same period. Under RCP85 conditions, the peaking in total icemelt is even
more pronounced (up to 90% increase of total icemelt between 2001-2010 and 20512060 depending on the climate model), but the following decline in total icemelt
is compensated by a very pronounced increase in total rainfall after 2071 (Figure
6.6c). The increase in rainfall is sustained both by increasing precipitation amounts
(Figure 6.3a and b) and a change of phase from snowfall to rainfall (Figure 6.6b
indicates stable snowmelt magnitudes in spite of increasing precipitation). In the
Juncal River Basin, where the ensemble-median projections indicate decreasing precipitation (Figure 6.3c and d), the increase in rainfall importance (Figure 6.5c and
d, Figure 6.6g) is solely due to a change of phase from liquid to solid precipitation.
Decreasing runoff trends can be explained by the decline in snow- and icemelt magnitudes by on average about 10 mm/a from decade to decade. Ensemble-median
results indicate total icemelt is already on a decline during the first 30 years of the
century, while total snowmelt (and runoff) starts to decrease after 2031, with a sud-
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den decrease of snowmelt under RCP85 condition by -150 mm/a between 2061-2070
and 2071-2080 (Figure 6.6f). Modeled total evapotranspiration is relatively constant
for both study catchments (Figure 6.6d and h) and does not contribute substantially
to general changes in runoff magnitudes.
Glacier area changes
To explore the reasons for the contrasting patterns between the two study catchments in the evolution of future icemelt magnitudes (Figure 6.6a and e), we look
at future glacier area change projections. The ensemble-median projections about
total glacier area for each decade until 2100 are shown in Figure 6.7. However,
both study catchments respond with a clear decreasing trend in glacier area to the
changes in climate (-25% to -65% glacier area in the Upper Langtang Basin and
-30% to -80% glacier area in the Juncal River Basin until the end of the century).
Changes in glacier area alone can therefore not explain the mid-century peak in total
icemelt in the Upper Langtang Basin projected as a response to the inputs of all
climate models. To understand this evolution it is necessary to look at the elevation
distribution of glacier areas effectively contributing to icemelt. While during the
control period in the Upper Langtang Basin less than 50% of the initial glacier area
contribute to melt, in the Juncal River Basin the lowest 50% of the total glacier
area can already be entirely exposed to melt, and also higher elevations are starting
to contribute (Figure 6.8c and d). The increase in projected temperatures leads to
a shift in the distribution of areas contributing to melt towards higher elevations.
However, while in the Upper Langtang Basin the largest fraction of glacier area
is not yet contributing to melt, the Central Andes do not hold major glacier areas at higher elevations that do not contribute to icemelt yet. The analysis of the
hypsometry of glacier area contributing to melt can therefore explain the trends in
projected total icemelt: glacier area contributing to melt is increasing until 20512060 in the Central Himalaya (Figure 6.6a and b), due to shifts in the snowline. The
persistence of glacier melt is sustained by debris-covered ice which does not exhibit
major area reduction at low elevations (Figure 6.8a and b, see also Section 6.5.2 for
a discussion). Glacier area contributing to melt in the Central Andes is decreasing
in the Juncal River Basin (Figure 6.6c and d), as area loss at the lowest elevations
cannot be compensated by areas contributing to melt at higher elevations (Figure
6.8c and d). Here, under RCP85 conditions, nearly the entire remaining glacier area
contributes to melt by the end of the century, which is equivalent to an AAR close
to zero.
Seasonality changes
Monthly catchment runoff averaged over three periods (2001-2010, 2041-2060, and
2081-2100) is shown in Figures 6.9a-d. In both regions runoff exhibits a strong seasonality with a pronounced peak in summer. However, while peak runoff in summer
in the Central Himalaya is sustained by rainfall due to monsoon precipitation, peak
runoff in the Central Andes is due to enhanced snowmelt mostly (background colors
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in Figures 6.9a-d). This difference in the seasonality of water balance components is
the main reason why the seasonality of runoff in the two study catchments is affected
in a very dissimilar way by the projected climatic changes. In the Upper Langtang
Basin, the changes in climate lead to almost no changes in runoff seasonality. In
the Juncal River Basin, however, the changes in the hydrology of the catchment are
such that peak runoff is going to disappear gradually, so that at the end of the century (under RCP85 conditions) the differences between winter, spring and summer
runoff become very small. The timing of the peak runoff in the Juncal River Basin
is also gradually affected. By the end of the century the peak runoff is shifted by
one month from January to December. Note that a substantial amounts of meltwater from snow enter first the groundwater and reach the channel with a temporal
delay (Ragettli et al., 2014a). Therefore the strong decrease in future snowmelt
in spring, especially under RCP85 conditions (Figure 6.9h), affects rather summer
than spring runoff. Similarly, the slight increase in net rainfall during autumn and
winter is counterbalanced by dryer soils after summer and positive soil water storage
changes, and by higher rates of evapotranspiration due to higher temperatures.
Note that the results shown in Figure 6.9 do only represent ensemble-median
results. However, the differences between climate models for the Central Andes
lead to considerable differences in the projected shifts in streamflow timing. Out
of twelve downscaled GCMs, the RCP85 projections of six lead to the discussed
peak runoff in December by the end of the century. To the inputs of two climate
models (CESM1-CAM5, MRI-CGCM3) the catchment responds with a peakflow in
November, to three (ACCESS1-0, CMCC-CMS, MPI-ESM-LR) with a peakflow in
September and to one (IPSL-CM5A-LR) with a complete loss of runoff seasonality.
In the Upper Langtang Basin in contrast, there are no GCMs which lead to a
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projected peakflow that does not take place in either July or August, neither in the
medium or long term, nor under RCP45 or under RCP85 conditions.
6.4.4

Sensitivity tests

Sensitivity tests are carried out using the projections by two GCMs, two RCPs and
two randomly selected stochastic realizations for each RCP and GCM (Section 6.3.6.
The GCMs that were selected for that purpose are MIROC5 and MRI-CGCM for
the Upper Langtang Basin, and MIROC5 and CESM1-CAM5 for the Juncal River
Basin. These GCMs were selected because they represent well the ensemble-median
projections about future decadal mean runoff and glacier area. Figure 6.10 shows
the changes in projected future runoff and glacier area that are due to the assumed
uncertainty in the selected variables (only the mean of the eight tests with different
forcing for each variable is shown). From the variables that were tested, clearly the
changes in temperature lapse rate have the strongest effect on modeled runoff and
glacier area. In the Langtang region, an increased warming rate of 0.1◦ C per 1000 m
elevation difference per decade leads to about 75 mm (or 14%) more annual runoff
by 2041-2050. This additional runoff originates mainly from additional glacier melt.
As a consequence, glacier area is decreasing faster. An additional 10 percent of
initial glacier area disappears by 2041-2050, and an additional 22 percent by 20912100, respectively (Figure 6.10b). The effect on runoff of the loss of glacier area
starts to compensate the effect of higher melt rates due to higher temperatures after
mid-century. Already by 2061-2070 the effect on runoff of continuously shallower
lapse rates becomes negative (Figure 6.10a). In the Juncal region, this turnaround
does not take place before the last decade of the century, and the effect on runoff of
shallower lapse rates is generally much lower (Figure 6.10c), likely because a higher
portion of the initial glacier area is presently already contributing to melt than in
the Upper Langtang Basin (Figure 6.7). In the Langtang region, the assumed higher
warming rates at high elevations lead to an earlier peaking of runoff by 2041-2050
instead of by 2051-2060 under RCP45 conditions and a clear peak in runoff by
2051-2060 under RCP85 conditions instead of stagnating river flow after this period
(adding the delta-changes from Figure 6.10a to decadal runoff shown in Figure 6.5a
and b).
The effect of other variables on projected runoff and glacier area is less pronounced. Only the assumed changes in debris thickness in the Langtang region affect
runoff significantly (7% more runoff by the end of the century assuming decreasing
debris thickness instead of constant debris thickness). The effect of uncertainty in
other variables leads to less than 3% difference in future annual runoff, and only to
minor changes in projected glacier area. It is interesting to note that a higher value
for hT (therefore a larger elevation range of the glacier area that is thinning when
the glacier retreats, eq. 6.1) in the long run leads to additional (although marginal)
glacier area decrease (Figure 6.5b and d). Steep areas and glacier border areas at
high elevations that are additionally exposed to thinning are more sensitive to surface height changes due to shallow ice thicknesses. Reduced thinning rates at higher
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Figure 6.10: Effect of assumed uncertainty in different variables on projected decadal mean annual
runoff (units in mm) and glacier area (in %/100 of initial glacier area). The variables for which
the sensitivity tests are performed are described in Section 6.3.6.

elevations due to a logarithmic increase of ∆h instead of a linear increase towards
the terminus could theoretically counterbalance this effect, but is shown to have an
even weaker effect on projected glacier area change than the assumed uncertainty
in hT (Figure 6.5b and d).

6.5

Discussion

Previous studies that have assessed the response of the study catchments to climate
change are Immerzeel et al. (2012a, 2013) for the Upper Langtang Basin and Pellicciotti et al. (2014b) for the Juncal Norte glacier catchment within the Juncal River
Basin. Pellicciotti et al. (2014b) find very distinct trajectories of future changes
in runoff, depending on the GCM. Both a decline or a stable trend seem possible
according to their simulations up to the year 2050. These main conclusions can be
confirmed by the present study. However, the reported changes in runoff by Pellicciotti et al. (2014b) cannot be used for a direct comparison, because the Juncal
Norte glacier catchment is much smaller (17 km2 ) and more glacierized (45%) than
the Juncal River Basin (241 km2 , 14% glacier cover). For the study by Pellicciotti
et al. (2014b) also only two GCMs and one emission scenario from the older CMIP3
dataset are used, and the model did nod include any glacier flow component.
Immerzeel et al. (2012a, 2013) use a 90 meter resolution glacio-hydrological model
to simulate the response of the Upper Langtang Basin until the year 2100 with daily
time steps. The model used by Immerzeel et al. (2012a) is nearly identical to the
model in Immerzeel et al. (2013), but ignores gravitational snow transport and is
forced with climate projections from the CMIP3 instead of the CMIP5 dataset. A
comparison of the present study with the model results by Immerzeel et al. (2013)
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is therefore more convenient. Immerzeel et al. (2013) project a glacier area decrease
by 2100 to 46% of the initial area for RCP85 (to 63% for RCP45). Our simulations
project a decrease to 44% by 2091-2100 for RCP85 and to 63% for RCP45 (Figure
6.7). Here the two models agree very well. However, there are also major differences:
annual icemelt simulated by TOPKAPI-ETH in 2001-2010 is about 200 mm, while
in Immerzeel et al. (2013) it is only 80 mm. A possible explanation for this are
the different temperature lapse rates used by the present study. Immerzeel et al.
(2013) use a constant temperature lapse rate of -0.0065◦ C m−1 which was calibrated.
The present study uses temperature lapse rates that are based on measurements
(Ragettli et al., 2014b) which especially during the monsoon season are much shallower (on average -0.0046◦ C m−1 , see Immerzeel et al. (2014b)). Immerzeel et al.
(2014b) have shown for the Upper Langtang Basin that glacio-hydrological models
like TOPKAPI-ETH model are very sensitive to changes in temperature lapse rates.
Calculated runoff or the equilibrium line altitude (ELA) respond very strongly to
changes in the temperature gradient. It is therefore likely that the height of the
ELA in Immerzeel et al. (2013) is underestimated, since the simulated ELA by the
TOPKAPI-ETH setup was compared to the observed ELA by Ragettli et al. (2014b).
Such an underestimation of the ELA could explain the differences in annual icemelt.
On the other hand, rainfall is likely overestimated in Immerzeel et al. (2013): their
model uses only a very shallow negative horizontal precipitation gradient, whereas
this study uses a very steep valley gradient during the monsoon period, which leads
to much less rainfall in the eastern parts of the catchment (Ragettli et al., 2014b).
The water balance could thus be closed by an overestimation of rainfall, compensating the underestimation of icemelt. Girona Mata (2014) identified significantly
higher snowline elevations in the eastern part of the Upper Langtang Basin based on
Landsat imagery, which seems to confirm the assumption about the steep negative
valley precipitation gradient (no measured precipitation is yet available from this
part of the catchment).
The future icemelt trajectories projected by Immerzeel et al. (2014b) and this
study are similar. In both studies icemelt peaks around mid-century and then
decreases to slightly below current levels (Figure 6.6a). The trajectories of future runoff, on the other hand, are again different. This study projects stagnating
(RCP85) or slightly decreasing (RCP45) runoff after mid-century (Figure 6.5a and
b). Runoff projected by Immerzeel et al. (2013), however, shows a consistent increase throughout the 21st century (both RCPs). According to their simulations,
mean annual runoff increases between 1961-1990 and 2071-2100 by 493 mm (or 88%)
for RCP85. Likely, the increase in precipitation projected by the GCMs (Figure 6.3)
has a stronger impact on runoff than in the present study, due to the less negative
valley gradient and therefore an overall higher precipitation in the catchment. Our
RCP85 median projections indicate only about 180 mm runoff increase (or 40.6%)
between 2001-2010 and 2091-2100 (Figure 6.5b).
The present study essentially shows that the water released by glaciers plays a
more important role for future runoff from the Upper Langtang Basin than expected
by Immerzeel et al. (2013). As a consequence, future runoff follows less the trajecto-
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ries of future precipitation (comparing Figure 6.3a and b with Figure 6.5a and b). A
decrease in total icemelt as simulated for the Juncal River Basin would outweigh the
precipitation increases. Only due to large glacier areas at high elevations that under
the present climate do not yet contribute to melt, future runoff volumes are likely
not reaching below current levels by the end of the century. It is also important to
note that a number of GCMs differ strongly from the ensemble-median projections,
and do not project a significant increase in future precipitation (e.g. CMCC-CMS,
Figure 6.3a and b), while there is a strong agreement about increasing temperatures
(Figure 6.4). The large glacier areas at high elevations represent therefore a very
valuable water resource for the central Himalayan region in the 21st century. In
the Central Andes the situation is entirely opposite. Here, no large glacier areas at
high elevations can compensate glacier retreat, and future precipitation is projected
to rather decrease or remain stable (Figure 6.3c and d). As a consequence, future
runoff will likely be significantly lower than at present. An ensemble-median projected decrease of catchment runoff by 40% (RCP45) or 62% (RCP85) will likely also
be noticed strongly in the downstream regions, especially during the dry summer
months.
6.5.1

Spatial patterns

For a better spatial representation of some of the identified trends in catchment
response, Figures 6.11 and 6.12 show maps of annual water production for different periods (representing ensemble-median scenarios). Clearly the highest annual
amounts of water originate from the debris free glacier areas (dark red spots in Figures 6.11 and 6.12). In the Upper Langtang Basin, most of the debris free glacier
areas that contribute to melt during the control period are located in the west of the
catchment. In the south-west of the basin, those glacier areas disappear by 20512060 (Figure 6.11b and d). However, additional glacier areas contributing to melt
in the north of the catchment compensate this loss of glacier area. By 2091-2100,
mostly the glacier areas in the north-west additionally contribute to melt. This is
the part of the catchment that reaches the highest elevations (Figure 6.1).
The effect of the negative precipitation valley gradient in the Upper Langtang
Basin becomes evident from Figure 6.11. Because of this negative valley gradient,
a strong vertical gradient which is visible in the west of the basin does almost not
have an effect in the east of the catchment. In the lowest parts of the catchment
(light blue band in Figure 6.11 in the west of the basin), future water production
does not substantially differ from the control period. Changes in water production
due to an increase in total precipitation can be best noticed at higher elevations in
the west of the catchment (e.g. yellow and orange areas in Figure 6.11e).
In the Juncal River Basin, glaciers located in the north of the catchment nearly
melt up to the highest elevations already during the control period (Figure 6.12a).
Larger areas above the ELA with low water production only exist in the south of the
catchment. By 2051-2060 or the latest by 2091-2090 most of these also contribute
to melt, and as a consequence the water production increases there as well (Figure
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6.12b-e). Only in the very south of the basin, some accumulation areas remain
unaffected by the raising temperatures or just start to be exposed to melt by the end
of the century (Figure 6.12c and e). The decreasing total water production due to
decreasing precipitation can be best noticed in the northern lower areas of the basin,
which in Figure 6.12 over time turn from light to darker blue. The dark blue area
in Figure 6.12e just at the border of the catchment in the south-west is a very steep
headwall from where snow is moved down by gravity. Increased water production
due to melt from avalanched snow is visible just east of this area. At high elevations
in the Central Andes, water production of steep areas is low, since snow from winter
precipitation is moved away and in summer precipitation is low. This explains the
dark blue patterns and lines in Figure 6.12. For the Upper Langtang Basin, such
steep areas do not crop out so clearly in Figure 6.11, since summer rainfall reduces
the differences in total water production between steep areas and adjacent areas.
Note that the correct reproduction of snow free area at high-elevations in the Juncal
River Basin by TOPKAPI-ETH has been confirmed with Landsat imagery (Ragettli
et al., 2014a).

6.5.2

Supraglacial debris

The presence of debris on the tongues of all large glaciers in the Upper Langtang
Basin calls for special attention to the evolution of debris covered glacier area with
respect to non-debris covered area in this catchment. Since this model does not
consider changes in debris cover, debris covered glacier area contributing to melt is
therefore already at its maximum at the beginning of the simulation period (Figure
6.7a and b). However, the simulations do not project a decrease of total icemelt
from debris covered areas for the future (Figure 6.6a). There are two causes that
explain these results: i) there is no major reduction in debris covered glacier areas
due to a thinning rather than a retreat of debris covered tongues, and ii) minor
area losses are outweighed by stronger melt rates at remaining areas due to higher
temperatures. Regarding the first point, many previous studies have suggested the
same (e.g. Scherler et al., 2011b; Banerjee and Shankar , 2013). This is to our
knowledge the first study from the Himalayan region that demonstrates this effect
with long-term simulations using melt rates in function of debris thickness that are
based on local observations (Ragettli et al., 2014b). The slowness of the retreat
of debris covered glaciers is due to the thickness of the tongues but also due to
the relative insensitivity of melt rates to higher temperatures. Visual inspection
of Figure 6.11 shows that the future water production at debris covered glacier
cells does not substantially change comparing to the control period. In fact, we
calculate an increase of sub-debris melt rates by only 30-50% (depending on RCPs,
mainly) until the end of the century, in spite of on average 3-5◦ C higher temperatures
(Figure 6.4). Consequently, the simulations also do not indicate a future increase
of the relative importance of sub-debris icemelt as a source of streamflow, but the
contribution of sub-debris icemelt to total water inputs does not exceed 10% also
in the future. On the other hand, there are a number of simplifying assumptions
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associated to the glacio-hydrologial model that lead to this conclusion. One is that
debris thickness remains constant over time. However, a decrease of debris thickness
by 10% each decade would lead to an increase by 60% of the mean retreat rate
of debris covered glacier area. Sub-debris icemelt would represent up to 17% of
total water input towards the end of the century (see Section 6.4.4 for more results
about the sensitivity test). The simulations indicate a separation of debris-covered
glacier area from the rest of the glacier in the near future, since non-debris covered
glacier area is disappearing at a higher pace (future glacier area contributing to
melt can be identified in Figure 6.11). If a simultaneous increase of debris covered
glacier area with the raise of the ELA would be assumed for the modeling, this
separation would likely not take place and could substantially affect our projections
about future glacier area retreat. However, the example of Lirung glacier, which is
already separated in two parts (Figure 6.1), does not suggest that such an increase of
debris covered area is realistic. Recent field observations from Shalbachum glacier
point to the same trend (personal communication by E. Miles). The non-debris
covered glacier areas are mostly too steep so that supraglacial debris cannot remain
permanently on such areas.

6.5.3

Uncertainty in runoff and glacier area projections

The multiple stochastic model realizations allow to represent some of the different
pathways in the response of the catchments that are plausible even under a stationary climate. The effect of this natural climate variability has so far not been taken
into account in the discussion of the model outputs. More weight has been attributed
to the uncertainty in projections that is due to different RCPs or climate models.
Mostly only the decadal climate model ensemble-median values are discussed, for
which first the median of each stochastic ensemble is calculated and then the median
of the climate model ensemble. In Figure 6.2 the year to year variability in monthly
temperatures and precipitation is represented by the error bars. For the control
period, the median of a climate variable, taking into account a sufficient number of
model realizations, will always match the observed one, since the stochastic generator is tuned to represent it in that way. However, the climate statistics of a single
model realization can be quite different from the ensemble-median statistics, especially in a region like the Central Andes where the natural climate variability is high.
It is thus possible that very different pathways of catchment response result from
the application of a stochastic ensemble. In Figures 6.13 and 6.14 we therefore look
at the evolution of stochastic uncertainty in modeled runoff and glacier area. Here,
stochastic uncertainty is represented as the 80% confidence interval calculated from
the sample of the decadal mean projections by the 20 stochastic model realizations.
If non-linear responses to natural climate variability are important (e.g. non-linear
changes in snow albedo, snow cover and total melt in function of the number of snowfall events), stochastic uncertainty in represented variables may increase over time.
However, this does not seem to be the case (Figures 6.13 and 6.14). The natural
climate variability that is represented therefore does not affect the major trends in
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catchment response that are discussed in the previous sections. However, the effect
of the natural climate uncertainty on decadal mean runoff is quite strong (Figure
6.13). During the first 50 years, the uncertainty in decadal mean runoff values that
is due to the natural climate uncertainty is nearly as large as the uncertainty that
is due to climate model uncertainty (especially under RCP45 conditions). After
2041-2050, the differences between climate models seem to become more important,
so that the effect of climate model uncertainty tends to exceed the effect of natural
climate uncertainty more clearly (Figure 6.13).
The uncertainty in glacier area model projections is characterized by strongly
increasing differences between climate models (Figure 6.14). In the Juncal region,
the effect of climate model uncertainty stabilizes after 2051-2060 (Figure 6.14c and
d), likely because many small glaciers have disappeared according to all climate
models. The stochastic uncertainty in projections, on the other hand, is relatively
low. Assuming that glacier changes are mostly controlled by temperature changes,
this pattern can be explained: since the climate model uncertainty with respect
to future temperatures steadily increases over time (Figure 6.4), climate model uncertainty with respect to modeled glacier area does as well. On the other hand,
the stochasticity in temperature is relatively low (especially in the Langtang region,
see Figure 6.2). While annual or decadal runoff volumes are more directly linked
to precipitation, the response of glaciers to climate depends on longer time scales,
over which the precipitation differences between different stochastic model realizations are averaged out. Consequently, the effect of natural climate uncertainty on
projected glacier area is less important than on projected decadal runoff.
Note that the inter-annual variability in precipitation during the wettest months
tends to be underestimated by the stochastic generator (Figure 6.2). For instance,
in 5% of all June months in Riecillos in the Juncal region, precipitation can exceed
485 mm, while the equivalent value from the stochastic time series is only 355 mm.
This is because the stochastic approach uses only daily statistics and does not account explicitly for phenomena such as the El Niño Southern Oscillation (ENSO).
However, especially in the Central Andes there is a strong periodicity in climate
(e.g. Escobar and Aceituno, 1998; Rivera et al., 2000; Masiokas et al., 2006;
Ragettli et al., 2014a). El Niño years are generally wetter, and La Niña years are
dryer. In the Langtang region, inter-annual variability of precipitation can also be
important, but on the decadal time scale, the fluctuations are reduced (Seko and
Takahashi , 1991). Some of the ENSO related climate variability is taken into account by the simulations, since the stochastic uncertainty in simulated runoff and
glacier area tends to be larger for the Juncal region than for the Langtang region
(Figures 6.13 and 6.14). However, in order to fully account for ENSO related climate
periodicity, the stochastic generators would need to be calibrated for different ENSO
phases. Grondona et al. (2000) have shown that such a conditioning on the ENSO
phase can noticeably improve the agreement between theoretical and empirical distributions of precipitation amounts. To our knowledge, no conditioned stochastic
precipitation generators have yet been applied in literature to generate future precipitation. An explanation for this is that the ability of CMIP3 climate models to

6.5. DISCUSSION

a)

157

b)

Langtang RCP45 − Runoff

Langtang RCP85 − Runoff

uncertainty [mm/a]

500

c)

00

90
91

−2
1

80

−2
0

81

20

70

−2
0

71

20

60

−2
0

61
20

20

50
20

51

−2
0

40

−2
0

41

20

31

−2
0

20

10

−2
0

20

Juncal RCP85 − Runoff

uncertainty [mm/a]

200

400
300
200
100

07
0

0
20
81 80
−2
09
20
0
91
−2
10
0
20
01
−2
01
20
0
11
−2
02
20
0
21
−2
03
20
0
31
−2
04
20
0
41
−2
05
20
0
51
−2
06
20
0
61
−2
07
20
0
71
−2
08
20
0
81
−2
09
20
0
91
−2
10
0

0

20

71

−2

06
0

−2

20

61

05
0

−2

51

20

41

−2

04
0

−2
31

20

20

−2

02
0
20

20

11

−2

01
0

0

03
0

100

21

uncertainty [mm/a]

300

−2

stoch. ACCESS1−0
stoch. CCSM4
stoch. CESM1−CAM5
stoch. CMCC−CMS
stoch. CNRM−CM5
stoch. GFDL−CM3
stoch. GFDL−ESM2G
stoch. INM−CM4
stoch. IPSL−CM5A−LR
stoch. MIROC5
stoch. MPI−ESM−LR
stoch. MRI−CGCM3
GCM uncertainty

500

400

01

11

−2
0
20

20

01

91

d)

Juncal RCP45 − Runoff
500

20

30

100

00

90

200

0

−2
1

80

−2
0

81

20

70

20

20

71

−2
0

60
20

61

−2
0

50
20

51

−2
0

40

−2
0

41

20

31

−2
0

20

−2
0

−2
0

21

11

20

20

20

01

−2
0

10

0

30

100

300

20

200

400

−2
0

300

21

400

20

uncertainty [mm/a]

500

Figure 6.13: Comparison of climate model (GCM) uncertainty with natural climate (stoch.) uncertainty in projected runoff. Stochastic uncertainty is shown for each of the 12 downscaled GCMs
and is represented as the 80% confidence interval from the sample of the decadal mean projections
by the 20 stochastic model realizations. GCM uncertainty represents the 80% confidence interval
for the entire climate model ensemble. To calculate GCM uncertainty, always the median of the
20 model realization for each GCM is considered.
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reproduce the effect on climate of ENSO in South America is very limited (Vera
and Silvestri , 2009), and has not yet been thoroughly evaluated for the CMIP5
multi-model dataset.
Ragettli et al. (2013) have shown that parametric uncertainty can have a major effect on TOPKAPI-ETH future projections, comparable to the effect of climate
model uncertainty or natural climate variability. The sensitivity tests (Section 6.4.4)
do not suggest that the main trends in modeled catchment response are perturbed
when taking into account the uncertainty in one of the tested parameters or boundary conditions. Only the uncertainty about climate warming at very high elevations
(taken into account by variation of the temperature lapse rate) could potentially affect the timing of projected future runoff trends (see Section 6.4.4). However, in this
study the combined effect of uncertainty in all model components is not assessed.
Future work should make an attempt to estimate the uncertainty in single parameters, to find out how parameters are correlated and finally to assess systematically
how the global uncertainty in parameter values affects the main model outputs. Essentially, such an analysis depends on the collection of more field data, in order to
study the spatial and temporal variability of the variables that are used to estimate
model parameters.

6.6

Conclusions

In this study we model the glacio-hydrological response of two high-elevation watersheds in the Central Andes and in the Central Himalaya to temperature and
precipitation scenarios of 12 GCMs forced with RCP45 and RCP85 emission scenario. The two watersheds are similar in size and in glacier cover, but very different
in climate. While summers are dry in the Central Andes, this is the main accumulation season in the Central Himalaya due to monsoon precipitation. All the large
glaciers in the Upper Langtang Basin (Nepal) are debris covered at their tongues,
while this is not the case in the Juncal River Basin (Chile).
The present study benefits of recent efforts of linking an advanced simulation
model with remotely sensed data and mass balance, meteorological and runoff data
collected locally within the two study catchments. The adequate representation
of important processes like sub-debris ice ablation or avalanching of snow could
successfully be constrained, and snow cover dynamics, the equilibrium line altitude
and catchment runoff are reproduced adequately (Ragettli et al., 2014a, b). This
is thus the first truly comparative study at the catchment scale across mountain
regions of the world to model twenty-first century glacier evolution and catchment
runoff with an advanced simulation model.
Our main conclusions are as follows:
1. Both study catchments experience significant glacier mass loss by 2100, but
the trends in annual runoff differ fundamentally. In the Upper Langtang Basin
catchment runoff increases until mid-century and then either starts to decline
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slowly (RCP45) or remains constant (RCP85). In the Juncal River Basin catchment runoff remains constant until 2031-2040 and then starts to decline sharply.
By 2091-2100 the ensemble-median projections indicate a reduction in annual
runoff by 40% (RCP45) or 62% (RCP85) with respect to 2001-2010.
2. Two factors explain the opposed runoff response of the two study sites. First,
almost all climate models project an increase in future precipitation in the
Central Himalaya, while a majority of climate models project a decrease in
the Central Andes. Second, the contribution of icemelt to total runoff from
the Juncal River Basin is already at present on a decline. 25% (RCP85) to
40% (RCP45) of the total runoff decline can be attributed to the reduction in
glacier melt. In the Upper Langtang Basin, on the other hand, annual icemelt
totals show a pronounced peak in 2051-2060, exceeding current values by 25%
(RCP45) to 50% (RCP85) and then decline again to present rates until the
end of the century. The fraction of simulated icemelt in total annual water
inputs varies between 20%-35%. Other studies have argued that in a monsoon
dominated climate, the glacier contribution to water availability is minor (Kaser
et al., 2010; Bliss et al., 2014). Our results confirm that the effect of runoff
decline due to glacier decline is dampened by high relative contributions of
rain. However, the projected increase in precipitation is such that catchment
runoff would likely continue to increase after mid-century if the contribution of
glaciers would remain constant.
3. The analysis of the elevation distribution of glacier area contributing to icemelt
explains why annual icemelt totals in the Juncal River Basin are on a decline,
while they increase until 2051-2060 in the Upper Langtang Basin. In the Langtang region, additional glacier area contributing to melt due to the raise of
the ELA compensate the loss of glacier area at lower elevations. In the Juncal
region, only few glaciers have large accumulation areas at high elevations, and
the disappearance of smaller glaciers therefore has a more immediate effect on
glacier runoff decline.
4. Debris covered glacier area in the Langtang regions declines substantially slower
than non-debris covered glacier area due to lower melt rates and the thickness
of the tongues of large glaciers. The contribution of sub-debris icemelt to total
annual water inputs remains below 10% also in the future if debris thickness and
extent remains constant. However, the future evolution of debris cover remains
essentially unknown. Future studies should make an effort to understand better
the mechanisms of debris evolution and represent them in glacio-hydrological
models.
5. In the Langtang region, future hydrological changes do not lead to a change
in the seasonality of runoff, since the monsoon climate essentially remains unaffected by climate change. In the Juncal region, however, where most of the
precipitation falls as snow in winter and melts in spring and summer, climate
warming leads to an earlier peak in runoff. The projections by a small majority of climate models lead to a shift by one month only, but 5 out of 12
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GCMs project a shift by 2-3 months. Under RCP85 conditions, the differences
between winter and summer runoff become very small by 2081-2100 in comparison to the present climate. Such a dramatic decline in summer runoff by up
to 80% will strongly affect water availability in downstream regions during the
dry season.

6. Differences in model projections for the Upper Langtang Basin with respect
to outputs by another advanced simulation model (Immerzeel et al., 2013)
could be explained by differences in applied temperature lapse rates and precipitation gradients. The latter are calibrated in Immerzeel et al. (2013) – in
contrast to this study, where parameters are mostly based on measurements.
Error compensation during calibration masks the differences in process representation under the current climate, but those differences become important
when modeling the response to a changing climate.
7. ENSO related inter-annual climate variability is important in the Central Andes. Our simulations show that this natural climate uncertainty needs to be
taken into account even when calculating only decadal mean values of future
runoff. Future work should focus on identifying ENSO related changes in glaciohydrological model parameters in order to quantify parametric uncertainty.
However, especially regarding the projections of glacier retreat, the long term
effect of climate model uncertainty exceeds the uncertainty which is due to
natural climate variability.
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Chapter 7

Concluding remarks
7.1

Conclusions

This thesis contributes new evidence and new elements to a methodological framework which has the goal to systematize the set-up and application of hydrological
models to data-scarce, high-elevation glacierized watersheds. The methodology that
is proposed is based on short-term data acquisition field experiments. Ingested into a
process-oriented distributed model, such data are shown to successfully complement
long-term historical records in order to estimate model parameters or to evaluate
model performance. I provide an improved focus on monitoring techniques and the
exploitation of information for improving skills of hydrological models. The application of the advanced systematic approach to set up hydrological models leads to
a better understanding of how high-elevation glacierized catchments respond to climate change. Most importantly, differences in catchment response between climatically very different regions can be explained. In this thesis I have simulated runoff
and glacier changes in high-elevation basins in the Himalaya (Central Himalaya and
Karakorum) and in the Central Andes. This is the first truly intercomparative study
to my knowledge where a large amount of in situ data from two glacierized catchments on different continents are used to set up a state-of-the art hydrological model
in order to assess and compare future changes in glacier runoff.
The main aim of this thesis was to come up with a systematic approach that
leads from observational data to model projections in a novel way for high-elevation
watersheds. The first question addressed with respect to the construction of such
a new methodological framework was how the degree of conceptualization and the
spatial structure of models affect hydrological projections in a variable climate. The
dilemma environmental modelers face in the region is to avoid the possibility of
making errors in predicting the response of the catchments to climate due to missing processes, while incorporating more process representations into models requires
to specify boundary conditions and model parameters adequately, which is difficult
in the context of data-scarcity, spatial heterogeneity or non-stationarity. This thesis
provides a number of examples where the non-representation of processes could affect predictions in ways relevant for decision making in water resources. As such, it
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was shown that TOPKAPI-ETH and the simpler model WEAP come to very different conclusions about the relative changes in melt and runoff from the Juncal River
Basin, applying a temperature increase scenario (Chapter 3). Icemelt from debriscovered glacier area in the Hunza region increases by 150%, comparing the case
where a hypothetical but realistic debris thickness was assumed, and the case where
the melt reducing role of supraglacial debris is ignored by the model (Chapter 4).
Gravitational snow redistribution is not represented in most models that quantify
glacier contribution to runoff, but the example of the Lirung glacier catchment in the
Langtang region shows that here, snowmelt from avalanche cones represents an estimated 16% of total water inputs to the hydrological system (Chapter 5). Although
these case studies cannot provide a final answer about the minimum model complexity that is required for future streamflow projections, they point out the need of
process-oriented modeling approaches to reflect streamflow composition adequately.
In situ data were shown to be a key element in order to enable the set-up of
a process-oriented, gridded hydrological model for high-elevation watersheds. The
model evaluation for the Juncal River Basin in the Central Andes (Chapter 3) has
revealed that calibration of melt parameters of such a model against few local observations at the point scale leads to a realistic representation of snow cover dynamics
and equilibrium line altitude (ELA). The adequate representation of the energy
balance of the snow- and ice-pack at a few representative locations, in combination with a realistic representation of snow cover patterns through an avalanching component, leads to at least similar model performance in comparison with a
semi-distributed conceptual hydrological model calibrated against remotely sensed
MODIS snow cover. Most importantly, the study demonstrates that this approach
constrains the risk of unexpected error compensation through the calibration process. Error compensation and parameter equifinality are much discussed in hydrology (e.g. Beven, 2006), and certainly still play a major role in most hydrological
model applications. However, only few studies provide practical examples, and even
fewer studies demonstrate how error compensation can lead to wrong conclusions in
ways relevant for decision making in water resources. The model evaluation for the
Juncal River Basin therefore points to an important finding, since model calibration on the basis of in situ data still represents the exception for glacio-hydrological
modeling in remote high-elevation watersheds, whereas the use of MODIS or other
remotely sensed snow cover products for model calibration became increasingly popular in recent years (e.g. Parajka and Blöschl , 2008; Bocchiola et al., 2011; Franz
and Karsten, 2013; Zhang et al., 2015). A systematic approach as suggested in
this thesis which guides a process-oriented glacio-hydrological model through a parameter assigning process using data acquired during short-term field experiments
can significantly reduce the risk of error compensation.
One of the prerequisites for an approach that is based on systematically integrating in situ data into a distributed model is to measure the relevant variables at
representative locations. However, expert knowledge may not always be sufficient
to set up an effective field experiment in a large, spatially heterogeneous watershed.
This thesis proposes thus a new approach that is based on a modeling experiment,
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in order to determine the appropriate timing and location of measurements, and
to identify the most relevant variables. The approach, named ’information content
analysis’, is used to both review current monitoring setups (Chapter 4) or to provide
recommendations on network design in an area where no such field campaigns have
been carried out previously (Chapter 5). It is important to note that the information content analysis leads to findings that are only valid for a given model structure
and depend on first estimates of model parameters and available input data. The
approach is motivated on a practical basis, which is to optimize the model performance for a given study catchment. The overarching goal is to obtain a model setup
that can be used to assess possible future glacio-hydrological changes. The information content analysis therefore is a new element in an interative methodological
framework that leads to this goal.
The results presented in this work are based on two summer field campaigns in
the Central Himalaya and two in the Central Andes. The vigorous efforts in recent years by the Chair of Hydrology and Water Resources Management at ETH
Zurich to carry out ad-hoc short-term field campaigns enhances our understanding of
chryospheric high-elevation processes and enabled the set-up of a glacio-hydrological
model for future projections. Here, one of the most encouraging features was that
the comparison of the model outputs with the projections by another advanced
simulation model (Immerzeel et al., 2013) for the Upper Langtang Basin revealed
differences that stem from differences in representing the present behavior of the
catchment. Immerzeel et al. (2013) attribute to icemelt a lower and to rain a higher
relative importance as a source of runoff, which leads to a stronger effect of precipitation changes on the catchment hydrology. However, the systematic integration of
all available glaciological and meteorological data and an improved model structure
lead to a higher confidence in the representation of processes by TOPKAPI-ETH.
Only through the methodological advances presented in this thesis these discrepancies with previous modeling studies could be revealed. Where the model outputs
disagree, evidence from further observations is required in order to gain further confidence in TOPKAPI-ETH results. In this respect, also the future projections are
part of the iterative framework (Figure 1.1).
One of the most important findings of this thesis is that all optimal parameter
values associated to the snow- and glacier melt model component of TOPKAPIETH can be directly related with the local climate of the study catchments. Since
climatic gradients lead to strong climatic variability over the Andes or the Himalaya,
it can be assumed that corresponding optimal parameters vary considerably. It is
therefore not recommended to use spatially constant parameters when modeling
the runoff response of these regions, such as it is common in large-scale modeling
studies (Lutz et al., 2014; Bliss et al., 2014). Rather than employing relatively
coarse-resolution, large-scale models to assess the regional or global hydrological
response to climate change, few representative study catchments should be selected
and optimal melt parameters should be derived using a systematic, multi-objective
approach to prevent parameter equifinality.
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Unraveling the water balance of high-elevation catchments

In this thesis, hydrological model performance is evaluated using additional data
of glacier runoff, snow cover variability, gravitational snow transport, glacier mass
balances and meteorological processes. The thoroughly evaluated model setups are
used to unravel the present hydrology of high-elevation catchments. The model
obtained outputs often represent the first existing estimates about the contribution
of different processes to streamflow production, and are therefore valuable if we want
to understand the potential impacts of climate change on the catchment hydrology.
For the Juncal River Basin, the application of the process-oriented hydrological
model TOPKAPI-ETH allowed thus to quantify the snowmelt totals per season and
per elevation band. The detailed documentation of spatial and temporal patterns
of the melting season is important for a region which essentially depends on water
resources originating from snow and ice during the dry summer months. Annual
glacier icemelt represents approximately 20% of total catchment outflow in the five
hydrological years 2005-2009. Icemelt and snowmelt from elevations higher than
4000 m asl. sustain late summer (January to March) runoff generation.
In the Upper Langtang Basin, the TOPKAPI-ETH application allowed to quantify the amount of meltwater that originates from sub-debris ice melt in the hydrological year 2012/2013 (about 8.5% of all sources of runoff). In late summer
(August/September) meltwater inputs from ice ablation represent the most important streamflow source, in spite of the monsoon that takes place from mid-June
to September (but in June and in July the hydrology of the catchment is dominated by rainfall). The understanding of the different hydrological role played by
debris covered and non-debris covered glacier area is important, as climate warming
affects debris covered glaciers and non-debris covered glaciers in a dissimilar way
(Chapter 6).
7.1.2

Future runoff projections for the Andes and the Himalaya

The comparative study presented in Chapter 6 has revealed a key difference in
catchment response between the two climatically different regions Central Andes
and Central Himalaya. According to the simulations, the Central Himalaya will
not suffer from a general decline in water resources until the end of the century.
The situation is entirely different in the Central Andes, where projections indicate
a substantial decrease in catchment runoff. Two factors explain the opposed runoff
response of the two study sites. First, almost all climate models project an increase
in future precipitation in the Central Himalaya, while a majority of climate models
project a decrease in the Central Andes. Second, contrary to the Central Himalaya,
the contribution of icemelt to total runoff from the Juncal River Basin is on a decline.
Here, 25% (RCP85) to 40% (RCP45) of the median-scenario total runoff decline by
the end of the century can be attributed to the reduction in glacier melt. This
thesis shows that the water released by glaciers plays also a more important role for
future runoff from the Upper Langtang Basin than estimated by a previous study
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(Immerzeel et al., 2013). A decrease in total icemelt as simulated for the Juncal
River Basin would outweigh the precipitation increases projected for the Central
Himalaya. Only due to large glacier areas at high elevations that under the present
climate do not yet contribute to melt, future runoff volumes of the Upper Langtang
Basin are likely not reaching below current levels until the end of the century.
The differences in climate projections between climate models leave some uncertainty about whether in the Central Andes the decline will substantially affect only
summer runoff or both the seasonal and the annual runoff volumes. However, in the
next years water resource management will have to find strategies to deal with the
scenario of rising water scarcity, since the hydrological simulations leave no doubt
that is a very plausible scenario for the future. Future research should focus at the
regional-scale downstream-impact of the shift in seasonality and decline in water
resources from high-elevation regions, since the analysis in this thesis is limited to
an assessment of the impact on high-elevation hydrology.
For the Central Himalaya, the simulations clearly do not point to the necessity
of finding adaptation strategies to a rise in water scarcity. The projections by the
climate model ensemble also do not indicate that a shift in the future seasonality of
streamflow is plausible. Here, future research will likely have to focus on changes
in the return periods of water related natural hazards. It may be useful for flood
propagation models to take into account the outputs of the stochastic simulations
performed for the Upper Langtang Basin. However, before TOPKAPI-ETH future
projections can be used for an analysis of return periods, more data on the interannual variability of observed variables should be taken into account.

7.2

Outlook

Analysis of the spatial and temporal variability of processes
The potential of improving the representation of the spatial and temporal variability
of glaciological, hydrological and meteorological processes are numerous. The model
results presented in this thesis are still far from a level where additional observations
ingested into the model could not lead to different conclusions. One of the variables
that mostly affect model uncertainty has previously been pointed out by Pellicciotti
et al. (2014b): the correct extrapolation of air temperature forcing on glaciers and
in high elevation areas. TOPKAPI-ETH projections are highly sensitive to temperature lapse rates at all study sites of this thesis (Ragettli and Pellicciotti, 2012;
Ragettli et al., 2014a, 2013; Immerzeel et al., 2014b). In the Central Andes, also
the inter-annual variability of temperature lapse rates can be strong (Chapter 3).
This thesis has confirmed that our understanding of air temperature variability is
still limited. Also the uncertainty about precipitation variability affects model projections substantially, especially over longer time scales (Chapter 5). For the Upper
Langtang Basin, more data are required to provide hard evidence for some of the
assumptions regarding the horizontal valley precipitation gradient. More research
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on temperature lapse rates and precipitation gradients will therefore certainly be
beneficial for reducing the predictive uncertainty of glacio-hydrological models.
It is characteristic of high-elevation environments that data scarcity increases
with elevation. Remotely sensed snow cover variability does not provide any information about the ablation processes at elevation above the equilibrium line altitude, and bad accessibility most often does not allow direct measurements. There
are several processes that may not be well represented at high elevations, so that
error compensation cannot be excluded. Among them are sublimation, refreezing of
meltwater within the snowpack or radiative losses that lead to low surface temperatures. Changes in the shortwave energy balance – such as the pollution of the snow
cover through black carbon – are likely to alter future snowmelt characteristics as
well (Rohrer et al., 2013). Furthermore, the uncertainty about vertical gradients of
input variables is not well constrained, as mentioned in the previous paragraph. It
will be a challenge for future science to better understand the processes and the evolution of environmental conditions at very high elevations. Technologies like radar
remote sensing or also high-resolution photogrammetry (Immerzeel et al., 2014a)
may provide new opportunities for future research.

Model construction and representation of processes
A process that is still underrepresented by current glacio-hydrological models is
the evolution of debris extent and debris thickness on Himalayan glaciers, and in
general the effect of debris on ablation at Andean glaciers. The presence of debris
on Central Andean glaciers has been little investigated, since both the largest and
the best accessible glaciers are not debris covered. However, it cannot be excluded
that also in the Central Andes, supraglacial debris may have an effect on the future
response of high-elevation areas to climate warming. For the Upper Langtang valley
some sensitivity tests have been performed regarding the potential effect on model
projections of increasing or decreasing debris thickness. However, such exercises
remain hypothetical as long as the mechanisms that lead to spatial and temporal
changes in debris cover are not better understood. In this respect, data that will
be available from current monitoring programs will have to be used primarily for
enhanced process understanding and for model construction.
Glacier flow dynamics are represented in TOPKAPI-ETH in a very conceptual
way (Chapters 5 and 6). Glacier surges are documented at many Himalayan glaciers
but a model component that could reflect this process is not included in TOPKAPIETH or in any other glacio-hydrological model. The level of representativeness of
these modeling solutions needs to be better understood. Depending on the spacetime scales of the analysis, also a simple system description of glacier movement can
be adequate. However, in order to explain the spatially variable response of glaciers
to the recent climate (Bolch et al., 2012), it may be necessary to find better ways
how to represent glacier flow dynamics in distributed glacio-hydrological models
(Pellicciotti et al., 2014b).
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The case studies presented in this thesis provide a knowledge basis about the
role of various high-elevation processes scarcely considered or discussed in previous
modeling efforts (e.g. avalanches, melt below glacier debris, seasonal soil storage
changes). Future work should aim at systematically assessing what are the consequences on model projections of reducing model complexity, in order to fully understand the degree of conceptualization needed to model future streamflow. This
should be done systematically by either reducing the number of processes represented and/or by applying different model solutions for single processes (e.g. Gabbi
et al., 2014).
Models as diagnostic tools
To extend the analysis of high-elevation catchment response to the regional scale is
important in order to quantify the impact of a changing high-elevation hydrology on
downstream areas (Section 7.1.2). But an analysis at a larger scale is also necessary
in order to better understand how the catchment response depends on glacier characteristics and local climate. In this thesis the hydrological responses to climate of
only two high-elevation study catchments are systematically compared. Runoff or
glacier changes are related to the particular characteristics of the study catchments.
The tight links between climatic and hydrological changes are explored (Chapter 6).
However, it is unclear whether the differences in recent glacier evolution between
the Karakorum and the Central Himalaya are mainly due to the heterogeneity in
climatic forcing, or if debris cover patterns explain some of the observed variations.
This issue is currently controversially discussed in science (e.g. Hewitt, 2011; Kääb
et al., 2012). An answer to this question cannot be provided by this thesis, since
in situ data were missing in order to perform a complete iteration of the methodological framework for a Karakoram watershed (Chapter 5), therefore preventing a
comparison of the modeled response with the one simulated for the Upper Langtang
Basin in the Central Himalaya. However, the methodological framework proposed
in this thesis in combination with the new module for simulating melt below glacier
debris may provide a basis for future attempts to fill this knowledge gap.
Methodological advances
More data from high-elevation catchments will open new possibilities for methodological advances. To make simulations less dependent on single estimates of optimal
model parameter values, a multiple simulation approach should be used. In situ observations over a longer timescale could be used to infer the probability distribution
of model parameters. Current data availability leaves us often no choice but to
assume stationarity in model parameters or in the best case a deterministic relationship to explain their changes in time or space. However, an advance in assessing
plausible trajectories in future response and associated model uncertainty would be
to consider stochastic parameters, stochastic input data and even a stochastic model
structure (Montanari and Koutsoyiannis, 2012). The use of stochastic models is not
new in hydrology (e.g. Fatichi et al., 2014), but the corresponding research oppor-
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tunities regarding the exploration new methodological approaches are still numerous
in high-elevation hydrology.
Multiple simulation approaches often exceed the possibilities of currently available computational resources. Also in this thesis, computational costs sometimes
represented a constraint, especially with respect to an integrative assessment of
model uncertainties. The effect of different sources of uncertainty on future runoff
projections is only assessed by a one-at-a-time approach (Chapter 5). The simultaneous consideration of climate model uncertainty, natural climate variability and
parameteric uncertainty in order to explore the interdependence of these sources
would have increased computational costs exponentially.
Due to possible non-linearities, sensitivity tests that assess only the model sensitivity to a region of parameters around the optimum (Chapters 3-6) have a limited
value for other model applications where the combinations of optimal parameters
are different. More top-down approaches for an assessment of model sensitivities,
the effect of various sources of uncertainties or for model evaluation in general are
available in literature (e.g. Bai et al., 2009). Their potential in the field of glaciology or glacio-hydrology is still vastly unexploited. Most often, for such approaches
much more information on the system needs to acquired (e.g. interdependencies of
variables). Recent literature focuses also on the development of new approaches for
global sensitivity analysis that limit computational costs for process-based models
(e.g. Pappas et al., 2013). Given the fast technical developments in increasing computational efficiency, it can be expected that future research at least in this respect
will be will be less constrained.
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