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Abstract

Abstract
The water resources of the Clutha/Mata‐Au catchment have an important economic value
(i.e. hydropower and irrigation) for New Zealand/Aotearoa. Climate change is expected
to alter both temperature and precipitation, which will then impact seasonal streamflow
and water management. However, up to this point no attempt has been made to model
coherently the driving natural processes as well as the major water management
components. The aim of this dissertation is to assess the potential impacts of climate
change on the hydro‐climate of the Clutha catchment. An integral part of this study is the
implementation of the fully distributed hydrological model WaSiM, which uses process
oriented routines and also contains water management modules. To ensure a robust
description of the meteorological drivers, existing techniques (e.g. trivariate thin‐plate
spline) were combined with novel elements (e.g. multi‐layer lapse rate model). As a result,
realistic spatial estimates of air temperature and precipitation were generated with a
higher accuracy than existing products. An extensive validation of WaSiM revealed a good
to very good performance when simulating daily and monthly flow during the historic
period (1992‐2012) at the key sites of the catchment (outflows of natural lakes and
catchment outlet). Two versions of WaSiM, only differing in their snow model, were then
forced with eight Regional Climate Model (RCM) simulations, stemming from two
emission scenarios and four General Circulation Models (GCMs). The RCM data sets were
bias corrected using both linear transformation and quantile mapping, and downscaled
to the WaSiM grid (1 km2). The hydrological projections encompass substantial increases
in streamflow during winter (+22 to +76% by the 2090s) and a decline in summer for
most scenarios (‐43 to +2% by the 2090s), with similar changes for hydropower
production. The dominant drivers are increasing winter precipitation (+25 to +76% by
the 2090s) and substantial decreases in the snow storage (due to temperature increase).
Additionally, some of the main sources of uncertainty in hydrological projections were
investigated. A quantitative approach identified GCM structure as the dominant
uncertainty source followed by emission scenario, bias correction and snow model. It can
be concluded that the new baseline meteorological dataset, model framework and
ensemble of hydrological projections developed here constitutes the most comprehensive
assessment of 21st century climate change impacts in the Clutha catchment to date, and as
such also provides a new benchmark for future studies.
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Chapter
Chapter11–‐ Introduction
1.1. Context
Nationally, the terrestrial water of New Zealand constitutes one of the most valuable
natural resources. New Zealand has large amounts of freshwater with a mean annual
precipitation of 2059 mm of which 1481 mm is estimated to become runoff (Toebes,
1972). The main economic use of New Zealand’s terrestrial water is hydropower, with a
proportional contribution to the national electricity generation of approximately 60%
(Ministry of Economic Development, 2012). The country’s hydropower capacity amounts
to 5252 MW (Ministry of Economic Development, 2012) of which 65% are generated by
hydroelectric plants located on the South Island. Irrigation is the major consumptive user
of allocated water (332 m3 s‐1) with 90% of this being allocated to irrigation schemes on
the South Island (Ministry for the Environment, 2000). Recent events, like the “El Niño
drought” in 1997‐1998, have shown that severe water shortages can occur causing
substantial economic losses (US $425 million) (Ministry for the Environment, 2001). An
intensification of agricultural processes has further increased the water demand in New
Zealand (Woods and Howard‐Williams, 2004), as more and more farmland relies on
irrigation.
In addition to increasing demand from projected population growth and agricultural
intensification (Hennessy et al., 2007), climate change is expected to have a substantial
impact on the water resources of New Zealand. It is the general consensus that human
induced climate change will alter global temperature as well as seasonal and regional
precipitation patterns (Collins et al., 2013). Further, NIWA’s (National Institute of Water
and Atmospheric research) seven station data set has shown that climate change has
already caused a considerable increase (∼1°C) in mean temperature over the past 100
years in New Zealand (Mullan et al., 2010). Therefore, adaptation planning is urgently
required to mitigate the potentially negative impacts of future climate change on the
water resources of New Zealand (Reisinger et al., 2014).
This study focuses on the Clutha catchment, which is considered to be an ideal testbed
and an adequate representative of the South Island’s hydrologic and climatic domain.
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Situated in the lower half on the South Island, the Clutha/Mata‐Au basin is the largest
catchment in New Zealand (21 400 km2; Murray, 1975), covering about 70% of the Otago
region. Two large hydroelectric dams are located in the catchment with a combined
capacity of 752 MW, which equals about 22% of the South Island’s total capacity (3434
MW; Ministry of Economic Development, 2012). The amount of water allocated for
irrigation in Otago (94 m3 s‐1; Otago Regional Council, 2008) is the second largest (after
Canterbury) of any New Zealand region (Ministry for the Environment, 2001). The
catchment extends eastwards from the Southern Alps, with three large alpine lakes
(Wakatipu, Wanaka and Hawea) located in the headwaters. These lakes provide
important storages during low flow periods for hydropower generation and irrigation
schemes located downstream. Another important natural water source is precipitation
stored in the seasonal snow pack and to a smaller extent in glaciers. The uneven spatial
distribution of precipitation is characterised by very high annual amounts along the main
divide (∼12000 mm) (Henderson and Thompson, 1999), which then decrease rapidly
towards the central parts of the catchment. This means that despite having the largest
flow volume of any river in New Zealand, most of the inland areas are characterised by a
very dry climate. Inside the basin, the networks of sites monitoring discharge and climate
variables such as air temperature are sparse, although the number of stations has been
increasing over recent years (NIWA, 2007).
Based on the general consensus of the research that was conducted in the domain (Poyck
et al., 2011; Zammit and Woods, 2011; Zemansky et al., 2012), climate change will affect
the temporal and spatial dynamics of the South Island’s rivers. Although the Clutha River
will likely undergo changes that will affect the users of its water resources, the existing
research investigating these effects is very limited. At this time, the study of Poyck et al.
(2011) (complemented by the study of Gawith et al., 2012) is the only attempt to
investigate the hydrology of the entire catchment under present and future climate
conditions. In their study, they successfully modelled streamflow at the catchment outlet
(Balclutha) and two smaller subcatchments using the hydrological model TopNet (see
Clark et al. (2008) for model description). When forced with twelve statistically
downscaled General Circulation Model (GCM) simulations (A1B forced runs from the
CMIP3 ensemble), TopNet showed a substantial reduction in the proportion of snowmelt
and an increase in streamflow during winter and spring.
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Despite generating valuable findings, the study of Poyck et al. (2011) did not consider
some of the catchment’s major hydrological features, as both natural lakes and water
management were ignored in their hydrological model approach. This constitutes an
oversimplification, as wide parts of the catchment are controlled by extensive water
management, which is expected to significantly affect the natural flow conditions. Further,
Poyck et al. (2011) only modelled streamflow at three flow gauges, while several
additional records exist that could be used to conduct a spatially distributed validation
and to deepen the understanding of hydrological processes on a finer scale. The existing
studies also have not made an attempt in quantifying the long‐term water balance and the
contribution of the individual natural storages. From the climatological perspective, their
hydrological model was forced by a national dataset, which is referred to as the Virtual
Climate Station Network (VCSN; Tait et al., 2006; Tait, 2008). Although the VCSN was
found to have considerable inaccuracies in the complex terrain of the Southern Alps (Tait
et al., 2012; Tait and Macara, 2014), at this point, no study has explicitly assessed the
accuracy of the VCSN fields inside the Clutha basin. This introduces an unknown layer of
uncertainty into the hydrological model output of Poyck et al. (2011).
Thus, considering the status quo of hydrological studies in the Clutha catchment, there is
still a strong need for a holistic research effort, targeting both the dominant natural
processes and major forms of water management. First, the long‐term water balance with
its main components (precipitation, evapotranspiration and runoff) has to be determined.
In this context, the natural storages (lakes, seasonal snow and glaciers) also need to be
quantified, especially since they are expected to play an important role in controlling
runoff processes across the catchment. Secondly, including the dominant features of
water management (i.e. weir at lake Hawea and irrigation takes) would help to more fully
understand the interaction of natural and anthropogenic processes. It is also argued here
that robust spatial estimates of the driving meteorological variables constitute an
important prerequisite, before the response of the catchment can be studied under
changed boundary conditions.
After describing the interactions between the atmospheric and terrestrial processes
inside the catchment in a coherent and realistic way, the potential impacts of climate
change on the hydro‐climatic system can be investigated. As envisaged by Poyck et al.
(2011), more than one emission scenario should be included in future modelling studies,
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which would allow one of the major sources of uncertainty in climate change projections
to be assessed. They also pointed to the need of using output from a nested higher
resolution Regional Climate Model (RCM) opposed to the statistically downscaled GCM
data used in their study. In conclusion, an appropriate ensemble, accounting for the main
sources of uncertainty in the model chain, is required to produce authoritative results. A
physically sound procedure then needs to be used to correct biases in the RCM
simulations and to bridge the gap between the coarser RCM grid and the finer scale
hydrological model.
Taking the above into consideration, there is still a need to deepen our understanding of
the driving climatological and hydrological processes inside the Clutha catchment. New
findings would benefit water operators and other stakeholders in the basin and help to
manage its freshwater resources more efficiently and sustainably. Given that climate
change will most likely have an impact on seasonal precipitation patterns and result in an
increase in mean temperature, substantial changes in the streamflow regime and the
associated extent (temporal and spatial) of seasonal snow can be expected. Further
research is required to generate robust projections of changing climate conditions over
the study domain, which can then be used to investigate the response of the underlying
dominant hydrological processes and the resulting implications for water management.

1.2. The study domain
The Clutha/Mata‐Au is the largest catchment (21 400 km2; Murray, 1975) in New Zealand
and is situated in the lower half of the South Island, extending eastwards from the
Southern Alps (Figure 1.1). It has the highest average streamflow of any river in New
Zealand (approximately 570 m3 s−1) and drains 6% of the South Island’s water (Murray,
1975). Mt Earnslaw/Pikirakatahi is, at 2819m, the highest peak within the catchment
boundary and part of about 32.3% of land that is located at elevations greater than 1000m
(∼10% >1500m and ∼0.8% >2000m). The role of seasonal snow is important with a
relative contribution of snowmelt to annual streamflow of 10% for the entire catchment
(Kerr, 2013), while the proportion of melt is thought to be substantially higher for both
the spring period and headwater subcatchments. The climate of the South Island is largely
controlled by the circumpolar westerly windbelt (Sturman et al., 1999). The main divide
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of the Southern Alps rises steeply between 25 and 45 km off the west coast, with
orographic uplift contributing to the variability of regional weather and climate. As a
consequence, precipitation reaches very high annual totals of approximately 12000 mm
near the main divide (Henderson and Thompson, 1999). East of the main divide (i.e. into
the Clutha catchment) annual precipitation drops sharply only reaching about 700 mm at
Queenstown Aero weather station located 60 km from the main divide. However, strong
westerly transmountain winds can cause large amounts of precipitation to spill over the
main divide and into the catchments on the leeward side (Sinclair et al., 1997). The
topography also has a substantial effect on the spatial variation of air temperature with
cold air drainage causing high numbers of annual frosts (113 d a‐1) inland and
substantially fewer frost events under the dominating maritime influence along the east
coast (10 d a‐1) (Fitzharris, 1989a).
(c)

(b)

(a)

Figure 1.1 Maps showing (a) the location of New Zealand in the Southern Ocean, (b) New Zealand with the
Clutha catchment located in the lower South Island and (c) the Clutha catchment with some of the key sites
(including natural storages and water management).
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(a)

(b)

Figure 1.2 Maps of (a) land cover classes and (b) soil types in the Clutha watershed. The classifications are
based on New Zealand’s Land Cover Database (LCDB v3.0) that was published by Landcare Research in 2012.

The dominant geological unit in the catchment is schist, which in the central part is
pervaded by Cenozoic and Cretaceous sediments (institute of Geological & Nuclear
Sciences1). In the north‐western part of the basin Triassic to Permian Greywacke
constitutes the main bed rock (institute of Geological & Nuclear Sciences). Based on the
New Zealand Soil Classification (NZSC) the most common soil order in the basin is Brown
soils (Figure 1.2b) with a stable topsoil structure. In the upper part of the basin, Brown
soils are typically allophanic and have a low bulk density (growOTAGO2). Podzol soils
occur in the high precipitation areas close to the main divide and can be characterised as
highly acidic with variable drainage (growOTAGO). Semi‐arid soils with a fragile soil
structure and a very low organic matter proportion dominate the driest central areas of
the basin. Towards the lower part of the basin, slowly permeable Pallic soils, which
typically have subsoils with a high bulk density, are found most frequently (growOTAGO).
About 33% of the basin is covered by native Tussock grassland (Figure 1.2a), which has
been depleted in many areas throughout the catchment. High producing exotic grassland

1
2

http://data.gns.cri.nz/geology/, last retrieved in December 2016
http://growotago.orc.govt.nz/docs/growOTAGO_Manual.pdf, last retrieved in December 2016
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is the second largest land cover class (23%), followed by low producing grassland (16%).
The area covered by forests is relatively small with the largest proportion (6%) covered
by indigenous forest in the upper headwaters of the alpine lakes. The three major lakes
have a combined area of 628 km2 and receive most of their inflow from tributaries
originating in the relatively narrow spillover zone that extends downwind from the main
divide, where gravel and rock as well as permanent snow and ice dominate. The ice‐
covered area inside the Clutha catchment was approximately 147 km2 at the last
inventory, conducted by Chinn (2001).
Two large hydroelectric dams are located in the central part of the catchment and
together account for approximately 22% of the South Island’s total hydropower capacity.
The dam in Clyde (operating since 1993) has a capacity of 432 MW. The second dam at
Roxburgh (operating since 1957) has a smaller capacity of 320 MW and is located about
33 km downstream from Clyde. The operator of the two dams, Contact Energy, also
controls the outflow of Lake Hawea with an operational volume of approximately 2.3 km3.
The operational constraints at the weir of Lake Hawea allow a maximum flow of 200 m3
s‐1, which can be exceeded under extreme flood conditions, and a minimum flow of
10 m3 s‐1.
As the use of streamflow for hydroelectric generation is non‐consumptive, the biggest
consumptive water use is allocation for irrigation, which is estimated to be about
73 m3 s‐1 (Otago Regional Council, 2008). In Otago, the irrigation season runs from October
to April and most schemes have an approximate efficiency (proportion of abstracted
water effectively absorbed by plants) of 60% (Kienzle and Schmidt, 2008). The two main
types of irrigation methods used are spray and contour irrigation (Otago Regional Council,
2008), with the source of abstracted water being smaller tributaries rather than the major
rivers (i.e. Clutha and Kawarau) (Murray, 1975). This means that the streamflow of
Kawarau and Clutha is underutilised, while smaller tributaries are frequently over‐
allocated. Due to deemed permits, also known as mining privileges, minimum flow limits
are currently either non‐existent or on a voluntary basis (Otago Regional Council, 2008).
All deemed permits will expire in 2021, which would allow the Otago Regional Council to
implement a more strategic regional water plan that sets minimum flows in rivers and
helps to maintain the life supporting role of these ecosystems (Otago Regional Council,
2008).
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Winter tourism is another important branch of the regional economy, with four of the
countries most frequented ski fields situated in the upper part of the basin. Thus, despite
being an important natural storage of precipitation, seasonal snow is also the economic
basis for ski field operators between June and September.

1.3. Research objectives
The aim of this dissertation is to assess the potential impacts of climate change on the
hydro‐climate of the Clutha catchment. This aim is met through four specific objectives:
Objective I: Generate realistic spatial estimates of air temperature and precipitation for
the historic period.
Objective II: Implement a fully distributed hydrological model (WaSiM) with robust
descriptions of the driving physical processes and with a representation of
the major water management components.
Objective III: Process an ensemble of RCM simulations using bias correction combined
with mass and energy conserving scaling techniques.
Objective IV: Force WaSiM with the downscaled RCM runs to create a range of
hydrological projections for the 21st century.

1.4. Dissertation structure
This dissertation is structured as 6 chapters, with Chapters 2, 3, 4 and 5 representing the
four main work packages that correspond to objectives I, II, III and IV, respectively. The
four chapters reflect the logical order of processing steps that underlie this body of work.
Chapter 2 covers the generation of meteorological fields during the historic period. The
chapter consists of three main sections, beginning with temperature, followed by
precipitation and a shorter section dedicated to the remaining variables (wind speed,
solar radiation and relative humidity). First, the chapter is introduced in Section 2.1.
Section 2.2 (interpolation of air temperature) has been published in the International
8
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Journal of Climatology (see Appendix A) and is mostly identical to the corresponding
article despite some editorial modifications to avoid repetition with other parts of this
dissertation. Section 2.3 presents the work that was done to produce spatial estimates of
daily precipitation. Given the greater control of precipitation and temperature on the
hydrological processes investigated here, Section 2.4, which is dedicated to the remaining
variables, is less extensive. The chapter is summarised in the last section (2.5).
Chapter 3 starts with a review of the common hydrological model types (3.1) and
introduces the hydrological model WaSiM (3.2). Then the main routines of the WaSiM
version, that was implemented for the Clutha, are presented (3.3), followed by the
parameterisation of the individual submodels (3.4) and the procedure used to calibrate
the remaining parameters (3.5). Two WaSiM external routines that were required for the
impact analysis are briefly introduced (3.6). In the results section (3.7) a thorough
evaluation of the final model version is conducted including a quantification of the main
water balance components and storages. The monthly snow cover is then analysed,
complemented by spatial statistics on snow volume and melt. Eventually the results from
the external hydropower module are presented and validated using official hydroelectric
generation data. The results are discussed (3.8) and summarised (3.9) in the last two
sections.
Chapter 4 introduces the main model components (atmospheric) involved in climate
change impact modelling and presents the model ensemble used in this study (4.1). The
techniques that were used to bias correct and downscale the climate model data to the
hydrological model grid are described next (4.2). After the processing of the RCM data,
the performance of the bias correction and downscaling steps is evaluated for the
reference period (4.3). Finally, the projected changes of the ensemble are presented for
air temperature and precipitation (4.4), followed by the discussion (4.5) and the summary
(4.6).
Chapter 5 begins with a review of climate change impact studies and introduces the main
sources of uncertainty that are inherent to hydrological projections (5.1). Before the
actual impact analysis, the reproduction of the historic regimes and water balance is
evaluated (5.2). The projected impacts on the hydrology of the Clutha basin are presented
next covering changes in streamflow, impacts on seasonal snow, changes in glacier
volume, the response of the water balance and finally potential impacts on the
9
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hydropower production (5.3). As part of Section 5.3, a holistic analysis is carried out,
illuminating and comparing the contribution of the individual model components to the
overall uncertainty in the projected signals. The results are then discussed (5.4) and
summarised (5.5).
Chapter 6 revisits the four objectives and presents their implementation together with
the corresponding main results. The significance of this research is also pointed out and
recommendations for future work in the study domain are given.
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2.1. Introduction
This chapter presents the development of the 1 km fields for the five meteorological
variables (air temperature, precipitation, wind speed, solar radiation and relative
humidity) that were used to drive the hydrological model. This encompasses the
generation of air temperature and precipitation estimates, which corresponds to the first
objective of this thesis.
The lack of long‐term climate records combined with sparse station networks are
common problems that have been documented in many alpine regions (Rolland, 2003;
Suprit and Shankar, 2008; Schönbrodt‐Stitt et al., 2013). In New Zealand, station density
varies considerably with the lowest density found in the alpine terrain of the Southern
Alps (Huang et al., 2014; McMillan et al., 2016). Additionally, the climate of the Southern
Alps is characterised by a high spatial and temporal variability, which combined with
limited station data, hampers the generation of realistic estimates of meteorological
variables in the remote and ungauged areas of the Southern Alps. While most of the
climate stations in New Zealand are operated by NIWA, the regional councils also manage
a considerable number of automatic weather stations and rain gauges (Tait et al., 2012).
In an attempt to generate spatial estimates for a number of the most commonly used
meteorological variables (air temperature, precipitation, relative humidity, solar
radiation and wind speed), NIWA produced daily climate fields on a 0.05° grid known as
the VCSN (Tait et al., 2006; Tait, 2008). The VCSN product covers the whole of New
Zealand and has provided input to several hydrological modelling studies (e.g. Poyck et
al., 2011; Srinivasan et al., 2011; Zammit and Woods, 2011; Gawith et al., 2012; Kerr,
2013). However, for some of the key variables (i.e. air temperature and precipitation) the
VCSN was found to possess relatively large inaccuracies in the domain of the Southern
Alps (Tait et al., 2012; Tait and Macara, 2014).
Within the Clutha catchment an attempt was made to generate improved (compared to
VCSN) spatial estimates of the five meteorological variables, with particular focus on air
temperature and precipitation (as the two most hydrologically important variables). In
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order to meet the input requirements of the hydrological model daily grids at a resolution
of 1 km2 were generated for the five variables. The fields were validated using
independent records in order to specifically quantify the error in the domain of the Clutha
catchment. The work on air temperature (for maximum and minimum temperature,
respectively) is presented in the following section (2.2), followed by precipitation
(Section 2.3). The remaining three variables (relative humidity, solar radiation and wind
speed) are presented in Section 2.4 and the chapter is summarised in Section 2.5.

2.2. Producing spatial estimates of air temperature
2.2.1. Introduction
In alpine regions, robust spatial estimates of air temperature are required for
environmental modelling studies. Largely due to the complex terrain, surface air
temperature possesses a high degree of temporal and spatial variability (Valery et al.,
2010), which necessitates sufficient station coverage in both the horizontal and vertical
dimensions. However, several studies have highlighted the fact that alpine regions tend
to have sparse climate station networks, with most sites being located in intermontane
valleys (Rolland, 2003; Stahl et al., 2006). Consequently, the production of realistic
temperature fields in data sparse alpine regions is a challenging task.
A popular approach to model air temperature change with height is the assumption of a
fixed lapse rate (Singh et al., 2006; Anderson et al., 2010; Petersen et al., 2013). The latter
is commonly described as the long‐term environmental lapse rate (ELR), with a vertical
gradient of ‐6.5°C km‐1 (Barry and Chorley, 1987). Multiple studies have emphasized the
temporal variability of near surface lapse rates on daily, monthly and seasonal time scales
(Rolland, 2003; Blandford et al., 2008), which makes the usability of a constant value such
as the ELR questionable.
Instead of a constant lapse rate, representative lapse rates grouped by month (Stahl et al.,
2006) or season (Tait and Macara, 2014) can be used to scale air temperature with height.
To better represent variation in space, a series of relatively complex geostatistical
interpolation techniques have been adopted. Some commonly used methods include
regression‐kriging and trivariate thin‐plate splines, which are regarded as superior to
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two‐dimensional interpolation procedures such as inverse distance weighting, as they can
incorporate an additional covariate (e.g. elevation) (Boer et al., 2001). A number of studies
have successfully used thin‐plate splines to interpolate daily (Jarvis and Stuart, 2001;
Hutchinson et al., 2009; Sirguey et al., 2009), monthly (Hutchinson, 1991; Yan et al., 2005)
and annual air temperature (Hancock and Hutchinson, 2006).
The effective choice of an interpolation technique should largely be dependent on the data
availability in the region of interest. In the absence of sufficient high elevation data, more
complex models (e.g. multiple linear regression models) can be outperformed using
specified lapse rates because the regression based gradients may not be representative
(Stahl et al., 2006). In order to derive representative lapse rates, a sufficient elevation
range between the sites is essential to reduce the effect of local topographic and
topoclimatic effects (Li et al., 2015). For example, inversion processes can weaken the
relationship between air temperature and elevation (Kattel et al., 2013), causing different
gradients for sites located on valley bottoms and sites situated on slopes (Rolland, 2003).
It is argued here that the skill of even more complex geostatistical techniques (i.e. kriging
or thin‐plate splines) in producing realistic estimates of air temperature at higher
altitudes is also rather limited if high elevation observations are sparse.
In the Southern Alps, relatively few studies have investigated the spatio‐temporal
variation of air temperature. As shown by Moore and Owens (1984) a constant lapse rate
(i.e. ‐6.5°C km‐1) was not representative of near‐surface air temperature lapse rates in the
domain of the Southern Alps. In their study, lapse rates followed a pronounced seasonal
regime (shallowest in winter) and when grouped by precipitation class, lapse rates were
found to be substantially shallower in dry conditions. Especially during winter and spring,
both cold air pooling (Fitzharris, 1989a) and resulting inversions were identified as
prominent features in the central parts of the Clutha catchment (Fitzharris et al., 1983;
Barringer, 1989). The frequent formation of inversions was found to have a considerable
impact on minimum temperature (Tmin) lapse rates during winter, which were
substantially shallower than maximum temperature (Tmax) lapse rates (Norton, 1985).
In the Waitaki basin (located to the north‐east of the Clutha), Sirguey (2009) successfully
used a thin‐plate spline interpolator that was either based on elevation as a covariate
(trivariate) or combined with a constant lapse rate (bivariate) to interpolate daily air
temperature observations. Sirguey (2009) found that averaging the bivariate and
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trivariate fields resulted in the best accuracy. The VCSN temperature product is also based
on a trivariate thin‐plate spline (Tait, 2008), however the use of an independent record
(Brewster AWS; Figure 2.1), located at close proximity to the headwaters of the Clutha,
revealed large errors in the VCSN (Tait and Macara, 2014). The substantially lower
performance of the VCSN (compared to Sirguey (2009)) is likely directly related to
differences in the corresponding climate station networks. While three long‐term high
elevation stations (> 1400m) are operating (Meridian Energy Ltd.) in the Waitaki, there
is a lack of long‐term medium to high elevation sites (> 500m) in the Clutha catchment.
Thus, the elevation‐based thin‐plate spline that was used to generate the VCSN
temperature product (Tait, 2008) was likely unable to compute representative elevation
dependent gradients in areas close to the main divide (as indicated by the point based
validation in Tait and Macara, 2014). As the headwaters receive most of the Clutha’s
annual rainfall and snowfall, realistic temperature fields are crucial for the subsequent
hydrological modelling study (Chapter 3). Consequently, an alternative interpolation
approach is required in order to produce reliable estimates of air temperature in the
catchment.
The performance of different air temperature prediction methods, including simple lapse
rate based models and more complex geostatistical techniques have been tested in several
studies (e.g. Bolstad et al., 1998; Stahl et al., 2006). However, the potential of combining a
geostatistical interpolator (e.g. trivariate thin‐plate spline) with estimated lapse rates
representative of the regionally prevailing intra‐annual and spatial patterns of
temperature gradients has not yet been fully explored. This potential methodological
advance is investigated here using a novel combination of a trivariate thin‐plate spline
(TS) with two different representative lapse rate models, with the aim of improving
spatial and temporal estimates of daily Tmax and Tmin in the Clutha catchment.
The work on temperature is presented in the following sections. Section 2.2.2 contains
the description of the meteorological data used in this study. Section 2.2.3 (Methods)
consists of two parts, first the variation of observed temperature is investigated across
the domain and representative lapse rates are estimated. In the second part the developed
interpolation techniques (TS and lapse rate models) for Tmax and Tmin are presented.
Section 2.2.4 evaluates the resultant daily grids using independent climate records and
compares their accuracy with the VCSN product (Tait, 2008) as well as an alternative
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approach based on a bivariate spline and a constant lapse rate. The results are then
discussed (Section 2.2.5) and the conclusions follow in Section 2.2.6.

2.2.2. Data sources
Daily maximum and minimum air temperature data (Tmax and Tmin) were obtained
where available for a 24‐year period (1/1/1990 to 27/1/2014) from a number of sources:
The National Institute of Water and Atmospheric Research (NIWA), New Zealand
Avalanche Centre (NZAC), the Otago Regional Council (ORC) and Cullen and Conway
(2015) (Table 2.1 and Table 2.2). The study period was defined based on the compromise
between data availability and maximizing temporal coverage.

Figure 2.1 Map of the catchment boundary and the temperature stations used in this study, grouped by authority:
NIWA (N), NIWA SIN (H), NZAC (S), ORC (G) and AWS at Brewster Glacier (H4). The alpine fault line is shown as
red dashed line. The projection of the reference grid is New Zealand Transverse Mercator 2000.
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Table 2.1. Long‐term air temperature records operated by NIWA. Data were obtained from NIWA’s CliFlo
database1 between 01/01/1990 and 27/01/2014. For N3 and N17 the records were extended until 30/07/2014
to maximize the time period for the calculation of lapse rates.
Station
Dunedin Aero AWS
Milford Sound
Milford Sound Aws
Haast Aws
Balclutha Finegand
Balclutha Telford EWS
Ettrick No.2
Gore AWS
Alexandra
Roxburgh Wxt AWS
Clyde 2 EWS
Tapanui
Lumsden Aws
Cromwell 2
Cromwell Ews
Ophir 2
Queenstown
Wanaka Aero Aws
Queenstown Aero Aws
Eglinton, Knobs Flat Cws
Lauder
Tara Hills AWS

ID
N1
N2
N3
N4
N5
N6
N7
N8
N9
N10
N11
N12
N13
N14
N15
N16
N17
N18
N19
N20
N21
N22

Elevation (m)
1
3
3
5
6
11
91
123
150
160
170
180
187
213
213
305
329
352
354
365
375
488

Start date
24/11/1991
01/01/1990
19/07/2000
19/01/1990
01/01/1990
16/12/2005
01/01/1990
01/01/1990
05/01/1990
14/05/2010
16/06/1996
01/01/1990
01/01/1990
01/01/1990
07/04/2006
01/03/1993
01/01/1990
07/05/1992
20/06/1991
14/08/2009
01/01/1990
09/01/1990

End date
27/01/2014
27/01/2014
30/07/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
27/01/2014
31/07/2007
27/01/2014
27/01/2014
30/07/2014
27/01/2014
27/01/2014
04/10/2013
27/01/2014
27/01/2014

The NIWA records (N sites; Table 2.1) can be classified as standard air temperature data,
with detailed sensor and site descriptions available in NIWA’s official climate database1.
These constitute the only continuous long‐term records in the catchment, and have a peak
station elevation within the catchment of 375m. Three more recently established NIWA
sites (H sites; Table 2.2) that are part of NIWA’s high elevation Snow and Ice Monitoring
Network (SIN; Hendrikx and Harper, 2014) are located at elevations above 1000m. A
fourth site next to Brewster Glacier (H4; Table 2.2) provides a further high elevation
record from 2010 onwards (Cullen and Conway, 2015). The records provided by ORC are
all part of the temporary growOTAGO network (with limited information available on
CliFlo1), which operated between 2000 and 2003 and covers medium‐to‐high elevations
(G sites; Table 2.2). The seven NZAC stations (S sites; Table 2.2) lack official site and
sensor information, and operate during the May‐October winter season only, but
constitute the only long‐term high elevation records in the study domain. The uneven
distribution of sites from all sources across the domain can be seen in Figure 2.1, where
most sites are located in intermontane valleys of the central part of the catchment. No

1

http://cliflo.niwa.co.nz/
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long‐term records exist for the north‐western part of the catchment, with only two sites
(H1 and H4) located within the proximity of the main divide. Additionally, relative
humidity (RH) data were obtained from Metservice for the sites N3 and N17.
Table 2.2 Temperature sites (by authority) used for validation and calculation of lapse rates. Sites are either fully
independent (validation only), semi‐independent (lapse rate and validation) or only used to derive lapse rates.

Authority

Station

ID

Elevation (m)

Independent

Start date

End date

NIWA (SIN)

Albert Burn AWS
Mt Larkins AWS
Mt Castle EWS

H1
H2
H3

1280
1900
2000

fully
semi
lapse rate

01/02/2008
16/05/2013
15/04/2011

27/01/2014
30/07/2014
30/07/2014

Data
points
2188
257
1203

Cullen and
Conway
(2015)

Brewster Glacier AWS

H4

1650

fully

25/06/2010

10/04/2013

1021

Treble Cone base
Treble Cone topsix
Treble Cone topquad
Coronet top
Cardrona top
Remarkables base
Coronet base
Grow Leaning Rock
Badman
Mcrae
Huff07
Mathewson
Watson
Scurr
Perriam
Waldron
Hawkdun shady
Hawkdun sunny
Huff
Paterson (Bald)
Davis
Jardine
Mac Millan
Burdon
Paterson (Halfway)
Dagg
Burdon2

S1
S2
S3
S4
S5
S6
S7
G1
G2
G3
G4
G5
G6
G7
G8
G9
G10
G11
G12
G13
G14
G15
G16
G17
G18
G19
G20

1250
1750
1952
1575
1640
1640
1216
1409
249
310
400
412
500
557
678
695
762
764
300
348
391
417
450
516
684
857
663

fully
fully
fully
fully
fully
semi
fully
fully
fully
fully
fully
fully
fully
fully
fully
fully
fully
fully
fully
semi
semi
semi
semi
semi
semi
semi
fully

21/06/2001
09/07/2005
11/07/2006
25/07/2004
27/06/2001
15/06/2000
21/05/2001
14/07/2000
15/08/2000
31/07/2002
29/02/2000
31/07/2002
01/02/2001
31/07/2002
31/07/2002
14/07/2000
15/08/2000
15/08/2000
18/02/2000
15/08/2000
30/04/2002
31/07/2002
30/04/2002
30/04/2002
15/08/2000
31/07/2002
31/07/2002

21/09/2013
28/09/2013
27/09/2013
27/09/2013
04/10/2013
03/10/2013
28/09/2013
19/06/2001
12/05/2001
04/08/2003
13/05/2002
04/08/2003
09/04/2002
04/08/2003
04/08/2003
19/06/2001
11/05/2001
11/05/2001
16/04/2002
11/05/2001
10/05/2003
05/08/2003
06/05/2003
06/05/2003
13/05/2001
05/08/2003
05/08/2003

863
684
466
363
956
1208
1181
341
266
370
777
370
433
370
370
341
263
263
776
265
376
371
347
372
267
314
371

NZAC

ORC

In addition to the station records, VCSN data for the following variables were used: Tmax
(Tait, 2008), Tmin (Tait, 2008) and RH. The Tmax and Tmin fields are the result of a TS
interpolation of NIWA’s weather station network based on the three independent
variables latitude, longitude and elevation. The VCSN’s Tmax and Tmin data were used as
a benchmark for validation of the air temperature fields generated here. The RH product
of the VCSN is based on the same TS as air temperature, except that a 30‐year rainfall
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normal surface was used instead of elevation (A. Tait, NIWA, personal communication).
The RH fields were incorporated into the interpolation technique described in Section
2.2.3.2.1.

2.2.3. Methods
The methods section is structured in two main parts: First, the methodology of an initial
analysis of lapse rates is described (Section 2.2.3.1), supported by results showing the
dominant spatial pattern of air temperature in the domain (Section 2.2.3.1.1) and the
estimated monthly lapse rates (Section 2.2.3.1.2). Second, the interpolation methods for
Tmax and Tmin are presented (Section 2.2.3.2) based on the findings from Section 2.2.3.1.

2.2.3.1. Identification of representative lapse rates
For the common data period (i.e. June to October) of the years 2010 to 2013, daily air
temperature measurements (Tmax and Tmin) of all N, H and S sites were averaged and
plotted against elevation. Via this analysis, general patterns of temperature change with
height were identified, together with potential biases at individual stations and
topography related effects such as cold air ponding. In order to include the horizontal
distribution of the sites in the analysis, the Euclidean distance was calculated between the
sites and the alpine fault line (Figure 2.1), a more or less linear feature between the main
divide and the west coast. Daily lapse rates (LR) were then calculated based on suitable
valley‐peak station pairs (maximum horizontal distance 30 km) and their mutual data
periods for Tmax and Tmin respectively, as:
2.1

(2.1)

Where Tt is the daily air temperature of the top site and Tb the daily air temperature of the
bottom site. Accordingly, Et and Eb correspond to the elevations of the top and bottom
stations. Tmax and Tmin lapse rates were then grouped by months for the selected station
combinations. In order to further investigate observed differences between calculated
maritime and inland lapse rates, linear regression models based on lapse rates and
relative humidity were developed for Tmax and Tmin respectively.
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2.2.3.1.1. Variation of observed air temperature with elevation
For Tmax observations, the frequently cited standard ELR (‐6.5°C km‐1) is close to the
lapse rate of best fit (LRBF) (‐6.8°C km‐1) (Figure 2.2a). However, a steeper gradient than
the LRBF would be required to align with some of the inland high elevation sites (S7, S6
and S5), while sites closer to the west coast (S1, S2, S3, H1 and H3) would align better
with a shallower lapse rate. At site H4, situated just west of the main divide, the maritime
effect is masked by the nearby Brewster Glacier, causing a lower average temperature.
With regard to minimum air temperature, stations of similar elevation are generally
grouped more closely and stations below 1800m do not follow any pattern related to their
coastal proximity (Figure 2.2b). In contrast to Tmax, the LRBF for Tmin does not resemble
the standard ELR, showing a substantially shallower gradient (‐4.3°C km‐1). Some of the
low elevation sites have an average temperature similar to some of the inland high
elevation sites (S7, S1 and H1). A likely explanation for this distribution is the effect of
cold air ponding resulting in a relatively low Tmin for most N sites. Since most of the N
sites are located further inland than the higher elevation sites, the effect of continentality,
which is known to encourage lower Tmin in comparison with Tmax, is assumed to be also
partly responsible.
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(a)

(b)

Figure 2.2 Average air temperature of N, H and S sites during their mutual data period June to October
(2010 ‐2013) versus elevation for (a) maximum and (b) minimum temperature. Data points are coloured with
respect to their distance to the alpine fault line (as an indicator for coastal proximity). The Environmental Lapse
Rate (ELR) (−6.5°C km−1) and the Lapse Rate of best fit (LRBF) are added for comparison.

2.2.3.1.2. Representative lapse rates
Based solely on the NIWA network (N and H) the low number of high elevation sites
combined with the relatively low station density of valley sites resulted in just two station
combinations that were suited for the calculation of lapse rates. The station pair located
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in the central part of the upper catchment is constituted by Queenstown (N17) and Mount
Larkins (H2). Representing maritime conditions at an approximate distance of 25 km to
the west of the catchment boundary, Milford (N3) and Castle Mount (H3), were selected
as the second pair. The monthly Tmax lapse rates of the maritime sites (N3‐H3) are
consistently shallower compared to the inland pair (N17‐H2) with an average difference
of ‐2.6°C km‐1 (Figure 2.3). The difference is strongest for summer months but is still
substantial during winter. In order to get a better estimate of the longer term Tmax lapse
rates inland, additional high elevation data from the NZAC site S6 were used. For the
interpolation techniques described in Section 2.2.3.2.1, weighted (by number of data
points) monthly averages of N17‐S6 and N17‐H2 were chosen to represent inland
(INLAND‐LRmax) and N3‐H3 to represent maritime lapse rate conditions (MARITIME‐
LRmax) (Figure 2.3).

Figure 2.3 The monthly Tmax lapse rates, that are incorporated in the interpolation routines are displayed as
thick continuous lines, representing the average maritime and inland lapse rate regimes. The inland lapse rates
are based on the weighted average of the N17‐H2 and N17‐S6 pairs, which are also plotted separately. For
comparison, the Tmin lapse rates corresponding to N17‐H2 and N3‐H3 are also shown.

Compared to Tmax, the seasonal cycle of maritime (N3‐H3) and inland (N17‐H2) Tmin
lapse rates is less pronounced and the two regimes are relatively similar (Figure 2.3). It is
also quite obvious that the inland regime of the Tmin rates is a shallower than Tmax, which
is likely caused by the frequent formation of temperature inversions in the central part of
the catchment. This was further investigated by combining the N sites with the G network
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during the 2000‐2003 mutual data period, resulting in six suitable pairs (with a relatively
small horizontal distance). As expected the monthly Tmin lapse rates in this altitudinal
zone (250 to 860m) indicate strong inversions during winter and weaker inversions
during summer (Figure 2.4). In order to identify Tmin lapse rates that are not
predominantly influenced by inversion processes, two pairs (S7‐S5 and G18‐G1) with
relatively high bottom sites, were selected to calculate Tmin rates above the inversion
zone. For the Tmin model (described in Section 2.2.3.2.2) the lapse rates influenced by
inversion processes were averaged, resulting in the representative monthly lapse rates of
the inversion zone (INV‐LRmin). In addition, the representative high elevation Tmin rates
(TOP‐LRmin) (Figure 2.4) were composed of the S7‐S5 rates during winter (June to August)
and of the overall average of G18‐G1 and S7‐S5 (‐6.7°C km‐1) during the remaining
months.

Figure 2.4 The boxplots are based on the monthly Tmin lapse rates of six station pairs located in an elevation
range where inversions are dominant. The red dashed line is the mean inversion rate of the six pairs and the blue
line is the mean rate above the inversion zone. Both lapse rate regimes were incorporated in the interpolation
approach of Tmin. Note that the y‐axis has a larger range than the y‐axis in Figure 2.3.

In order to investigate the potential control of RH on the maritime and inland lapse rates,
daily and monthly RH data measured at the two valley sites (N17 and N3) were regressed
against the corresponding Tmax and Tmin lapse rates (Table 2.3). The regression was
based either on lapse rate and RH data at the same site or on the differences of the two
variables between the maritime and inland pair (N3‐H3–N17‐H2). For Tmax at the inland
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pair, statistically significant relationships were found for monthly (Figure 2.5a) as well as
daily (Figure 2.5b) data and slightly weaker relationships at the maritime pair (Table 2.3).
When regressing differences between maritime (N3) and inland (N17) RH values with
differences in Tmax lapse rates (N3‐H3 – N17‐H2) the relationship was found to be
moderate (but statistically significant at p=0.01) at the daily (r2=0.39) and monthly
(r2=0.43) time scale. The variability in Tmax lapse rates at both sites can thus partially be
explained by differences in relative humidity. All of the equivalent Tmin lapse rate r2
values were lower and not statistically significant at the daily timescale.
Table 2.3 Regression models and their r2 values based on lapse rates (Tmax or Tmin) and relative humidity (RH)
data (16 May 2013–1 July 2014). Calculated for the maritime pair (N3‐H3), the inland pair (N17‐H2) and the
difference between the two (N3‐H3–N17‐H2). Daily and monthly values were used for Tmax and Tmin,
respectively.

(a)

Time

r2

p‐value

x1

intercept

N17‐H2

month

0.65

< 0.001

0.11381

‐16.0310

Tmax‐RH

N3‐H3

month

0.59

< 0.001

0.11789

‐15.8720

Tmax‐RH

N3‐H3 ‐ N17‐H2

month

0.43

< 0.01

0.10545

0.6433

Tmax‐RH

N17‐H2

daily

0.31

< 0.001

0.11288

‐15.8410

Tmax‐RH

N3‐H3

daily

0.24

< 0.001

0.07555

‐12.1400

Tmax‐RH

N3‐H3 ‐ N17‐H2

daily

0.39

< 0.001

0.09834

0.6175

Tmin‐RH

N17‐H2

month

0.34

‐

0.08217

‐10.7760

Tmin‐RH

N3‐H3

month

0.00

‐

0.00200

‐5.0950

Tmin‐RH

N3‐H3 ‐ N17‐H2

month

0.21

‐

0.06536

‐1.2332

Tmin‐RH

N17‐H2

daily

0.14

< 0.001

0.08531

‐10.8940

Tmin‐RH

N3‐H3

daily

0.08

< 0.001

0.04516

‐8.8112

Tmin‐RH

N3‐H3 ‐ N17‐H2

daily

0.01

‐

0.01076

‐0.3768

Variables

Sites

Tmax‐RH

(b)

Figure 2.5 Scatterplot of Tmax lapse rates (N17‐H2) and RH (N17) for (a) monthly and (b) daily data between
16/5/2013 and 1/7/2014. The coefficient of determination and the regression model are shown as well.
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2.2.3.2. Interpolation methods for Tmax and Tmin
In the following section, the interpolation methods for Tmax and Tmin are presented. In
order to produce daily estimates at a horizontal resolution of 1 km2 for both variables
from 1/1/1990 to 27/1/2014, a TS was combined with the monthly lapse rates identified
in the previous section. The 1 km resolution was considered an adequate compromise
between a sufficient spatial resolution and an acceptable processing time. Results based
on numerous environmental modelling studies support the assumption that 1 km is an
appropriate resolution for capturing adequately spatial variation in meteorological fields
in alpine regions (Jasper et al., 2006; Mauser and Bach, 2009; Herrnegger et al., 2012).
Vertical layers were defined across the domain, where the lowest layer is computed by
the TS and higher layer(s) by the representative lapse rate(s) of a particular month.
The TS is based on the independent variables latitude, longitude and elevation, and was
implemented following Sirguey (2009). The TS uses a digital elevation model (DEM) as a
third variable, allowing construction of spatially varying elevation dependent gradients.
Thus, for each time step the TS applies the fitted coefficients, effectively representing the
spatial variability of lapse rates, to the regular elevation grid (Hutchinson et al., 2009). In
this study, an approach using the TS for the entire elevation range was not considered, as
the continuous station network only covers the vertical range of 1 to 488m (Table 2.1). It
was assumed that the low elevation network would not provide sufficient information for
the TS to produce realistic estimates for high altitude grid cells, based on the analyses
described in Section 2.2.3.1.1. Instead, the TS was constrained to an elevation layer where
continuous station data exist. Two distinct lapse rates models were developed to scale air
temperature above the TS layer, which are presented separately hereafter.
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(a)

(b)

Figure 2.6 Structure of the multilayer approach for (a) Tmax (TS‐LR‐Tmax) and (b) Tmin (TS‐LR‐Tmin), showing
the individual layers and their elevation ranges. Arrows indicate the dominant temperature gradient in the
individual layers: positive and negative (↕), posi ve (↑) or negative (↓). Boundaries are either constant or
variable (Variable Upper Boundary (VUB) and Variable Lower Boundary (VLB)).

2.2.3.2.1. Tmax interpolation method
The first layer is based on the TS, and extends from 0m to a spatially variable upper
boundary (VUB). The VUB is the result of a bivariate spline interpolation dependent on
the elevation of the continuous weather stations (N sites; Table 2.1). The highest site (N22
at 488m) used in the interpolation of the VUB lies outside the catchment boundary (Figure
2.1), while the elevation of the highest site inside the catchment is only 375m (N21). Due
to the lack of sites in the upper part of the catchment the interpolated VUB reaches heights
of up to 500m in that area. In order to get a better estimate of the optimal maximum height
of the VUB in the upper catchment, the upper limit was further varied between 300 and
500m in increments of 10m. The independent site H1 (located in the highest area of the
VUB) was then used for an interim validation of the interpolation results based on the
varied maximum heights of the VUB, with 450m yielding the highest accuracy.
Consequently, for cells within the catchment boundaries, the VUB used to constrain the
TS varied from 9m in the lower catchment to 450m in the upper catchment (Figure 2.6a,
Figure 2.7).
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Figure 2.7 Three‐dimensional plot of the Variable Upper Boundary (VUB) of the Tmax model. The surface was
fitted to the elevation of the continuous low elevation NIWA network (black points) using a bivariate spline. The
VUB was further constrained to an upper limit of 450m by an iterative interim validation using the high elevation
site H1 (red triangle). The VUB used for Tmin is almost identical with the only difference being the upper limit set
to 350 m.

The second layer extends beyond the VUB, with the upper boundary corresponding to the
cell values of the DEM (Figure 2.6a). To account for the spatial variability of maritime
(MARITIME‐LRmax) and inland lapse rates (INLAND‐LRmax) (Figure 2.3), RH estimates were
used to determine spatial variation in lapse rates (based on the RH‐lapse rate relationship
defined in Section 2.2.3.1.2). RH data for this task were bilinearly interpolated from the
0.05° VCSN data set to a 1 km resolution and averaged by month. For each month, a linear
function was then developed, where the inland and maritime lapse rates were associated
with the RH values extracted for the corresponding sites (N17 and N3). The main
advantage of this technique was that the inland and maritime lapse rates were not altered
at the grid cells where they had been physically measured. This was considered an
important criterion which would not have been met if one of the regression models based
on either the maritime or inland regression (Table 2.3) had been used. Through this
technique lapse rate grids were created for each month (e.g. March; Figure 2.8), which
were multiplied for each cell with the corresponding cell DEM height minus the VUB
height to scale Tmax in layer 2 (Figure 2.6a). The spatial pattern of the RH grids, which
had also translated into the lapse rate grids, showed little variation between individual
months. However as indicated in Figure 2.3, the lapse rate range of the grids that is
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spanned by the steepest (INLAND‐LRmax) and shallowest (MARITIME‐LRmax) gradient still
varies considerably from month to month. The combination of the TS and the Tmax lapse
rate model is further referred to as TS‐LR‐Tmax.

Figure 2.8 The distributed Tmax lapse rate grid for March (range: ‐5.3 to ‐8.5°C km‐1) inside the study domain. A
linear function based on monthly RH and lapse rates extracted from the corresponding inland and maritime pairs
was used to produce the monthly lapse rate grids. As the spatial RH patterns are rather homogenous for the
individual months, the lapse rate grids of the other months also show a similar pattern. However, the lapse rate
range varies considerably from month to month (as indicated by MARITIME‐LRmax and INLAND‐LRmax in Figure
2.3).

2.2.3.2.2. Tmin interpolation method
The first layer of Tmin is computed as described for Tmax (Section 2.2.3.2.1) using the TS.
The same analytical process was followed to find the optimal maximum height of the VUB.
A maximum elevation of 350m resulted in the highest accuracy for Tmin at site H1 (as
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opposed to 450m for Tmax) and was thus selected. While there was minimal apparent
maritime influence on Tmin lapse rates (Section 2.2.3.1; Figure 2.3), the vertical structure
of Tmin across the domain was strongly influenced by inversion processes (Figure 2.4),
substantially altering Tmin rates of station pairs involving valley sites. To account for
these inversion processes a multilayer inversion model was developed (Figure 2.6b) to
scale Tmin above the VUB of the TS. The model encompasses two layers (2 and 4) with
negative lapse rates enclosing the inversion layer (3), where positive lapse rates are
predominant. The upper boundary of the inversion layer was set to 540m above sea level,
based on the acoustic sounder study of Fitzharris (1983). Consequently, the top of the
inversion layer was assumed to level out between the individual valleys of the catchment,
as these were expected to allow for an exchange of air masses.
Inversion processes in intermontane valleys are often linked to cold air ponding, where
the cold air accumulates in the lowest parts of the valley. In theory, the lower boundary
of the inversion layer would align with the bottom of an intermontane valley, where the
lowest air temperatures occur due to the process of cold air ponding. As the elevation of
the individual valley floors varies substantially inside the Clutha catchment, a variable
inversion bottom grid was generated to incorporate the varying minimum elevation of
valley floors in the approach. Therefore, an algorithm to identify cold air pooling (CAP)
cells was run resulting in a Boolean grid of CAP and regular grid cells (Figure 2.9). The
algorithm is based on downstream variations of the topographic amplification factor
(TAF) and described in detail by Lundquist et al. (2008). The whole catchment was then
divided in 29 subcatchments using the topographic routing tool TANALYS (Schulla, 2012)
and the lowest elevation value of each subcatchment was assigned to its enclosed CAP
cells. A bivariate spline was then run to interpolate between the heights of the CAP cells
resulting in a continuous variable lower boundary (VLB) of the inversion layer.
The inversion layer (3) is enclosed by layer 2 and 4, where TOP‐LRmin gradients are
effective. While the use of TOP‐LRmin lapse rates for the high elevation layer (layer 4)
should be rather obvious, the use of these rates for a layer located between the VUB and
the inversion layer might not seem self‐explanatory. For 56% of all grid cells the VUB of
the TS is higher or as high as the VLB of the inversion layer (3), eliminating layer 2.
However, for the remaining grid cells a gap may occur between both layers (1 and 3),
resulting in layer 2. The latter exists predominantly in the higher parts of the catchment’s
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headwaters and has a mean vertical extent of 85m. Scaling Tmin in layer 2 with TOP‐LRmin
was assumed to produce a better approximation of Tmin at the cold valley bottom cells
than applying the INV‐LRmin rates used in layer 3. In other words, the negative monthly
lapse rates of TOP‐LRmin were used alternatively to the positive INV‐LRmin rates to more
realistically simulate the expected lower Tmin at the bottom of high altitude valleys. The
combination of the TS and the Tmin lapse rate model is further referred to as TS‐LR‐Tmin.

Figure 2.9 Map showing the Cold Air Pooling (CAP) cells and the temperature network by authority: NIWA (N),
NIWA SIN (H), NZAC (S), ORC (G) and AWS at Brewster Glacier (H4). The CAP cells were modelled using the CAP
algorithm developed by Lundquist et al. (2008).

2.2.3.2.3. Alternative interpolation methods
To allow for a comparison between the methods described in Sections 2.2.3.2.1 and
2.2.3.2.2 with a more commonly used method, another set of daily estimates of Tmax and
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Tmin was produced involving a bivariate spline and a constant lapse rate (McKenney et
al., 2001; Sirguey et al., 2009; Tait and Macara, 2014). For this approach measurements of
the continuous climate sites (Table 2.1) were adjusted to sea level using the standard
lapse rate of ‐6.5°C km‐1 (ELR). Then a bivariate spline (BS) was used to interpolate
between the adjusted observations producing the horizontal distribution of Tmax and
Tmin. Air temperature was then scaled according to elevation using the ELR. This
technique is referred to as BS‐ELR.
To specifically investigate the advantage of using spatially distributed Tmax lapse rates as
opposed to the more commonly used spatially constant monthly lapse rates (Stahl et al.,
2006; Gao et al., 2012), two modified versions of the method described in Section 2.2.3.2.1
were also developed. These independent products involved scaling Tmax above the VUB
using either the spatially constant inland (INLAND‐LRmax) or maritime lapse rates
(MARITIME‐LRmax) across the study domain, further referred to as TS‐LR‐INLAND‐Tmax
and TS‐LR‐MARITIME‐Tmax.

2.2.4. Results
In this section the accuracy of the interpolation techniques is assessed for the daily Tmax,
Tmin and mean temperature (Tmean) fields. The individual techniques and the
corresponding abbreviations are listed below:
‐

Trivariate thin‐plate spline and monthly Tmax lapse rate model (TS‐LR‐Tmax), as
described in Section 2.2.3.2.1

‐

Trivariate thin‐plate spline and monthly Tmin lapse rate model (TS‐LR‐Tmin), as
described in Section 2.2.3.2.2

‐

Bivariate thin‐plate spline and constant lapse rate (BS‐ELR), as described in
Section 2.2.3.2.3

‐

Trivariate spline and spatially constant monthly inland (TS‐LR‐INLAND‐Tmax) or
maritime (TS‐LR‐MARITIME‐Tmax) Tmax lapse rates, as described in Section
2.2.3.2.3

‐

Tmax and Tmin data of the VCSN (Tait, 2008) based on a trivariate thin‐plate
spline, as described in Section 2.1 and 2.2.2.
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Table 2.4. Validation matrix, showing RMSE values of the three products: TS‐LR (TS‐LR‐Tmax and TS‐LR‐Tmin), BS‐
ELR and VCSN. The VCSN product was only available until February 2013, while TS‐LR and BS‐ELR were validated
from 18/2/2000 to 27/1/2014 (for exact station availability see Table 2.2). The mean RMSE based on the data
points of all sites (All) is also included. For each station and variable (Tmax, Tmin and Tmean) the lowest RMSE is
marked as bold.

ID

Tmax

Elevation

Tmin

Tmean

[m]

TS‐LR

BS‐ELR

VCSN

TS‐LR

BS‐ELR

VCSN

TS‐LR

BS‐ELR

VCSN

H1

1280

2.46

3.33

4.40

2.12

2.74

2.16

1.75

2.51

2.78

H4

1650

2.82

4.18

6.80

3.30

4.83

2.73

2.27

2.74

3.94

H2
S1

1900

2.44

5.36

‐

3.11

4.13

‐

2.20

3.43

‐

1250

2.59

2.81

3.47

2.64

3.90

2.78

2.01

2.68

2.57

S2

1750

3.39

3.70

5.58

3.35

4.88

3.82

2.90

3.69

4.39

S3

1952

3.08

3.24

6.73

3.18

4.69

4.65

2.54

3.34

5.12

S7

1216

2.67

2.56

4.22

2.94

4.58

2.36

1.95

2.43

2.68

S4

1575

2.75

3.22

5.00

3.87

5.87

2.85

2.78

3.84

3.28

S5

1640

3.41

4.05

6.14

3.35

5.41

3.88

2.68

3.55

4.56

S6

1640

3.33

3.90

4.97

4.26

6.46

3.35

3.22

4.36

3.58

G1

1409

2.44

3.71

8.19

3.62

5.49

3.76

2.35

2.84

5.48

249‐857

1.47

1.51

3.67

2.60

3.06

2.69

1.54

1.66

2.53

‐

2.38

2.87

4.62

2.93

4.08

2.91

2.02

2.55

3.12

G2‐G19
All

A total of 11 high (> 1000m) and 18 low elevation (< 1000m) records (Table 2.2) were
included for the validation (Table 2.4). Apart from fully independent records, the sites
that were used for the estimation of representative monthly lapse rates were also
included and are marked as semi‐independent validation sites. These records provide
coverage over the majority of the vertical distribution of the catchment. Before the
validation was carried out, the digital elevation model (DEM) was corrected based on the
actual elevation of the weather stations. Therefore, the elevation of the weather stations
that were used as validation sites was assigned to the underlying grid cell replacing the
original DEM value. This correction step could not be carried out for the VCSN, as it is an
existing product, making a post correction of the DEM used for the interpolation of the
VCSN fields impossible. This may introduce a small amount of uncertainty in the
comparison of the VCSN to the fields generated in this study.
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Figure 2.10 Mean monthly bias at site H1 (1/2/2008 ‐ 27/1/2014) for (a) Tmax and (b) Tmin. Results are shown
for the following interpolation products: Trivariate thin‐plate spline and monthly lapse rate model (TS‐LR),
Bivariate thin‐plate spline and constant lapse rate (BS‐ELR), Trivariate thin‐plate spline and spatially constant
monthly inland (TS‐LR‐INLAND) or maritime (TS‐LR‐MARITIME) Tmax lapse rates, the VCSN product.

In regard to Tmax, TS‐LR‐Tmax clearly outperforms BS‐ELR and the VCSN, with
substantially lower root mean square error (RMSE) values at all sites but S7 (Table 2.4).
For TS‐LR‐Tmax RMSE values range between 2.44 and 3.39°C at the high elevation sites,
while RMSEs for the VCSN are high at all sites, with the largest error at site G1 (8.19°C).
Considering the low elevation sites only (G2‐G19), both TS‐LR‐Tmax and BS‐ELR show a
high level of accuracy (RMSEs of 1.47 and 1.51°C), which again is substantially better than
that of the VCSN (RMSE of 3.67°C).
The error assessment for Tmin shows that BS‐ELR has the largest errors for both low and
high elevation sites (Table 2.4). TS‐LR‐Tmin and VCSN possess a comparable skill in
approximating Tmin. For certain high elevation sites (H4, S7, S4 and S6) the VCSN has
lower RMSEs values than the TS‐LR‐Tmin. The G sites are located in an altitudinal zone
(249 – 857m) where inversion processes are expected to be most dominant and therefore
particularly suitable to assess the performance of the inversion model of TS‐LR‐Tmin.
While the latter has the highest overall accuracy at these sites (Table 2.4), the RMSE (2.60)
is still relatively high, probably due to the large spatial and temporal variability of
inversion strength and depth across the domain. When Tmax and Tmin are averaged
(Tmean), the comparison of the three estimates clearly identifies TS‐LR‐Tmean as the
field with the highest accuracy. For most sites (e.g. H1 1.75°C) the RMSE is further reduced
compared to Tmax or Tmin, where errors in both fields have cancelled each other out.
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Site H1 (Albert Burn; 1280m) has the longest high elevation record (6 years) in the study
domain and offers the only air temperature record in the upper headwaters (Figure 2.1).
Due to its proximity to the main divide the site is ideal for the validation of the generated
fields. Figure 2.10 shows the annual course of the mean monthly bias (Tmax and Tmin) at
H1 for the individual interpolation methods. Compared to the other methods TS‐LR has
the smallest monthly bias for both Tmax and Tmin. The bias of TS‐LR varies seasonally,
with a higher bias during the winter months (June to October), but at no point exceeding
±1°C. The bias of the VCSN remains within ±1°C between May and August, but becomes
increasingly positive during the remaining months. The VCSN warm bias is particularly
strong for Tmax and reaches a maximum (3.7°C) in February. In contrast to the VCSN, BS‐
ELR consistently underestimates Tmax and Tmin at H1, with the bias ranging between
‐0.8 and ‐2.5°C.
In order to investigate the effect of spatially distributed Tmax rates on the accuracy of the
Tmax fields, the monthly bias of the alternative fields with spatially constant monthly
lapse rates (TS‐LR‐INLAND‐Tmax and TS‐LR‐MARITIME‐Tmax) is also plotted in Figure
2.10a. The shallow lapse rates (TS‐LR‐MARITIME‐Tmax) result in a moderate warm bias
(RMSE of 2.63°C), while the steeper inland rates (TS‐LR‐INLAND‐Tmax) cause a more
pronounced cold bias (RMSE of 2.82°C). It becomes evident that the incorporation of
distributed monthly lapse rates (TS‐LR‐Tmax) results in a substantially smaller bias at
H1, demonstrating that the RH based lapse rate pattern produces a more representative
estimate of the locally dominant Tmax gradient. The only exception occurs in winter,
where TS‐LR‐MARITIME‐Tmax has a smaller bias than TS‐LR‐Tmax. This is potentially
caused by inaccuracies in the lapse rate grids during these months or by winter inversions
persisting throughout the day and therefore affecting Tmax.
The mean fields corresponding to the methods TS‐LR‐Tmax and TS‐LR‐Tmin are shown
in Figure 2.11. As the hydrological model runs on a daily time step the daily fields of TS‐
LR‐Tmean were used as input to the model (Chapter 3).
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(a)

(b)

Figure 2.11 Averaged (a) Tmax and (b) Tmin fields over the 20‐year period 1/4/1992 – 31/3/2012. The colour
bars are identical for both maps for better comparison.

2.2.5. Discussion
Spatial and temporal variations in lapse rates for Tmax and Tmin were investigated in
detail for the Clutha catchment using a combination of conventional climate records
(NIWA) augmented by unofficial (NZAC) and short‐duration (ORC) records. The results of
this initial investigation were used to inform the development of a novel methodology
(combination approach) for interpolation of Tmax and Tmin across the catchment, with
resultant fields comparing favourably to existing (and more conventional) methods.
The seasonal pattern of the estimated Tmax lapse rates of steep inland and shallower
maritime gradients (Figure 2.3) agrees well with the results found in the northern
hemisphere: European Alps (Rolland, 2003), Scottish Highlands (Coll et al., 2010), British
Columbia (Stahl et al., 2006) and Idaho (Blandford et al., 2008). Stahl et al. (2006) also
found that lapse rates calculated for a maritime pair were generally shallower compared
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to inland lapse rates. However, the maritime lapse rates in their study showed a different
seasonal pattern than all of the inland regimes, which was not observed in this study.
Here, differences in relative humidity were identified as a major driver for the spatial
variability of Tmax lapse rates. This is further supported by findings of Pepin et al. (1999),
showing that lapse rates are generally shallower in regions with higher water vapour
content in the surrounding atmosphere.
In this study, the steepest inland monthly Tmax lapse rate was observed during December
and averaged ‐10°C km‐1, which corresponds to the dry adiabatic lapse rate (Brunt, 1933).
Due to the lack of alternative high elevation data the long‐term validity of this rather
extreme value could not be further investigated. However, Liley and Forgan (2009) found
that aerosol optical depths, which have a positive correlation with relative humidity
(Ranjan et al., 2007), are very low in the central part of the catchment, indicating an
extremely dry atmosphere. Compared to Tmax, the monthly Tmin rates were consistently
shallower, which agrees well with findings from other studies (Rolland, 2003; Stahl et al.,
2006; Blandford et al., 2008). Here, cold air ponding was identified as the driving process,
which has been reported for various alpine catchments around the world during
wintertime (Zhong et al., 2001).
The results of Norton (1985) include estimates of seasonally representative lapse rates
(Tmax and Tmin) based on approximately 350 weather stations (average elevation 183m)
across New Zealand. The Norton (1985) seasonal Tmax lapse rates (valid for elevations >
300m) range between ‐6.5 and ‐7.1°C km‐1, with an average of ‐6.7°C km‐1, which equals
the average of the maritime (N3‐H3, ‐5.4°C km‐1) and inland pair (N17‐H2, ‐8°C km‐1).
Thus, the Norton (1985) seasonal Tmax lapse rates seem to describe the mean Tmax
gradient in the study domain realistically, but they do not capture the entire magnitude of
the annual regime or its spatial variability.
The Norton (1985) Tmin rates average to ‐3.6°C km‐1 and are substantially shallower than
both the maritime N3‐H3 (‐4.8°C km‐1) and inland pair N17‐H2 (‐5.4°C km‐1) of this study.
A likely explanation for this difference is the very strong bias of the national station
network before 1985 towards lower elevations. Consequently, the seasonal Tmin
gradients of Norton (1985) are likely affected by inversion processes, distorting the “true”
lapse rate representative outside the inversion zone, which was found to be ‐6.7°C km‐1
in this study. Hence both the maritime and inland lapse rates (using low elevation bottom
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sites) of this study are also influenced by inversion processes, but to a smaller extent. The
effectively used monthly Tmin lapse rates (averaging to ‐6.7°C km‐1) are solely based on
higher elevation inland measurements (S7‐S5 and G18‐G1) and could potentially vary
across the domain. However, no station pair where the lower site would have been
unaffected by cold air ponding was found in proximity to the west coast or the main
divide. As a result, the Tmin rates could not be spatially distributed (unlike the Tmax
gradients).
The novel combination of a trivariate thin‐plate spline and distributed monthly lapse rate
grids, TS‐LR‐Tmax, has proven to be an effective approach to realistically model daily
Tmax in the data sparse alpine Clutha catchment (Table 2.4). The approach maximizes the
use of available continuous temperature data and compensates for missing continuous
high elevation records with lapse rate grids. The lapse rate patterns were produced using
RH data (VCSN) and are essentially rooted in the basic principle of dry and wet adiabatic
conditions. In regard to the validation procedure, the commonly used cross‐validation
was not applied, due to the lack of continuous high elevation data and the associated bias
of the station network towards low elevations. As an alternative, independent records
with a relatively large horizontal and vertical extent (249 – 1900m) were used for the
error assessment (Table 2.4). The novel approach (TS‐LR‐Tmax) clearly outperformed
both the alternative method based on a bivariate thin‐plate spline combined with a
constant lapse rate (BS‐ELR) and the VCSN (which uses a trivariate thin‐plate spline to
extrapolate from the continuous station network). The validation revealed a strong warm
bias in the VCSN, as shown in existing findings (Tait and Macara, 2014). The validation of
daily Tmax fields based on the TS‐LR‐Tmax approach indicates a dramatic improvement
over the existing VCSN product in the domain of the Clutha catchment and the headwaters
in particular, as indicated by the independent record at site H1 (Figure 2.10a; Table 2.4).
The multilayer Tmin model (TS‐LR‐Tmin) introduced here combines a trivariate thin‐
plate spline with a multi‐layer lapse rate model. The multi‐layer approach accounts for
inversion processes in the intermontane valleys of the catchment and uses monthly
gradients unaffected by cold air ponding for higher elevations, making the latter more
suitable to scale Tmin above the inversion layer. The validation based on sites below
1000m resulted in a higher accuracy for TS‐LR‐Tmin than both BS‐ELR and the VCSN.
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However, RMSE values in that zone are still relatively high, especially when compared to
the performance of the TS‐LR for Tmax.
The relatively short records combined with the strong spatial and interannual variability
of inversion strengths is a clear limiting factor for the accuracy of the Tmin field. Another
limitation of the Tmin model is the assumption of a constant inversion height (540m). For
higher elevations, RMSE values are in a similar range for TS‐LR‐Tmin and the VCSN. The
errors of the VCSN are substantially lower for Tmin compared to Tmax and its skill in
extrapolating Tmin (> 1000m) is as good as the multilayer lapse rate model (TS‐LR‐Tmin).
The elevation dependent trivariate thin‐plate spline (used for the VCSN) seems to
extrapolate Tmin more realistically from the continuous (mostly low elevation) sites than
for Tmax. It is difficult to explain the better (worse) performance of the VCSN for Tmin
(Tmax) without detailed information on which stations were used as input for the
interpolation. In the BS‐ELR model inversion processes are ignored, which causes a
pronounced cold bias and large RMSE values at all sites.
Potential further development of the TS‐LR‐Tmin model could include grouping Tmin
lapse rates by synoptic patterns instead of months and the use of remotely sensed cloud
cover data to analyse the spatial variability and height of the inversion layer. In the
current approach the inversion layer is temporally constant and does not account for
variable inversion depths. However, as it has been shown by long‐term radiosonde
records in the interior region of Alaska (Bourne et al., 2010), inversion depth can vary
greatly on monthly and daily scales, making it an important parameter that could be
included in an inversion model.

2.2.6. Summary
In the complex terrain of the study domain, mid to high elevation records of air
temperature unaffected by topographic processes such as cold air ponding were found to
be essential for the development and validation of robust interpolation techniques. In
particular, lapse rates involving records measured at valley bottoms were shown to be
inadequate for scaling Tmin in the higher atmosphere (> 1000m). Even relatively short
records at mid to high elevations constitute an invaluable data source for the development
of scaling techniques and their validation.
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Owing to its topographic complexity, coastal proximity and the presence of substantial
climatic gradients, the study region of the Clutha catchment is considered an ideal test‐
bed for the developed interpolation techniques. Based on the findings presented here,
studies in regions with complex terrain and sparse data networks should first of all
investigate the respective dominant processes controlling the spatial distribution of Tmax
(e.g. coastal proximity) and Tmin (e.g. cold air ponding). A thorough initial investigation
of the available records is recommended for the identification and selection of station
pairs used for the calculation of lapse rates. Including a basic model of the driving physical
processes controlling air temperature lapse rates in the interpolation routine can lead to
substantial improvements in the accuracy compared to interpolations solely based on low
elevation sites or a constant lapse rate (i.e. ‐6.5°C km‐1). The inclusion of dynamic
components may also be useful, for example the implementation of a variable inversion
depth dependent on synoptic weather patterns, or lapse rates grouped by weather type.
The lower performance of the Tmin model (compared to the Tmax model) indicates that
due to cold air pooling and associated temperature inversions Tmin lapse rates possess a
greater spatio‐temporal variability. Routinely launched radiosondes would be extremely
useful and the obtained vertical temperature profiles could be used to more realistically
describe the inversion depth and temperature gradient in the individual layers of the
model. A transect of temperature sensors in the headwaters of the catchment would also
be very useful as lapse rates could be determined more accurately. This would allow snow
accumulation and melt processes in the high precipitation areas of the catchment to be
modelled more realistically.
Overall the quality of the generated fields of air temperature constitutes an improvement
over the VCSN product and was rated to be adequate for providing input to the
hydrological model (Chapter 3). The improvements in the estimation of spatial and
temporal variations in air temperature will also be of substantial benefit for subsequent
environmental modelling studies.
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2.3. Producing spatial estimates of precipitation
2.3.1. Introduction
A correct representation of the water balance of a catchment primarily depends on a
realistic quantification of spatial precipitation. In an alpine environment, the precipitation
term typically increases relative to evapotranspiration, which further increases the need
of a correct representation of the former. In addition to the common problem of
insufficient data availability in alpine catchments (Suprit and Shankar, 2008; Schönbrodt‐
Stitt et al., 2013), wind driven undercatch and evaporation can cause systematic
measurement errors (Mekis and Hogg, 1999). Both random and systematic errors were
found to cause substantial decreases in the performance of hydrological models (Oudin et
al., 2006). In addition, complex terrain causes a large spatial variability of precipitation
inducing localized features such as rain shadows (leeward side of a topographic barrier)
and spots of high precipitation intensity (windward side of a topographic barrier)
(Kansakar et al., 2004).
The spatial distribution of precipitation across the South Island of New Zealand is
characterised by large variability. On the windward side of the main divide annual
precipitation totals can exceed 12000 mm (Henderson and Thompson, 1999), while the
eastern parts are significantly drier. The highest annual totals tend to occur
approximately 20 km upwind of the main divide (Wratt et al., 2000). The thermodynamic
uplift process induced by the orography is the dominant process leading to the
anomalously high precipitation amounts on the windward side of the Southern Alps.
However, the phenomenon of spillover, which has been observed during major storms
and is caused by strong transmountain winds, can cause large amounts of precipitation to
fall on the leeward side and in this case the zone of maximum precipitation extends up to
20 km eastwards from the main divide (Sinclair et al., 1997). In contrast to other alpine
regions, where robust relationships were found between precipitation and elevation
(Lauscher, 1976; Marke, 2008), the correlation between precipitation and elevation was
found to be rather weak in the Southern Alps of New Zealand (Wratt et al., 2000; Tait et
al., 2006). Emanating from these findings, it can be noted that the windward shift (from
major mountain ranges along the main divide) of precipitation maxima that is caused by
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the strong orographic uplift under westerly airflow conditions superimposes and distorts
any linear elevation dependence of precipitation.
Many environmental models, particularly semi and fully distributed models, require
spatially continuous precipitation data. Considering the relatively low station density of
precipitation networks in many regions of the world (e.g. the Southern Alps of New
Zealand), the spatial resolution that is required by the land surface model (e.g.
hydrological model) is often not met by the station network. Since the use of areal mean
precipitation as input, is unlikely to allow for a realistic simulation of the catchment
response for larger catchments (Ly et al., 2013), a spatial interpolator is commonly used.
Multiple techniques exist to interpolate between point measurements of precipitation
ranging from geographically weighted regression (Brunsdon et al., 2001), thin‐plate
splines (Tait et al., 2006; Sirguey et al. 2009), kriging (Kyriakidis et al., 2001) to angular
distance weighting (Frei and Schär, 1998).
Tait et al. (2006) estimated daily rainfall on a 0.05° grid (VCSN) for the whole of New
Zealand using a trivariate thin‐plate spline (TS). The TS was found to perform best if a
rainfall normal surface was used as an independent covariable instead of elevation. The
product was further validated by Tait et al. (2012) using independent regional council
data, which was also used for a regression based bias correction. It needs to be noted that
the precipitation product of the VCSN still has significant errors in some regions of the
Southern Alps, where monthly mean absolute errors range between 30 and 100 mm (Tait
et al., 2012). This suggests that significant biases in the VCSN may still exist for individual
subcatchments in the Southern Alps, including the headwaters of the Clutha River.
In this study, the required spatial resolution of the hydrological model (1 km2) was
substantially lower than the coarser VCSN grid (~5 km2). This spatial mismatch combined
with the documented biases of the VCSN over the Southern Alps were the main reasons
for performing an independent analysis and interpolation of precipitation over the Clutha
catchment (precipitation records described in Section 2.3.2). The aim was to generate
daily estimates of precipitation at the required horizontal resolution (1 km2) that would
allow for a realistic simulation of the hydrological processes inside the catchment (the
methodology is shown in Section 2.3.3). A similar approach as described in Tait et al.
(2006) was adopted, with the main differences being the higher spatial resolution and a
regional adjustment of the 30‐year rainfall normal surface for the Clutha catchment. The
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new normal surface was generated by reducing biases in the original surface that were
found using a water balance approach. Finally, the generated daily fields of precipitation
were validated using the same water balance approach and an independent record
obtained from a station (Brewster AWS) located in close proximity to the main divide
(Section 2.3.4).

2.3.2. Data sources
A total of 76 sites with variable record lengths were included for the interpolation of daily
precipitation (Figure 2.12; Table 2.5). While the majority of the sites are operated by
NIWA (73), three additional records were obtained from ORC. Compared to the low
density of sites recording temperature, the precipitation network covers most of the
catchment and a sufficient number of sites exist on the south‐western and north eastern
catchment boundaries. However, with the highest site at 695m and an average station
elevation of 273m, most sites are located in intermontane valleys and the south‐eastern
part of the catchment. The upper headwaters that originate downwind from the main
divide (∼0‐12 km) can be considered ungauged, with the only exception being the
relatively short record (∼4 years) at Young River (P‐O1).
Table 2.5. Stations recording precipitation operated by NIWA (“P‐N”) and ORC (“P‐O”). The sites are ordered by
elevation and if available records were obtained from 1/1/1990 to 31/12/2012. The record of Brewster Glacier
was only available between December and May (potential for large snow accumulations in the remaining
months).
Station
Dunedin Aero Aws
Balmoral,Outram
Milford Sound
Milford Sound Aws
Dunedin, Musselburgh Ews
Haast Aws
Balclutha,Finegand
Balclutha
Maungatua
Winton 2
Warepa
Tima
Baverstock Waiwera
Ettrick No.2
Lovells Flat
Roxburgh
Mandeville
Tuapeka Mouth

ID
P‐N1
P‐N2
P‐N3
P‐N4
P‐N5
P‐N6
P‐N7
P‐N8
P‐N9
P‐N10
P‐N11
P‐N12
P‐N13
P‐N14
P‐N15
P‐N16
P‐N17
P‐N18

Elevation (m)
1
3
3
3
4
5
6
12
25
44
70
90
91
91
91
97
116
116

Start date
24‐Nov‐1991
01‐Jan‐1990
01‐Jan‐1990
19‐Jul‐2000
09‐Aug‐1997
20‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
02‐Jul‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990

End date
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Mar‐2006
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
30‐Sep‐2000
31‐Dec‐2012
31‐Jan‐2012
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Gore Aws
Kaweku
Alexandra
Clyde Dam
Nightcaps 2
Rosebank
Balfour,St Patricks
Kelso, The Holt
Tapanui
Otama
Lumsden Aws
Waikaia 2
Manapouri
Middlemarch, Garthmyl
Manapouri Aero Aws
Cromwell 2
Nithdale
Te Anau Downs
Hillend
Luggate
Mt Barker
Ophir 2
Plains Station
Kingston
Minaret Bay
Makarora Station
Queenstown
Earnslaw
Hawea Flat
Glenfinnan
Lake Hawea
Pinewood
Wanaka Aero Aws
Lee Flat
Queenstown Aero Aws
Matakanui
Hunter Valley 2
Deep Stream 2
Lauder Flat
Lauder Ews
Routeburn Stn
Chain Hills
Ranfurly
Bannockburn
Hakataramea Valley, Hillside
Tara Hills Aws
Cardrona
Roxburgh,Hilltop
Upper Meg Power Stn
Lake Ohau Stn
Young River
Pomahaka at Moa Flat
Makarora
Arthurs Point
Naseby Forest 2
Ribbonwood
Blackstone Hill
Lake Onslow Auto
Brewster Glacier AWS
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P‐N19
P‐N20
P‐N21
P‐N22
P‐N23
P‐N24
P‐N25
P‐N26
P‐N27
P‐N28
P‐N29
P‐N30
P‐N31
P‐N32
P‐N33
P‐N34
P‐N35
P‐N36
P‐N37
P‐N38
P‐N39
P‐N40
P‐N41
P‐N42
P‐N43
P‐N44
P‐N45
P‐N46
P‐N47
P‐N48
P‐N49
P‐N50
P‐N51
P‐N52
P‐N53
P‐N54
P‐N55
P‐N56
P‐N57
P‐N58
P‐N59
P‐N60
P‐N61
P‐N62
P‐N63
P‐N64
P‐N65
P‐N66
P‐N67
P‐N68
P‐O1
P‐O2
P‐O3
P‐N69
P‐N70
P‐N71
P‐N72
P‐N73
Brewster

123
143
150
160
168
168
177
180
180
183
187
190
192
200
209
213
213
229
261
295
305
305
305
310
313
320
329
335
335
341
350
351
352
354
354
357
360
366
366
375
381
400
424
427
442
488
518
518
518
533
560
580
320
607
607
634
637
695
1650

01‐Jan‐1990
01‐Jan‐1990
11‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
02‐Aug‐1990
01‐Jan‐1990
01‐Jan‐1990
02‐Feb‐1991
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
02‐Mar‐1993
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
05‐Jan‐1990
01‐May‐1992
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
02‐Jan‐1993
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
08‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
21‐Aug‐2008
01‐Jan‐1990
05‐Nov‐1997
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
27‐Nov‐2010

31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
30‐Jun‐2007
31‐Jul‐2011
31‐Dec‐2012
31‐Oct‐2003
31‐Jan‐2003
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
30‐Sep‐2002
30‐Apr‐2010
31‐Dec‐2012
31‐Dec‐2012
31‐Jul‐2007
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
28‐Feb‐2006
31‐Jan‐2011
31‐Dec‐2012
31‐Dec‐2012
31‐May‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Aug‐2009
31‐May‐2011
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Jul‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Jul‐2008
31‐Dec‐2000
31‐Dec‐2012
31‐Mar‐2011
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Oct‐2011
31‐Dec‐2012
31‐Mar‐2011
30‐Jun‐2007
31‐Dec‐2012
31‐Dec‐2012
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Figure 2.12 Precipitation sites used for the daily interpolation. Most sites are operated by NIWA, while three are
managed by ORC (site P‐O3 is occluded by P‐N44). The Brewster site is located to the north‐west of the catchment
boundary.

In Figure 2.13 the mean annual precipitation totals of all 76 records are plotted against
the corresponding distances to the main divide. The distribution depicts that the highest
totals were recorded at the two sites located in Milford sound (P‐N3 and P‐N4), while the
site P‐O1 (shorter record) has the highest annual precipitation (> 5000 mm) of any site
inside the watershed. Further inland, precipitation totals decrease rapidly and remain
below 1000 mm at most sites.
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Figure 2.13 Mean annual precipitation of all sites between 1992 and 2011 (shorter records are also plotted)
against distance to main divide. In order to not compromise the legibility only some representative sites (red
triangles) of the distribution are labelled (see Table 2.5).

2.3.3. Methods
This overview of methods presents the logical order of processing steps that were
followed to produce realistic spatial estimates of daily precipitation for the Clutha
catchment during the model period (1/1/1990 – 31/12/2012). First, the relatively short
record of the P‐O1 site (essential due to its location in the spillover zone) was extended
using linear regression (Section 2.3.3.1). In a next step, all precipitation records were
corrected for wind‐induced undercatch, using an empirical approach (Section 2.3.3.2).
After the data processing, the first interpolation attempt was performed using a TS and
the original 30‐year rainfall normal surface (Tait et al., 2006) (Section 2.3.3.3). The water
balance based validation (Section 2.3.3.4) revealed substantial errors for several
subcatchments in the upper Clutha, which resulted in an adjustment of the original rainfall
normal surface using a correction factor grid and a rerunning of the TS (2.3.3.5). Finally,
the daily grids were validated using the water balance approach and the independent
record from Brewster Glacier (2.3.3.6).
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2.3.3.1. Extension of the P‐O1 record
The rainfall station at P‐O1 (operated by ORC) is located approximately 4 km to the lee of
the main divide. It constitutes the only precipitation record within close proximity of the
main divide (although relatively low at 560m), a zone where the intensity of spillover is
expected to be strongest. To maximize the usage of this relatively short record (1/9/2008
– 1/9/2013) linear regression was used to extend the record throughout the remaining
time period (1/4/1992 – 31/8/2008). The first regression (Equation 2.2) is based on the
ORC site P‐O3 at Makarora (15 km SE), which uses the same tipping bucket instrument as
the P‐O1 site. Given that the record of P‐O3 only dates back to 5/11/1997, the record of
an automatic daily rain gauge (P‐N44), which is operated by NIWA and located
approximately 500m from site P‐O3, was used for the second regression (Equation 2.3),
covering the remaining time period.
2.0308 ∗

1.3282

1.5643 ∗

(2.2)

4.0276

(2.3)

If for a given time step precipitation of the actual record was 0 mm, then the scaled value
was also constrained to 0 mm:
0
0

0

(2.4)

The calibration and validation periods were defined from 1/9/2008 to 31/8/2011 and
from 1/9/2011 to 1/9/2013, respectively. The performance of the two best‐fit regression
models can be seen in Table 2.6 and Figure 2.14, where the first regression model
(Equation 2.2) was found to have a better fit during both the calibration and validation
period.
Table 2.6. Validation of the two regression models P‐O1scaled1 and P‐O1scaled2. Performance criteria (r2 and RMSE)
were calculated for the calibration (CAL) and validation (VAL) period, respectively.
Scaled site

r2 (CAL)

r2(VAL)

RMSE(CAL)

RMSE(VAL)

Scaling period

P‐O1scaled1

0.90

0.85

10.10

12.05

05/11/1997‐31/08/2008

P‐O1scaled2

0.59

0.60

20.20

19.43

01/04/1992‐04/11/1997
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Figure 2.14 Scatterplots showing daily precipitation between YOUNG (= Site P‐O1) and YOUNGscaled during the
validation period (1/9/2011 to 1/9/2013) for (a) the P‐O1scaled1 (Equation 2.2) and (b) the P‐O1scaled2 (Equation
2.3) regression model. The dashed line represents the line of best‐fit.

2.3.3.2. Undercatch correction step
Before the interpolation, an undercatch correction developed as part of the “World
Meteorological Organization Solid Precipitation Measurement Intercomparison Project”
was performed. The empirical approach, which is described further in Yang et al. (1998),
requires mean temperature and wind speed at the gauge height as input. As most of the
precipitation sites in the Clutha domain do not record wind speed or air temperature, the
daily fields based on the interpolation techniques described in Section 2.4.3.2 and
Sections 2.2.3.2.1‐2.2.3.2.2 were used alternatively. Equation (2.5) is based on wind
speeds less than 6.5 m s‐1, and the latter was therefore used as a threshold to cap any wind
speeds exceeding that value. The approach differentiates between solid, mixed and liquid
precipitation, resulting in three temperature dependent regression models.
exp 4.606 0.157 ∙
100.77 8.34 ∙
exp 4.605 0.062 ∙
where: CR

.
.

catch ratio (observed catch / true precipitation) [%]

Tmean daily average temperature [°C]
WS
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0

daily average wind speed [m s‐1]

0
3
3

(2.5)
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2.3.3.3. Trivariate spline and original rainfall normal surface
In a first attempt to produce spatial estimates of precipitation at a resolution of 1 km2, a
nearly identical approach as described by Tait et al. (2006) was followed. The same
implementation of the TS as described in Section 2.2.3.2 was used as interpolator and the
same 30‐year rainfall normal surface (1951‐1980), as used by Tait et al. (2006), served as
a covariate. The original rainfall normal surface is a digitised version of an expert guided
contour map that was produced by New Zealand Meteorological Service (NZMS) in 1985,
with a resolution of 1 km2. The resultant interpolated daily fields based on the TS using
the original precipitation surface (SURForg) as covariate are further referred to as TSPorg.

2.3.3.4. Validation using water balance approach
The TSPorg product was validated with a water balance approach using an uncalibrated
version of the hydrological model (WaSiM), parameterised as described in Section 3.4 and
forced by the generated meteorological fields (precipitation = TSPorg).
For eight gauges (recording streamflow) located inside the Clutha catchment (Figure
2.16a) the model error (Qerr) between observed (Qobs) and modelled streamflow (Qmod)
was calculated for the entire 20‐year period (1/4/1992‐31/3/2012). Despite having
shorter records (Table 3.1), four more sites (The Hillocks, Peat’s Hut, Wentworth and
Frankton) were also included, which allowed for a more detailed spatial analysis of Qerr.
Based on the water balance equation (Equation 2.6) and the general assumption that the
storage term is equal to zero for long time periods, Qerr stems from biases in precipitation
or actual evapotranspiration (ET). Here, potential ET is modelled by the Penman‐
Monteith approach (Equation 3.1) using physically derived parameters or common values
from the literature (Section 3.4.3). ET (actual) is then a function of soil water content and
capillary pressure limiting potential ET (Section 3.3.1). Assuming a realistic modelling of
ET, Qerr was assigned to over‐ or underestimations of annual precipitation totals in the
corresponding subcatchments.
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P

ET

Q

where: P

∆S

(2.6)

precipitation [mm]

ET

actual evapotranspiration [mm]

Q

streamflow [mm]

∆S

changes in storage [mm]

2.3.3.5. Trivariate spline and adjusted rainfall normal surface
Due to the large errors found when validating TSPorg (as described in Section 2.3.4.1),
SURForg (Figure 2.15) was adjusted with a correction factor grid. The main purpose of the
correction factor grid was to reduce SURForg, and consequently the daily precipitation
fields resulting from the interpolation, in subcatchments where Qerr was positive and vice
versa. Factors were assigned considering the leeward distribution of precipitation during
major westerly storms as described by Chater and Sturman (1998) for the Waimakariri
catchment located in the central part of the South Island. In their study, the amount of
spillover during a typical event is relatively constant for the first 6 km leeward from the
main divide. The amount of spillover then decreases sharply until approximately 24 km
to the east of the divide and declines further at a very moderate slope until 60 km leeward.
Although the Waimakariri is located at a relatively large distance (~200 km) to the
northeast of the Clutha, the main divide reaches comparable elevations in both
catchments, which supports the assumption of a similar orographic uplift. Given the lack
of studies on spillover in the Clutha catchment, the Chater and Sturman (1998) conceptual
model of spillover precipitation was assumed to resemble the actual distribution in the
Clutha catchment and incorporated into the correction routine used in this study. Based
on their findings, constant correction factors were assigned (depending on the
subcatchment) to cells within 6 km of the main divide and then reduced or increased
linearly to 1 (6 → 24 km). For cells located further than 24 km from the main divide,
factors were kept constant.
In order to create smooth transitions between the correction factors, the factors were
only assigned to the valley cells (CAP cells; Section 2.2.3.2.2) of the individual
subcatchments. A bivariate spline was then used to interpolate between the valley cells,
to create the continuous correction factor grid. The latter was multiplied with SURForg to
produce the adjusted rainfall surface (SURFmod), which then served as covariate to the TS,
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resulting in the daily precipitation fields TSPmod. The final subcatchment specific
correction factors were determined using manual calibration. Therefore, the factors were
adjusted iteratively and the process chain, including the rerunning of the hydrological
model, was repeated, until Qerr did not exceed ±5% at any of the eight long‐term gauges
(gauges with 20‐year record).

2.3.3.6. Validation of the daily precipitation fields using independent data from the AWS at
Brewster glacier
In order to extend the water balance validation of TSPmod with a point based validation,
independent precipitation data measured at the Brewster AWS (Figure 2.12) were used.
Data were available from 27/11/2010 to 31/12/2012 for the months December to May.
During the remaining months measurement inaccuracies caused by snowfall and
potentially high wind speeds were the main cause for rejecting any data recorded
(Conway, 2013). The hourly precipitation data were aggregated to the daily time step
used in this study.

2.3.4. Results
2.3.4.1. The water balance based validation
The water balance based validation of TSPorg (TS using the SURForg shown in Figure 2.15)
revealed substantial over‐ and underestimations of streamflow (and consequently
precipitation) in several subcatchments (Figure 2.16b). The largest positive bias (72%)
was calculated for the Shotover River at Peat’s Hut (Shotover at Bowens Peak: 61%). As
shown by Figure 2.15 SURForg reaches high totals exceeding 4000 mm in the upper ranges
of the Shotover (indicated by black arrow). This local maximum shows substantially
higher totals than other parts of the upper Clutha, that are at a similar distance to the main
divide. The precipitation pattern of SURForg clearly follows the terrain of the upper
Shotover, which has a plateau like shape and surpasses the neighbouring headwater
subcatchments. During the expert guided process underlying the generation of SURForg, a
strong orographic effect must have been expected to enhance precipitation in the
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ungauged ridges of the upper Shotover. However, the large positive bias contradicts this
assumption.

Figure 2.15 3D plot of the original rainfall normal surface (SURForg) clipped by the Clutha watershed (arrow points
to the upper Shotover subcatchment). SURForg was used as a covariate as part of the trivariate thin‐plate spline
interpolation. The resultant daily fields of precipitation served as input to the hydrological model.

To the west of the Shotover opposing biases were found for the hydrologically connected
flow stations (Kawarau catchment) at Frankton (9%) and The Hillocks (‐5%). The positive
bias at Frankton located at the Lake Wakatipu outlet points to a substantial
overestimation of precipitation in the remaining tributaries. Qerr was also found to be
positive for Lake Wanaka (5%) and Lake Hawea (20%). Further inland, the Nevis, located
in a high intermontane valley, showed a relatively large positive bias (18%), while the
bias in the upper Lindis (Lindis Peak) was negative (‐13%). At the catchment’s outlet
(Balclutha) the errors found upstream add up to a substantial positive bias of 9%.
As presented in Section 2.3.3.5, SURForg was modified with a correction factor grid,
resulting in the alternative precipitation surface SURFmod. Based on the computed water
balance errors (Figure 2.16b) it was decided to correct SURForg for eight out of the eleven
subcatchments. No correction was required for Ophir given the negligible bias at the site.
At Chards Rd, approximately 90% of the catchment are part of the Frankton and Bowens
Peak subcatchments, and thus no correction was carried out for the small additional area.
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(a)

(b)

Figure 2.16 (a) The network of flow gauges and their corresponding subcatchments. (b) The errors (%) between
modelled and observed mean annual streamflow (1/4/1992 – 31/3/2012) for the TSPorg‐forced run (black) and
the TSPmod‐forced run (red).

After further consideration of the similar errors found for the upper (Peat’s Hut) and
lower Shotover (Bowens Peak), it was decided to correct them together as one unit. The
final subcatchment and spillover specific correction factors that were identified during
the iterative adjustment process are shown in Table 2.7, ranging between 0.7 (Lake
Wanaka) and 1.15 (The Hillocks). For the Shotover (Bowens Peak) the bias was still too
large even when applying a correction factor as low as 0.7. As SURForg showed a rather
extreme increase of precipitation with elevation for this catchment, it was decided to
reduce the orographic effect by further decreasing the factor (0.7) depending on the cells’
elevation. The linear function was spanned by the elevations of the lowest (405m) and
highest valley cells (1645m) of the Shotover subcatchment and the factors 0.7 and 0.5,
respectively. To avoid unwanted extrapolation into the remaining subcatchments in the
central and lower Clutha, their corresponding valley cells were set to 1. The interpolated
correction factor grid is shown in Figure 2.17b and reflects the correction factors that
were assigned to the valley cells (Table 2.7). As desired, for all eight subcatchments the
factors steeply tend towards 1 when adjoining an area of the catchment that did not
require correction. The factor grid was then multiplied with SURForg resulting in SURFmod,
with the difference between the two surfaces unfolded by Figure 2.17a.
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Table 2.7. Correction factors assigned to the centre valley cells of the corresponding subcatchments. The spillover
zones were derived from the precipitation distribution found by Chater and Sturman (1998). The arrows
represent the linear models that were used to interpolate between two correction factors (e.g. at The Hillocks a
factor of 1.15 was reduced linearly for cells located between 6 and 24 km (Spill‐2) from the divide, until reaching
1 for cells located 24 km leeward or further).
Gauge of

Spill‐1

Spill‐2

Spill‐3

subcatchment

0‐6 km

6‐24 km

> 24 km

The Hillocks

1.15

1.15 → 1.00

1

West Wanaka

1.10

1.10 → 1.00

1

Lake Wanaka

1

1

0.70

0.9

0.9 → 0.75

0.75

1

1

0.80

Lindis Peak

‐

‐

1.10

Nevis Burn

‐

‐

0.85

‐

0.7 ‐ 0.5

0.7 ‐ 0.5

Camphill Br
Frankton

Bowens
1The

Peak1

factors were assigned using a linear elevation dependent function.

(a)

(b)

Figure 2.17 (a) 3D plot showing the difference between SURFmod and SURForg. The SURFmod surface was then used
alternatively (to SURForg) as a covariate for the TS interpolation (TSPmod) and the hydrological model was forced
with the resulting daily TSPmod fields. (b) The correction factor grid that was used to generate SURFmod. The
correction grid results from the bivariate thin‐plate spline interpolation of the subcatchment based correction
factors shown in Table 2.7. The factors are highest for the upper Dart River (The Hillocks) and lowest for the
Shotover (Bowens Peak). For the Shotover the elevation dependent reduction of precipitation is reflected by the
DEM pattern visible in the factor grid.

As shown in Figure 2.16b (red font) the use of SURFmod as a covariate in the TS
interpolation (TSPmod) led to a much more realistic simulation of Q. The most obvious
change in SURFmod compared to SURForg is the reduction of precipitation in the upper
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Shotover (Figure 2.17a), where the leeward extension of the high precipitation zone from
the main divide has been substantially reduced, eliminating the dramatic overestimation
of Q. The stopping criterion of the iterative adjustment of SURForg was also satisfied for
the remaining subcatchments (with 20‐year records) where the biases remained within
±5%.

2.3.4.2. A point based validation using the independent Brewster record
When compared to the original Brewster data, TSPmod shows a positive bias of 2.6 mm,
which corresponds to 21% of the mean daily precipitation. The correlation between
TSPmod and the Brewster record is better for monthly aggregated values (r2 of 0.86) than
for daily data (r2 of 0.75). On the monthly scale, both the RMSE and MAE follow a similar
seasonal pattern with the lowest errors in April and the highest in December (Figure
2.18). The monthly bias pattern is comparable, but has the smallest bias in February. As
TSPmod was generated with undercatch corrected precipitation records, an undercatch
corrected version of the original Brewster data set was produced (Brewsteruc). The same
approach was followed as described in Section 2.3.3.2, but wind speed and mean air
temperature measured at the Brewster site, opposed to data extracted from the
corresponding fields, were taken as input to Equation (2.5). The re‐evaluation of TSPmod
with Brewsteruc, which has an 18% higher mean daily precipitation than the raw Brewster
record, resulted in a substantial reduction of the annual bias from 21 to 3%. The monthly
RMSE and MAE values are comparable to the original validation, although they become
substantially larger in May.
Table 2.8. Selected error measures (mean bias, RMSE and MAE) and r2 values of TSPmod when compared against
the original Brewster record (Brewster) and the undercatch corrected record (Brewsteruc). The same validation
was repeated for a TSPmod version for which the record of P‐O1 was withheld.
BIAS

RMSE

MAE

r2

r2mo

TSPmod‐Brewster

2.60

14.52

7.51

0.75

0.86

TSPmod‐ Brewsteruc

0.43

15.12

7.56

0.74

0.85

TSPmod (no P‐O1)‐ Brewster

‐0.05

21.14

11.03

0.38

0.71

TSPmod (no P‐O1)‐ Brewsteruc

‐2.22

23.81

12.24

0.37

0.71
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As explained in Section 2.3.3.1 the record at P‐O1 constitutes the only data set in close
proximity to the main divide. It was considered an invaluable data source and the record
was therefore extended outside the recording period using two regression models. To test
the influence of the P‐O1 record on the accuracy of TSPmod in the area of the main divide,
an alternative version of TSPmod, was generated where P‐O1 was excluded from the
interpolation, referred to as TSPmod (no P‐O1). When validated with the standard Brewster
record the bias is almost zero (‐0.05 mm), while this value becomes more negative when
using Brewsteruc as a validation source (Table 2.8). In regard to RMSE and MAE, both error
measures are higher for TSPmod (no P‐O1) indicating a substantial decrease in accuracy at
the Brewster site. A lower coefficient of determination further confirms the negative
impact on the accuracy, which is especially pronounced at the daily scale (r2 is reduced by
0.37).

Figure 2.18 Selected error measures (mean bias, MAE and RMSE) for monthly precipitation between TSPmod and
the record at Brewster glacier (25/6/2010 ‐ 31/12/2012). The errors are also shown for the undercatch corrected
Brewster record (uc).

2.3.4.3. The modelled annual precipitation
The mean annual precipitation (1992‐2012; hydrological years) based on the daily TSPmod
fields is depicted in Figure 2.19. Most of the Clutha catchment has annual precipitation
amounts of less than 1000 mm with the driest areas in the centre receiving less than 500
mm per year. At an approximate distance of 40 km from the main divide, annual totals
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exceed the catchment average (1415 mm; see dashed contour line) and increase rapidly
until reaching 4000 mm between 2 and 10 km from the main divide. The highest
precipitation totals ranging from 4000 mm to 10000 mm (exceeding 10000 mm in
isolated cells) are found within that remaining narrow zone.

Figure 2.19 Mean annual precipitation classes (mm) in the Clutha watershed based on the daily TSPmod fields
during the 20‐year period 1/4/1992‐31/3/2012. The dashed line represents the 1415 mm isohyet, which
corresponds to the mean precipitation of the catchment during that period.

2.3.5. Discussion
Emanating from the results presented in the previous section (2.3.4) the generated daily
precipitation grids are considered to be representative estimates of the actual spatial
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distribution inside the Clutha watershed. The fields allowed for a realistic simulation of
the long‐term (20 hydrological years) water balance and were found (using the
independent Brewster record) to possess relatively low errors in the heavy precipitation
area along the main divide.
Before the interpolation of the station data, an undercatch correction, using the spatial
estimates of mean air temperature and wind speed at the corresponding grid cells, was
performed. This was deemed necessary as undercatch is a known problem of point based
precipitation measurements that has been reported in many studies (Yang et al., 1998;
Mekis and Hogg, 1999) around the planet. In the Pukaki basin with a comparable, albeit
greater, precipitation gradient (710 – 13200 mm) the error induced by undercatch was
quantified to be 17% (Kerr et al., 2011), which is very similar to the undercatch estimate
found at Brewster AWS (18%) that was described in Section 2.3.4.2.
The interpolation technique that was used to generate the daily precipitation fields
follows up on existing studies that have used thin‐plate spline interpolation for generating
precipitation estimates in New Zealand (Tait et al., 2006; Sirguey, 2009). These studies
showed that a trivariate thin‐plate spline using SURForg as a covariate resulted in the best
accuracy and outperformed alternative approaches such as a bivariate spline or a
trivariate spline with elevation as a covariate. In this study, SURForg required further
modification in order to allow for a realistic simulation of the water balance. The major
modifications involved a reduction of orographic precipitation in the Shotover River, an
increase of precipitation in the spillover zone of the Dart River and a decrease of
precipitation in the remaining tributaries of Lake Wakatipu. Further adjustments were
made by reducing precipitation in the Nevis and increasing precipitation in the upper
Lindis. These modifications were considered justifiable as the construction of SURForg
involved expert interpolation for locations where no observations were available (Tait et
al., 2006).
It should be noted that any potential errors associated with modelled ET would have
introduced some uncertainty to the error assessment of modelled Q. While the
uncertainty in the modelled ET water balance term could not be quantified, it is assumed
to only have a minor impact on the assessment of precipitation in the heavy rainfall parts
of the upper catchment. However, inaccuracies linked to modelled ET could be more
important in the central parts of the catchment (i.e. Nevis and Lindis). Despite these
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uncertainties and the use of an uncalibrated version of the hydrological model, the water
balance modelling strongly suggested that the annual precipitation amounts of SURForg
were inconsistent with the observed river flow of the affected subcatchments.
The use of a correction factor grid was found to be a pragmatic and effective means to
reduce errors in SURForg and helped to generate an improved covariate for the TS. As
depicted in Figure 2.17b, the correction grid shows strong contrasts between some of the
bordering subcatchments. In the upper Dart River (The Hillocks) precipitation needed to
be increased (by up to 15%), while in the upper Shotover the reduction ranged between
‐30 and ‐50%. These sharp contrasts and the relatively high correction factors that were
required to reduce the water balance error, could be indicative of the following physical
processes. First, precipitation in the north‐western part of the upper catchment is likely
to be higher than believed, which could be explained by a particularly strong orographic
uplift in this area and a resulting intensification in spillover precipitation. Second, the
elevation of the terrain on the leeward side of the divide seems to have a substantially
smaller effect on the precipitation intensity as indicated by SURForg (i.e. for the Shotover
watershed). A similar effect could have caused the countering errors in the Wakatipu
subcatchment. In this subcatchment precipitation needed to be increased in the northern
headwaters (error at The Hillocks of ‐5%), while the error computed at Frankton (8%)
required a reduction in precipitation. The lack of rain gauges in the eastern parts of the
Wakatipu basin means that SURForg in this area had to be based on expert knowledge,
which could explain the overestimation of precipitation.
Sirguey (2009) identified similar discrepancies in SURForg for the Waitaki catchment,
where SURForg showed substantial deviances from the area weighted annual precipitation
(as targeted by a 12‐year water balance) in the subcatchments Lake Pukaki (26%), Lake
Ohau (‐11%) and Lake Tekapo (‐9%). Considering the extreme precipitation gradients of
the upper Waitaki and Clutha catchments, combined with relatively sparse station
networks, it is not surprising that an expert guided interpolation of ungauged valleys and
ridge zones can lead to biased estimates of annual precipitation. Thus, a water balance
validation approach using flow records supplemented with estimates of ET (Sirguey,
2009) or modelled ET (Tait et al., 2006; this study) can be a useful means to reduce errors
in estimates of catchment precipitation.
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Here, the TS with the adjusted surface (SURFmod) as a covariate allowed precipitation in
the inspected subcatchments of the upper Clutha to be successfully modelled and also led
to a realistic simulation of the water balance (Figure 2.16b). In addition to the water
balance based validation, a point based validation at Brewster AWS located on the south‐
western side of the main divide was conducted. The RMSE for daily precipitation was
found to be 14.5 mm, which is relatively small considering an approximate mean annual
precipitation of 6000 mm at the site (Cullen and Conway, 2015). In the Waitaki catchment,
Sirguey (2009) calculated an overall RMSE of 8.8 mm for daily precipitation fields
(generated by the same TS) using cross‐validation. To make the results of Sirguey (2009)
more comparable with the error found at Brewster, only the sites with a similar annual
precipitation were considered. The RMSE values for these sites correspond to
approximately 12 and 17 mm, and are thus comparable to the error found in this study
(14.5 mm). Although the error found at Brewster is acceptable, it needs to be
acknowledged that this singular site is not necessarily representative of the potential
errors found in other parts of the catchment.
The monthly validation at the Brewster site revealed an interesting effect in May. Between
December and April, the RMSE of the daily fields based on either Brewster or Brewsteruc
(undercatch corrected record) showed only small differences. However, in May the RMSE
became substantially larger when the fields were validated against Brewsteruc. A potential
explanation for this effect lies in the different climate data that were used for the
undercatch correction of the interpolation sites and for Brewsteruc, respectively. For
Brewsteruc the actual data of the AWS were used, while the records that served as input
to the interpolation were undercatch corrected using the generated air temperature fields
(Section 2.2) and wind speed fields (Section 2.4). As both of these fields are only estimates,
they may have induced errors into the undercatch correction of the interpolation sites.
Further, the undercatch correction term increases for solid precipitation (Equation 2.5),
which becomes more frequent during May. Thus, the higher RMSE when using Brewsteruc
as validation source, is likely caused by inaccuracies in the auxiliary variables (fields of
air temperature and wind speed) that were used for the undercatch correction of the
interpolation sites.
In this study, the importance of rainfall gauges located in the extreme precipitation zone
downwind from the main divide was exemplified for the P‐O1 record. By excluding P‐O1,
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the RMSE of the interpolated daily fields at Brewster AWS increased by 46%. The
importance of station density has been shown previously in other alpine areas including
the study of Dorninger et al. (2008) that was conducted in the domain of the Austrian Alps.
While a lower station density was found to be sufficient to assess mean areal precipitation
at the regional scale (170 000 km2), a higher station density was essential to produce
realistic estimates of areal precipitation at the smaller scale (1500 km2).

Figure 2.20 Mean annual precipitation (1951‐80) at the Milford trans‐alpine profile as presented by Henderson
and Thompson (1999). The highest total was measured during a one year operation period at the Poseidon site,
located 10 km to the north‐west of the Milford site.

Few studies have investigated the spatial distribution of precipitation in the domain of
the Clutha catchment, which makes this work an important contribution. Henderson and
Thompson (1999) presented precipitation normals (1951‐80) for a transactional zone
covering most of the Clutha catchment (“Milford trans‐alpine profile”, Figure 2.20). The
only mutual station that was used here and by Henderson and Thompson (1999) is
Milford (P‐N3). The station recorded similar annual totals during both time periods,
which would suggest comparable trans‐alpine precipitation profiles. In the transect of
Henderson and Thompson (1999) the highest annual total (> 12000 mm) was measured
during a 12‐months period at the Poseidon station, located 10 km westwards from
Milford. In their trans‐alpine profile, precipitation totals then decrease monotonically to
Milford and continue to drop at sites south‐eastwards. When compared to SURForg (Figure
2.15) and the spatial estimates of precipitation generated in this study (Figure 2.19), the
transect as shown in Henderson and Thompson (1999) ignores the heavy precipitation
area along the main divide, which shows totals in a similar range as measured at the
Poseidon site. Consequently, a representative scheme of the trans alpine (northwest →
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southeast) precipitation profile between Milford and the central Clutha catchment should
contain a first peak (caused by orographic uplift at the ranges seaward of Milford) as
shown by Henderson and Thompson (1999), followed by a second peak located upwind
from the main divide and extending leeward into the Clutha catchment. It is also expected
that this second maximum could take on a plateau like shape rather than a narrow
uprising for parts of the main divide where mountain ranges succeed each other at a
relatively small horizontal distance. This distribution is found in both surfaces SURForg
and SURFmod, however additional precipitation measurements in this zone would be
required to confirm that.
Within the Clutha catchment the daily fields generated here are considered an
improvement over the existing VCSN product (Tait et al., 2006). As described in Tait et al.
(2006) the use of SURForg outperformed the use of elevation as a covariate in the TS, which
was shown by conducting a water balance validation. However, Tait et al. (2006) found
that the remaining errors, when using the TS with SURForg, were still substantial for parts
of the Southern Alps ranging from ‐10 to ‐50% in the upper Clutha. Interestingly, these
errors are significantly larger than the results found here when using the TS with SURForg
(West Wanaka ‐3% and The Hillocks ‐5%). This can be explained by the undercatch
correction that was only applied in this study and which has likely resulted in a substantial
reduction of an otherwise comparable negative bias. In this context, the artificially
extended P‐O1 would also have caused a reduction of the negative bias, mainly due to its
location in the spillover zone.
Some of the inaccuracies in the VCSN product were revealed by Tait et al. (2012) using
independent regional council data. With the additional precipitation records, Tait et al.
(2012) conducted a bias correction (regression model approach) of the VCSN product,
which led to an approximate 50% reduction in the model error (New Zealand wide). At
elevations above 500m, the MAE of the improved VCSN product ranged between 5 and 15
mm. In this study, the MAE at the alpine Brewster site (1640m) is comparatively low (7.5
mm; Table 2.8) and the water balance errors are also substantially reduced compared to
the VCSN (Tait et al., 2006). Because of data sharing difficulties (Tait et al., 2012), at this
point, the original VCSN (Tait et al., 2006) is still used as the operational product, which
makes the daily precipitation fields of this study a valuable data source for environmental
modelling studies focusing on the Clutha domain. Future work could involve the use of a
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short term (≥ 1 year) flow network (not as prone to measurement errors as rain gauges)
situated in the spillover zone of the catchment, which could help to further explore
potential errors in modelled precipitation inside the heavy rainfall zone. Further (as
mentioned by Tait et al., 2012), precipitation normal surfaces could be specifically
developed for certain synoptic patters, which could allow the actual precipitation
distribution to be modelled more realistically.

2.3.6. Summary
The methodologies that are presented in this section were constructed with the aim of
producing realistic spatial estimates of daily precipitation for the Clutha catchment. The
key processing steps of the approach can be summarised as follows. First, a correction of
wind‐induced undercatch was conducted using interpolated fields of air temperature and
wind speed. After correcting the precipitation records, the 30‐year rainfall normal
surface, which served as a covariate in the TS interpolation, was iteratively adjusted until
the water balance error fulfilled the predefined mass criterion (< ±5%). The long‐term
water balance error (Qerr) resulting from a preliminary version of WaSiM, was attributed
to precipitation, assuming a realistic approximation of ET by WaSiM (fully parameterised
but uncalibrated).
In addition, the performance of the daily fields was investigated with the independent
Brewster record. The point based (western side of the main divide) validation further
substantiated the validity of the fields with a relatively low RMSE and bias (assuming the
estimate of undercatch was correct). It was also demonstrated that the inclusion of
records stemming from sites located in close proximity to the main divide can lead to
dramatic increases in the accuracy of the interpolated fields. This was observed for the P‐
O1 record, which was therefore extended throughout the remaining time of the study
period using two linear regression models. Considering the results from the two
independent validation steps, the daily 1 km2 fields constitute an improvement over the
VCSN product and were rated as sufficiently accurate for the two main purposes, which
are providing realistic input for the hydrological model (Chapter 3), and serving as a
robust reference product for the bias correction and downscaling of climate model
simulations (Chapter 4).
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2.4. Producing spatial estimates of wind speed, relative humidity and
solar radiation
2.4.1. Introduction
In humid mountainous catchments precipitation and air temperature are considered to
be the most important climate variables to inform hydrological models (Akhtar et al.,
2009). The upper part of the Clutha catchment was shown to receive very high annual
precipitation totals (Section 2.3) and thus falls under this category. In drier climates (e.g.
the central Clutha basin) the term of evapotranspiration becomes increasingly important,
which in addition to air temperature is also controlled by solar radiation, relative
humidity and wind speed (Allen et al., 1990). The physically based Penman‐Monteith
method, that was used to model evapotranspiration as part of the hydrological modelling
approach described in Chapter 3, requires all four parameters as input. As the processes
controlling air temperature have been presented in Section 2.2, this section introduces
the three remaining variables wind speed, relative humidity and solar radiation.
In the domain of the South Island the interaction of the circumpolar westerly windbelt
and the complex terrain of the Southern Alps is the driving mechanism for both regional
and local wind patterns. While these strong synoptic winds dominate the airflow across
the South Island, local wind systems such as katabatic winds can occur in inland areas
(Sturman et al., 1999). Strong Föhn winds occur regularly under west to north‐west flow
conditions and can cause wind speeds as strong as 195 km h‐1 over the inland plains (Reid
and Turner, 1997). Techniques used for the interpolation of wind speed involve inverse
distance weighting (Cellura et al., 2008), universal kriging (Cellura et al., 2008) and
downscaling from an atmospheric model (Bernhardt et al., 2009).
The relative humidity of a parcel of air determines how much additional moisture can be
absorbed and has an important role for several climatological and hydrological processes.
The relationship between relative humidity and elevation is nonlinear and can be derived
from the meteorological variables dew point temperature, temperature and pressure
(Marke, 2008). In the New Zealand domain, it was found that relative humidity has a
significant positive relationship with precipitation totals and spillover precipitation
during typical westerly storm events (Wratt et al., 2000). Relative humidity has also been
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used as an indicator for air mass changes in the region of the Southern Alps (Sturman et
al., 1990).
The incoming global solar radiation at a given location is typically influenced by the
degree of cloud cover, seasonality, the geographical latitude and the local topography. In
theory, solar radiation has a positive correlation with elevation due to a reduction in
absorption and scattering. Global radiation is partitioned into direct and diffuse
shortwave radiation (with the latter comprising what is scattered by the air mass of the
atmosphere). Different techniques have been used to produce spatial estimates of global
radiation, including the use of artificial neural networks (Bosch et al., 2008), sunshine
based regression models (Duzen and Aydin, 2012) and empirical models based on air
temperature (Fletcher and Moot, 2007).
It needs to be noted that the paucity of climate stations measuring these variables inside
the study domain, has considerable limitations on applying certain interpolation
techniques and the quality of the resulting fields. In this study, the relative humidity and
solar radiation fields are essentially based on the corresponding VCSN products.
Regarding wind speed, sufficient station records were available to generate a new
product. After introducing the data sources that were required for the interpolation
(Section 2.4.2), the adopted techniques are briefly presented (Section 2.4.3). Finally, the
generated fields of the three variables are shown and their accuracy is assessed using the
independent Brewster record (Section 2.4.4).

2.4.2. Data sources
The VCSN data for solar radiation and relative humidity were obtained from NIWA with
the records covering the entire 20‐year model period (Figure 2.21a). The VCSN data for
wind speed only start in 1997 and do not cover the entire model period used in this study.
It was therefore decided to generate a new product at 1 km2 resolution, using one
consistent method rather than extending the VCSN. All wind data were obtained from
NIWA and can be accessed online via the CliFlo1 database. A total of 28 stations with
variable time periods served as input to a trivariate thin‐plate spline (TS), which is based

1

http://cliflo.niwa.co.nz/, last retrieved in December 2016
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on longitude, latitude and elevation. The station network (Figure 2.21b; Table 2.9) has
variable record lengths and the instrument heights vary between 4 and 12m above
ground level. As already stated for the temperature and precipitation networks, most sites
are located at low elevations (< 500m) with only 6 stations at higher elevations. In
addition, most of the wind records are short and only 7 records cover the entire model
period.
(a)

(b)

Figure 2.21 (a) the VCSN grid points (used for relative humidity and solar radiation) with the corresponding DEM
and (b) the network of weather stations used for the interpolation of daily wind speed. The Brewster site, which
was used as part of the independent validation, is also shown.
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Table 2.9. NIWA sites recording wind speed in the study domain between 1/1/1990 and 31/12/2012.

Station
Milford Sound
Milford Sound Aws
Haast Aws
Gore Aws
Alexandra Cws
Alexandra
Roxburgh Wxt Aws
Clyde 2 Ews
Clyde Ews
Lumsden Aws
Middlemarch Ews
Cromwell Ews
Rock And Pillar Raws
Wanaka Airport
Queenstown Aero
Wanaka Aero Aws
Queenstown Aero Aws
Eglinton, Knobs Flat Cws
Lauder Ews
Ranfurly Ews
Pukaki Aerodrome Aws
Tara Hills Aws
St Bathans, Post Office
St Bathans 3
Deep Stream (Doc)
Takahe Valley Cws

ID

Elevation (m)

W‐N1
W‐N2
W‐N3
W‐N4
W‐N5
W‐N6
W‐N7
W‐N8
W‐N9
W‐N10
W‐N11
W‐N12
W‐N13
W‐N14
W‐N15
W‐N16
W‐N17
W‐N18
W‐N19
W‐N20
W‐N21
W‐N22
W‐N23
W‐N24
W‐N25
W‐N26

3
3
5
123
140
150
160
170
171
187
213
213
270
348
349
352
354
365
375
450
473
488
585
640
700
895

Instrument
height
12
10
10
6
4
10
7
10
10
10
10
6.5
10
10
10
10
10
2.5
10
10
10
10
10
10
10
2.5

Start date

End date

01‐Jan‐1990
03‐Jul‐2000
19‐Jan‐1990
01‐Jan‐1990
18‐Nov‐2008
01‐Jan‐1990
13‐May‐2010
25‐May‐2011
15‐Jun‐1996
01‐Jan‐1990
31‐Aug‐2000
06‐Apr‐2006
22‐Jul‐2003
16‐Jul‐2004
01‐Jan‐1990
05‐May‐1992
01‐Jan‐1990
13‐Aug‐2009
01‐Jan‐1990
22‐Nov‐2000
14‐Dec‐2008
09‐Jan‐1990
06‐May‐2000
08‐Aug‐1992
22‐Jul‐2003
15‐May‐2009

31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
30‐Dec‐2010
31‐Dec‐2012
31‐Dec‐2012
11‐Oct‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
15‐Nov‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
31‐Dec‐2012
14‐Nov‐2010
26‐Feb‐1999
07‐Jul‐2006
31‐Dec‐2012

2.4.3. Methods
2.4.3.1. Interpolation of relative humidity and solar radiation
Due to the very limited number of sites inside the study domain recording either of the
two variables (relative humidity and solar radiation), it was decided to downscale the
VCSN data from the ∼5 km VCSN grid to 1 km. The approach used for the VCSN relative
humidity data is based on a TS with a 30‐year rainfall normal surface (see Section 2.3.3.3)
as a covariate (A. Tait, NIWA, personal communication). The VCSN’s solar radiation fields
were also generated by a TS using a cloud cover grid as a covariate (Tait and Liley, 2009).
The VCSN data were projected from the WGS84 grid to the Mercator grid (NZTM2000)
and downscaled to the 1 km destination grid using cubic interpolation.
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2.4.3.2. Interpolation of wind speed
In the following section, the interpolation method for wind speed is presented. Due to the
variable height of the instruments (4 to 12m) the individual records were first corrected
down to the same base height of 2m above ground level using a logarithmic wind profile
as presented by Sevruk (1985) (Equation 2.7). The roughness length was set to 0.03m
following up on the study by Kerr (2009), which was conducted in a catchment with
similar surface characteristics (Lake Pukaki). The corrected measurements provided
input to a TS based on longitude, latitude and elevation, resulting in daily spatial estimates
of wind speed at a resolution of 1 km.
ln /
ln /
where: U(h)

estimated wind speed (m s‐1) at 2m above ground level, h (m)

U(H)

observed wind speed (m s‐1) at the anemometer height, H (m)

z0

is the roughness length (m)

(2.7)

2.4.3.3. Validation of the fields (wind speed, relative humidity and solar radiation) using
independent data from the AWS at Brewster glacier
To allow for an independent validation of the climate fields, hourly data recorded at the
Brewster AWS were used (Figure 2.21b). The hourly data were averaged on a daily basis
for the three variables between 25/6/2010 and 31/12/2012.

2.4.4. Results
The patterns of the spatial fields (overall daily mean) reflect their underlying
interpolation approaches. Regarding wind speed, the TS based on the 1 km DEM resulted
in a strong elevation dependence of the wind field (Figure 2.22). The lowest long‐term
mean daily wind speeds were modelled in the central part of the catchment with values
as low as 0.31 m s‐1. Highest wind speeds (> 3.90 m s‐1) were estimated to occur on the
mountain ranges in the north‐western half of the upper catchment.
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Figure 2.22 Mean daily wind speed over the 20‐year period 1/4/1992 – 31/3/2012.

In regard to the interpolated VCSN products, incoming solar radiation is highest in the
central part of the upper Clutha (Figure 2.23a). Given the low number of sites measuring
solar radiation that were included in the interpolation (Tait and Liley, 2009), the spatial
pattern is dominated by the satellite cloud cover map that was used as a covariate in the
TS interpolation. Regarding relative humidity (Figure 2.23b), the pattern reflects the 30‐
year rainfall normal surface (Figure 2.15) that was used as a covariate in the interpolation
(A. Tait, NIWA, personal communication). Consequently, relative humidity values are
highest in proximity to the west coast and lowest in the low rainfall areas in the semi‐arid
central catchment. As shown in Section 2.3.4.1, the original precipitation surface was
found to have biases in certain parts of the upper Clutha. Consequently, these errors could
also have propagated into the relative humidity fields of the VCSN. Despite these potential
errors the original surface is still assumed to offer realistic estimates of relative humidity
for most parts of the catchment. However, independent records would be required in
other parts of the catchment to assess the accuracy of the relative humidity fields.
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(b)

(a)

Figure 2.23 Mean daily (1/4/1992 – 31/3/2012) fields of (a) global radiation and (b) relative humidity. The 1 km
fields are based on a cubic interpolation of the corresponding VCSN products.

The 2.5‐year Brewster record allowed an independent assessment of the three
meteorological fields to be made (Table 2.10). Compared to the results presented for air
temperature and precipitation the validation of the three variables (wind speed, relative
humidity and solar radiation), revealed a substantially lower accuracy. The mean relative
biases are low for wind speed (‐1.9%) and relative humidity (3.5%), while remaining
acceptable for solar radiation (11.1%). RMSE and MAE values are high for all variables,
indicating large errors at the Brewster site.
Table 2.10. Validation of the generated fields using the corresponding independent records of Brewster AWS
(25/6/2010 ‐ 31/12/2012).
Variable
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Unit

BIAS

RMSE

MAE

s‐1

‐0.06

3.39

2.63

2.72

19.50

14.93

394.10

1453.40

944.24

Wind speed

m

Relative humidity

%

Global radiation

Wh m‐2
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2.4.5. Discussion
The validation of the interpolated VCSN relative humidity product with the Brewster
record revealed a moderate overestimation of the overall mean (25/6/2010 ‐
31/12/2012). As relative humidity is dependent on temperature, the elevation difference
between the nearest (226m higher) VCSN site and the Brewster site likely explains some
of the positive bias. Regarding daily values, the high RMSE value depicts substantial
inaccuracies in the relative humidity product. Certainly, a main contribution to the error
is the lack of relative humidity records along the main divide. Future work could explore
alternative interpolation methods and test the potential of incorporating other variables
such as temperature or elevation.
The wind fields that were generated in this study only had a small negative bias when
compared to the mean daily wind speed at Brewster. However, large inaccuracies were
found at the daily timescale (RMSE of 3.39 m s‐1). The findings align with results from
Moore (1983), where wind speeds measured at two sites (located within approximately
30 km) in the Waimakariri catchment showed no reliable relationship. RMSE values in
studies outside of New Zealand were found to be both lower (1.5 – 2.0 m s‐1) (Luo et al.,
2008) or in a similar range (3.1 – 5.7 m s‐1) (Al‐Deen et al., 2006). As stated by Etienne et
al. (2010) the interaction between complex terrain and wind within the atmospheric
boundary layer, leads to a very strong spatial variability and the formation of local wind
zones. Thus, wind speeds can differ greatly between ridges and valleys, but also between
neighbouring valleys. At the local scale, processes that further increase the spatial
variability of wind flow, include thermal circulations and the effect of topographic
channelling (Etienne et al., 2010). Based on the complexity inherent to the factors and
processes affecting wind flow in alpine regions, rather complex approaches have been
developed to produce realistic wind fields. As described in Schaffner et al. (2006)
interpolated station records require further correction considering amongst other
parameters the width of valleys, terrain inclination as well as the effect of ridges and
canyons. Consequently, to reduce the error of the wind field generated in this study, future
studies need to incorporate the effects of the local topography in the interpolation
approach. As demonstrated by González‐Longatt et al. (2015) realistic estimates of wind
speed can be generated by including an orographic correction in the interpolation
approach. Their approach is based on the principle of conservation of mass and
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momentum, and considers the slope of the terrain. A similar approach could be adopted
for the Clutha catchment to account for the large variation of terrain slope and its effect
on wind speed.
Considering that solar radiation in complex terrain is influenced by the season dependent
position of the sun as well as local topographic effects like shading (Scheifinger and
Kromp‐Kolb, 2000), the interpolated VCSN product, which has not been adjusted for
topographic effects, was expected to have biases in the mountainous parts of the
catchment. Consequently, the relatively large RMSE value at the Brewster site, which is
located on a southerly aspect, can partly be explained by the lack of topographic
adjustment. The validation of the original VCSN solar radiation data set (Tait and Liley,
2009), where 20 independent sites across New Zealand were used, revealed a
pronounced monthly cycle in the RMSE with highest values in summer (4 MJ m‐2 d‐1) and
lowest in winter (1.5 MJ m‐2 d‐1). For comparison, here the RMSE at Brewster varied
between 1.35 MJ m‐2 d‐1 in July and 9.62 MJ m‐2 d‐1 in March, revealing larger errors during
summer as found by Tait and Liley (2009). A potential explanation is that the validation
performed by Tait and Liley (2009) is predominantly based on low elevation sites (all
sites < 1000m), while solar radiation at the alpine Brewster AWS (1650m) is more
strongly influenced by the surrounding terrain as well as location specific parameters
such as slope and aspect. Future work could involve a correction scheme as proposed by
Oke (1987), which considers slope and aspect, as well as the seasonal zenith angle. As
presented in Tian et al. (2001) considering these additional variables can be an effective
way to improve the estimate of solar radiation on any sloping surface.
After discussing the accuracy and quality of the generated fields the implications on the
hydrological model need to be considered. As mentioned in the introduction (2.4.1), most
of the hydrological processes in alpine catchments (i.e. Clutha) are predominantly
controlled by temperature and precipitation (Akhtar et al., 2009). These two variables are
also the sole meteorological drivers of most of the hydrological model routines (see
Section 3.3 for WaSiM routines). However, in addition to air temperature the
evapotranspiration routine (Penman‐Monteith; Equation 3.1) requires the remaining
three variables as input. While wind speed and relative humidity typically have a weaker
control (compared to air temperature) on modelled evapotranspiration, solar radiation
was found to be associated with a high sensitivity (Mylevaganam and Ray, 2016). Thus,
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errors in the solar radiation fields could propagate into the calculation of
evapotranspiration, which would then lead to inaccuracies in the modelled water balance
and eventually modelled streamflow. Consequently, any improvement in the solar
radiation product (i.e. due to topographic correction) would also have a positive impact
on the modelling of evapotranspiration.
In this context, it should be noted that the relative importance of evapotranspiration
varies considerably throughout the catchment. Opposed to the high precipitation areas in
the upper catchment, evapotranspiration is expected to have a stronger effect on
(amongst other processes) runoff generation in the central and lower elevation areas of
the catchment. Consequently, realistic estimates of solar radiation would be especially
important in these areas. While Tait and Liley (2009) pointed out that the VCSN solar
radiation product should be used with caution in high elevation areas, they also revealed
that at lower elevations and particularly throughout the growing season (October‐April)
errors were within an acceptable range (±18‐20%). Further, the true errors are likely
lower because a considerable number of climate stations were withheld as part of the
validation (Tait and Liley, 2009). Thus, despite the inaccuracies found in this study (at the
alpine Brewster site), the fields are expected to possess a sufficient quality in those parts
of the catchment where the hydrological model (i.e. evapotranspiration) sensitivity to
solar radiation is strongest.
The accuracies of the humidity and wind speed products are also thought to be higher in
the central and lower parts of the Clutha, as most of the weather station network is located
in these areas (as shown for wind speed in Figure 2.21b). After taking all of the above into
consideration the three products are thought to possess an acceptable quality to be used
as part of the subsequent hydrological modelling study.

2.4.6. Summary
Despite the relatively large errors found when validating the daily fields (wind speed,
relative humidity and solar radiation) at the Brewster AWS, the fields are expected to have
a better accuracy inside the catchment where the station density is higher. The Brewster
record has proven to be an indispensable validation source as it allowed an independent
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assessment of the interpolated (cubic) VCSN data and the generated daily wind fields to
be made. The results suggest that in order to produce spatial estimates with a higher
accuracy, the sparse station network needs to be extended in the complex terrain
surrounding the main divide. Additionally, alternative interpolation methods should be
explored or the fields presented here could be further corrected for topographic effects.

2.5. Chapter summary
The purpose of this chapter has been to generate daily spatial estimates for the five
meteorological fields (air temperature, precipitation, wind speed, solar radiation and
relative humidity) that were subsequently used to force the hydrological model
(Chapter 3), as well as to bias correct and downscale RCM data (Chapter 4).
Regarding air temperature, Tmax and Tmin were treated separately to account for the
different processes governing both variables. Monthly Tmax lapse rates followed a
distinct spatial pattern and were found to be substantially steeper (shallower) inland (in
proximity to the west coast), while Tmin rates were strongly influenced by cold air pooling
and inversions. To maximise the use of the long‐term low elevation temperature network,
a trivariate thin‐plate spline (TS) was combined with two different lapse rate models, for
Tmax and Tmin, respectively. The daily data of the long‐term stations were interpolated
with an elevation‐based TS that was constrained to the elevation of the stations. Air
temperature (Tmax and Tmin) above this layer was then scaled with the corresponding
lapse rate model. For Tmax, monthly lapse rate grids were used that reflect the linear
relationship between relative humidity and lapse rates. Regarding Tmin, a multilayer
inversion model was developed that encompasses an inversion layer with a variable
lower and constant upper boundary, while negative monthly lapse rates are effective in
the uppermost layer. The validation using independent temperature records revealed
that the spatial interpolations of Tmax (RMSE of 2.38) constitute a substantial
improvement over the existing VCSN product. For Tmin, the mean error (RMSE of 2.93)
did not show an improvement over the VCSN, however RMSE values based on the Tmin
fields of this study were still lower at the majority of the validation sites (including the
low to medium elevation sites located in the inversion zone).
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For the daily precipitation fields, a TS based on a 30‐year rainfall normal surface (SURForg;
Tait et al., 2006) was run. The precipitation records that were used in the interpolation
were corrected for wind‐induced undercatch using the empirical approach presented by
Yang et al. (1998). The water balance validation of the fields based on SURForg revealed
substantial biases in several subcatchments of the upper Clutha. SURForg was therefore
adjusted with a correction factor grid and the TS was rerun. The re‐evaluation of the water
balance error showed a highly successful reduction in all corrected subcatchments with
remaining annual mean biases ranging between ‐4 and 4% for the 20‐year model period.
A validation based on the high elevation Brewster record indicated a sufficient accuracy
(r2 of 0.75 and RMSE of 14.5 mm) given the high annual precipitation totals (~ 6000 mm).
As discussed in Section 2.3.5, the precipitation fields constitute an improvement over the
existing VCSN product within the domain of the Clutha catchment, and could be of use for
future environmental modelling studies.
Regarding the three remaining variables, the corresponding networks were found to
possess an especially low station density. For wind speed, a sufficient number of sites
were available in the broader domain and it was decided to use an elevation‐based TS. In
regard to relative humidity and solar radiation, the number of available records located
in the Clutha domain were too low to assure a robust interpolation. It was thus decided to
use the corresponding VCSN products, which were interpolated (using cubic
interpolation) from the coarser VCSN grid (~ 5 km) to the finer grid (1 km) of this study.
The validation using the independent Brewster record resulted in acceptable mean biases
for wind speed (‐1.9%), relative humidity (3.5%), and a larger bias for solar radiation
(11.1%). The RMSE values for the three variables were relatively large and the fields
should undergo further work in the future. However, errors in the central and lower
catchment are thought to be smaller than the errors found at the alpine validation site,
due to a higher station density.
In the context of hydrological modelling, the three fields provide input to the
evapotranspiration routine. Due to the climatic characteristics of the catchment the
evapotranspiration term is more important in these central areas, where the fields can be
expected to have a higher quality (Tait and Liley, 2009). In the wider context of this study,
the fields were assumed to resolve the general spatial patterns over the catchment with a
sufficient level of accuracy.
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Summing up, the meteorological fields that were presented in this chapter, constitute an
improvement over existing data sets (excluding the directly adopted radiation and
humidity fields) and despite some remaining inaccuracies are thought to provide a robust
basis for the hydrological model (Chapter 3) and processing of Regional Climate Model
data (Chapter 4). It can be concluded that the first objective of this study has been
completed successfully.
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Chapter
Chapter33–‐ The
The hydrological
hydrological model
model
3.1. Introduction
This chapter presents the implementation of the grid based Water flow and balance
Simulation Model, WaSiM (Schulla, 2012), for the Clutha catchment, and therefore tackles
the second objective of this thesis. While the model will be ultimately used as a climate
change impact tool (Chapter 5), its performance under observed climate conditions must
be evaluated first. This chapter covers the parameterisation and calibration of the model,
as well as its application during the historic period (1/4/1992‐31/3/2012). After the
implementation, the model is used to describe the driving hydrological processes and to
quantify the natural storages. As parts of the Clutha catchment are under intensive water
management, the major management components are also accounted for in the modelling
approach. The latter is thought to be an important requirement for a realistic and
comprehensive description of the Clutha hydrological system.
The chapter begins with context on the different types of hydrological models (3.1.1), a
review of the existing modelling studies in the broader domain of the South Island (3.1.2)
and justifying the choice of WaSiM (3.1.3). As this is the first application of WaSiM in New
Zealand the basic architecture and concepts of the model are introduced (Section 3.2).
The main WaSiM routines (e.g. evapotranspiration method and snow model) that are used
in this study are presented in Section 3.3. The actual implementation of WaSiM is
presented in the following two sections: The parameterisation of the various submodels
in Section 3.4, followed by the calibration strategy that was chosen to determine the
remaining parameters (Section 3.5). Two external routines (i.e. the hydropower model
and the approach used to compute the proportion of snowmelt) are then briefly presented
in Section 3.6. Results are presented in Section 3.7 for both validation and calibration
periods, including a detailed quantification of the water balance components and
storages. The spatial distribution of seasonal snow is also assessed and the section ends
with an evaluation of the external hydropower module. Finally, the results are discussed
(Section 3.8) and summarised (Section 3.9).
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3.1.1. Hydrological model concepts
As noted in the Introduction of this thesis, the management of the earth’s fresh water
resources has become increasingly important over the last decades due to higher
demands driven by population growth and changing atmospheric boundary conditions
associated with land use or climate change. In order to allow for an efficient management
of water resources, an improved understanding of the hydrological systems under current
and changing conditions is indispensable. Hydrological models have been used to assess
the potential impact of changes on these systems and to guide management decisions
involving the water resources of catchments (Singh and Woolhiser, 2002).
In order to produce authoritative results, a hydrological model should be inherently
consistent and realistically describe the dominant hydrological processes of a catchment.
Numerous hydrological models exist, differing in their model structure and spatial
discretisation. A structure‐based classification as proposed by Wheater et al. (1993)
defines three main groups distinguishing between metric, conceptual, and physically
based models. Metric models are based on empirical observation response relationships
(Pechlivanidis et al., 2011), with a common approach being the unit hydrograph theory
introduced by Sherman (1932). Conceptual models make use of schematic storages
representing the main processes that are expected to be dominant at the scale of interest
(Wheater, 2002). The conceptual model types can vary amongst themselves from simple
storage approaches to very complex model schemes. Physically based models use the
underlying laws of motion, which are commonly in the form of partial differential
equations, to model the hydrological processes (Pechlivanidis et al., 2011). The
parameterisation is conducted using measured or physically derived parameters and in
theory (when fully parameterised) these models can be applied without any additional
parameter tuning. As physically based models are costly in terms of computation and data
needs, simplified physical solutions have been developed (e.g. the infiltration approach
introduced by Green and Ampt (1911)) (Pechlivanidis et al., 2011).
When considering the spatial discretisation, models can be grouped in lumped, semi‐
distributed and distributed models. While lumped models describe the catchment as a
single unit (Beven, 2012), distributed models divide a catchment into a number of
elements (Singh and Frevert, 2006). Physically based models with their complex
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mathematical process descriptions are usually discretised into a fully distributed solution
mesh (Beven, 2012). Semi‐distributed models divide a catchment into smaller units (e.g.
subcatchments or hydrological response units), which are lumped representations of
certain parameters and processes, albeit at a finer scale than lumped catchment models
(Beven, 2012).
The use of physically based complex models comprises a number of difficulties. The
problem known as overparameterisation (Beven, 1996) arises from the large number of
parameters these models require. Another issue, known as equifinality, describes the fact,
that different solutions (sets of parameters) can lead to a very similar result (Beven and
Freer, 2001; Wainwright and Mulligan, 2004). Often it is the complicacy of
parameterisation and the associated parameter uncertainties, which limit the application
of these complex models. Despite these difficulties, several studies exist where a
physically based model (i.e. PROMET) has been successfully applied to medium or large‐
scale catchments (Strasser and Mauser, 2001; Ludwig et al., 2009; Mauser and Bach, 2009;
Velázquez et al., 2013). An increase in the availability of spatially distributed data sets
(e.g. remote sensing data) has encouraged the use of distributed complex models
(Pechlivanidis et al., 2011), allowing for a more robust evaluation and parameterisation
of catchment internal processes, such as distributed snow modelling (Sirguey, 2009;
Franz and Karsten, 2013) and land cover parameterisation (Dadhwal et al., 2010).
In the context of climate change impact modelling, the selection of the hydrological model
is an essential decision. The use of simple lumped models is questionable, as the complex
processes interacting in a catchment would not be represented in an adequate way,
especially under changing climate conditions (Mauser and Bach, 2009). As such, a model
setup that was found to perform realistically under historic climate conditions might run
the risk of providing a false representation of the catchment under changed climatic
conditions (Mauser and Bach, 2009). Using an ensemble approach, consisting of a
physically based fully distributed (PROMET as described in Mauser and Bach, 2009), a
semi‐distributed (HYDROTEL as described in Turcotte et al., 2003) and a lumped model
(HSAMI as described in Fortin, 2000), Ludwig et al. (2009) showed that the practice of
extensively calibrating simple model schemes has a considerable impact on the model’s
usability as a climate change impact tool. They found that a physically based hydrological
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model has a substantially greater predictive power under changed climate conditions,
which was further substantiated by the findings of Velázquez et al. (2013).

3.1.2. The use of hydrological models in the South Island domain
The number of hydrological models used in the domain of New Zealand’s South Island is
relatively small, with most studies (Ballinger et al., 2011; Poyck et al., 2011; Srinivasan et
al., 2011; Zammit and Woods, 2011; Gawith et al., 2012) using the semi‐distributed model
TopNet. Additional studies using alternative model concepts have predominantly focused
on the simulation of snow accumulation and melt (Moore and Owens, 1984; Sirguey,
2009; Kerr, 2013).
TopNet was developed at NIWA and is based on the routines of the widely used
TOPMODEL (i.e. topographic wetness index) developed by Beven and Kirkby (1979). The
model uses a subcatchment based spatial discretisation and is described in more detail by
Clark et al. (2008). In a recent study, McMillan et al. (2016) investigated the performance
of an uncalibrated version of TopNet for the whole of New Zealand. The study showed
that model performance (daily flow) was comparatively low (in a national context) in the
high alpine regions of the lower South Island, which was attributed to a sparse
precipitation network, a significant amount of snowfall and the fact that glaciers were not
accounted for in TopNet. Further, some of the worst performance was found for
subcatchments in the drier south‐east areas of the South Island (due to inaccuracies
during low flow periods). New Zealand’s largest catchment (i.e. Clutha) covers large parts
of both of these low performance areas, which could be an indicator of a potentially
challenging model environment. The latter could be an explanation why only few studies
(Poyck et al., 2011; Gawith et al., 2012) have focused on the Clutha catchment.

3.1.3. Rationale behind the choice of the model WaSiM
Emanating from these findings there is still a great need to deepen our knowledge about
the individual hydrological processes and their interaction for the larger catchments of
the South Island. Here, the Water flow and balance Simulation Model (WaSiM) (Schulla,
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2012) is implemented for the Clutha catchment, encompassing a fully distributed spatial
discretisation and process oriented algorithms. WaSiM has been used in numerous
catchment studies, ranging from small‐scale applications (3‐117 km2 (Gurtz et al., 2003;
Cullman et al., 2006)) to the meso (500 km2 (Niehoff et al., 2002)) and larger scale
(26 000 km2 (Korck et al., 2012)). The manifold focus of applications of WaSiM further
highlights the potential of WaSiM as a tool for the explicit modelling of individual
hydrological processes such as flood forecasting (Jasper et al., 2002), soil moisture (Jasper
et al., 2006) and glacier processes (Klok et al., 2001; Rößler and Löffler, 2010).
In this study, WaSiM was selected over alternative hydrological models for a number of
reasons. WaSiM has been successfully applied to a large number of catchments (> 60) in
highly variable climate zones (Buerger et al., 2011). This underlines the robustness of the
hydrological model and makes it an appropriate candidate for the Clutha catchment,
which is characterised by a highly variable (spatially and temporally) climate (see Chapter
2). Second, as highlighted by Mauser and Bach (2009), a regularly spaced grid (as used by
WaSiM) facilitates any mass conservative coupling with atmospheric models, which was
an essential requirement of the subsequent climate change impact study (Chapter 4 and
5). Finally, the WaSiM model framework contains additional submodels (i.e. management
model and glacier model) that are absent from many alternative hydrological model
packages and essential to providing a full simulation of the Clutha catchment.
Through a thorough parameterisation, as well as a systematic calibration and validation
procedure it is the objective to set up a robust version of WaSiM. In addition to
implementing the first grid based model for the largest catchment of New Zealand, this
approach will also surpass the modelling tools used in the existing studies (Poyck et al.,
2011; Gawith et al., 2012) by explicitly modelling the three major lakes (fully coupled lake
model) and major forms of water management (irrigation and weir control). While the
national model TopNet does not contain a glacier component (McMillan et al., 2016),
WaSiM offers a static as well as a dynamic glacier model. Here, the use of a 2D
groundwater model will also allow lateral exchanges of subsurface water between
subcatchments to be modelled, which has been identified as another limitation within
TopNet (McMillan et al., 2016). As snowmelt is an important driver of seasonal
streamflow in the basin, the snow model is expected to be an especially important
component. By using a simple degree day routine and a more complex melt model this
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study will build on the existing modelling attempts (degree day approach of TopNet) and
explicitly showcase the potential advantages of using an alternative snow model. Finally,
when forced by the independently validated meteorological forcings (Chapter 2), the
WaSiM‐Clutha model will help to deepen the knowledge of the key hydrological processes
and quantify the main storages (natural and controlled) across the catchment.

3.2. General model structure of WaSiM
The fully distributed hydrological model WaSiM was developed by Schulla (1997) as part
of the EU‐project “Impact of Climate Change on the Hydrological Regimes and Water
Resources in Europe”. WaSiM was specifically developed to describe the hydrological
processes of catchments with variable hydro‐climates and sizes in a process oriented way.
Depending on data availability the modular structure of WaSiM (Figure 3.1) allows
different algorithms with variable complexity to be used for the most important processes
of the water balance. If WaSiM is set up as a process oriented hydrological model, the
modelling of evapotranspiration is solved via the Penman‐Monteith approach and soil
fluxes are described by finite differencing of the 1D Richards equation of continuity
combined with a 2D groundwater model (Darcy, 1856). Snowmelt can be modelled using
a simple energy balance method (combination approach developed by Anderson (1973))
or alternatively using a purely conceptual temperature index approach. WaSiM also offers
a static or dynamic approach to describe glacial processes, which constitutes a valuable
addition for applications in high‐alpine environments (such as the present study). The
grid based structure of WaSiM theoretically allows for an implementation at any cell size
(cm → km), and the same lexibility also applies to the desired temporal resolution. For
more detailed information on the available algorithms and model specifications the
reader is referred to the official model description (Schulla, 2012).
In this study, the model version WaSiM‐Richard‐9.06.10 was implemented at a spatial
resolution of 1 km2 and a 24h (daily) time step. For each time step the externally
interpolated meteorological fields (as described in Chapter 2) were provided to the
model. WaSiM then runs through all of the individual submodels for each cell of the model
grid (Figure 3.1). The individual submodels and their governing equations are described
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in the next section (3.3), followed by the actual implementation of WaSiM
(parameterisation in Section 3.4 and calibration in Section 3.5).

Figure 3.1 Model structure of WaSiM showing the individual submodels, adapted from Schulla (2012).

3.3. WaSiM routines
3.3.1. Evapotranspiration
In WaSiM the water balance component of potential evapotranspiration is solved using
the approach after Penman‐Monteith (Monteith, 1975; Brutsaert, 1982) separately for the
following three components: plant leaves, bare soil and surfaces intercepting
precipitation. It is important to note that monthly minimum surface resistances and
effective crop heights (used for estimation of aerodynamic resistance) are defined for
each of the three components and each of the 25 land cover classes, respectively (see
Appendix B.1).
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3.6 ∙

∆

∙
∙

∙
∆

where: λ

∙

(3.1)

1

latent vaporization heat λ = (2500.8 – 2.372∙T) [KJ Kg‐1], T [°C]

LE

latent heat flux in mm m‐2 ≡ kg m‐2 (→ [λLE] = KJ m‐2)

Δ

slope of the saturation vapour pressure temperature relationship [hPa K‐1]

RN

net radiation [Wh m‐2]

Gf

soil heat flux (here 0.1 ∙ RN) [Wh m‐2]

ρ

density of dry air [Kg m‐3]

cp

specific heat capacity of dry air at constant pressure cp = 1.005 [KJ ∙ (Kg K)‐1]

es

saturation vapor pressure at the temperature T [hPa]

e

actual vapor pressure [hPa]

ti

number of seconds within a time step

γ

psychrometric constant [hPa K‐1]

rs

bulk‐surface resistance [s m‐1]

ra

bulk‐aerodynamic resistance [s m‐1]

To further calculate the actual evapotranspiration, WaSiM takes into account the soil
water content and the capillary pressure of the corresponding grid cell. Four explicit cases
dependent on the available soil water define the estimate of actual evapotranspiration (or
in other words the potential reduction of PET):
1 ETi

0

Θψ

2 ETi

PETi ∙ Θ ψi ‐ Θwp / ΘΨg ‐ Θwp

Θwp

Θψ

3 ETi

PETi

ΘΨg

η ∙ Θsat

4 ETi

PETi ∙ Θsat ‐ Θ ψi / Θsat ‐ η ∙ Θsat

η ∙ Θsat

where: i
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Θwp

Θψ

ΘΨg
Θsat

index of the soil layer

ET

actual evaporation [mm]

PET

potential evaporation [mm]

Θ(ψ)

actual relative soil water content at suction ψ [‐]

ψ

actual suction (capillary pressure) [m]

η

maximum relative water content without partly or total anaerobe conditions

Θsat

saturation water content of the soil [‐]

ΘΨg

soil water content at a given suction ΘΨg

Θwp

water content of the soil at permanent wilting point (Ψ = 1.5 MPa ∼150m)

(3.2)
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If the actual soil water content dependent on the current suction is below the permanent
wilting point no water is evaporated (1). Between wilting point and fully saturated
conditions, actual evaporation is dependent on the actual soil water content (2 and 3),
while the fourth case (4) represents anaerobic conditions.
The above algorithm is used for both the calculation of transpiration from plants and soil
evaporation. For the extraction of soil water for transpiration the rooting depths of the
corresponding land cover type are used (see Appendix B.1 for the specific parameters),
while for the evaporation of a bare surface water can only be extracted from the top soil
layer.

3.3.2. Snow accumulation and melt
3.3.2.1. Snow accumulation
The distinction between liquid and solid precipitation is determined by the air
temperature, which allows for a basic modelling of the accumulation of snow. The
temperature threshold TRS, defines the temperature where the proportion of snow equals
50% of the total precipitation. On either side of this threshold extends an equally wide
transition range Ttrans. Consequently, the proportion of snow decreases between
TRS – Ttrans and TRS + Ttrans from 100 to 0%, respectively.

(3.3)

2∙
where: Ps

fraction of solid precipitation on total precipitation (0...1)

T

air temperature [°C]

TRS

temperature, at which 50% of precipitation falls as snow [°C]

Ttrans

50% of the temperature transition range from snow to rain [K]

3.3.2.2. Snowmelt using a Tindex model
The first approach integrated in WaSiM to model snowmelt is the Tindex model:
∙

(3.4)
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where: Qm

melting rate in mm per time step

c0

degree‐day factor [mm °C‐1 d‐1]

T0

temperature for beginning with snowmelt [°C]

If the air temperature (T) is above the temperature threshold for snowmelt (T0), then the
melt rate (Qm) is dependent on the defined degree‐day factor (c0) and the difference
between T and T0. For the effective melt the maximum storage capacity of the snow pack
for liquid water is considered with a coefficient (CWH). The liquid storage component has
to be filled completely before any outflow from the snow cover can be generated.

3.3.2.3. Snowmelt using the Anderson (1973) model
As for the Tindex model, the proportion of the liquid component relative to the total
storage is defined by the parameter CWH. At the start of a new time step the liquid storage
component may still contain water from the previous time step. Hence if the air
temperature is below the threshold for snowmelt, a negative snowmelt is calculated
resulting in a refreezing (Mneg).
∙
where: Mneg

∙

(3.5)

negative melt (refreezing water) [mm]

CRF

coefficient for refreezing [‐]

RMF

season dependent radiation melt coefficient [mm °C‐1 d‐1]

If the air temperature is above the melt threshold (T0) positive melt is calculated. For a
time step (24h) with precipitation (≥ 2mm) the total snowmelt is the sum of four melt
fractions:
(3.6)
where: MR

radiation melt [mm]

MS

melt by sensible heat [mm]

ME

melt by latent heat [mm]

MP

melt energy input by precipitation [mm]

The individual fractions are calculated as follows, considering three meteorological
variables (air temperature, wind speed and precipitation):
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1.2 ∙

0.0125 ∙
where: c1

∙

∙

∙

∙

6.11 /

(3.7)

∙

temperature dependent melt factor [mm °C‐1 d‐1]

c2

wind dependent melt factor [mm (°C m s‐1 d) ‐1]

u

wind speed [m s‐1]

γ

psychrometric constant [hPa K‐1]

Vs

saturation vapour pressure at air temperature T [hPa]

P

precipitation [mm]

For time steps without precipitation the season dependent radiation melt factor is used:
∙

(3.8)

The season dependent melt factor RMF, which is included in Equations (3.5) and (3.8), is
defined by a maximum (RMFMAX) and a minimum value (RMFMIN), corresponding to the
summer and winter solstice of the northern hemisphere, respectively. Because the Clutha
catchment is located in the southern hemisphere the two parameters RMFMAX and RMFMIN
were used inversely in this study.

3.3.3. The dynamic glacier model
WaSiM offers two approaches for the modelling of glaciers, a static and a dynamic glacier
model. Here, the dynamic model was used, as it models changes in the glacier extent and
also performs an explicit mass balance calculation. The accumulation of snow is modelled
by the same routine that was described for the snow model in Section 3.3.2.1. In regard to
melt coming from glacier cells, the glacier model uses specific degree‐day factors for the
three storage components: snow, firn and ice.
∙
0
where: DDF

(3.9)
3 degree‐day‐factors: snow (DDFsnow), firn (DDFfirn) and ice (DDFice) [mm °C‐1 d‐1]

Two input grids are required, one with the ice‐covered area of a glacier cell, ranging
between 0 and 1, and a second grid with a unique ID for all grid cells composing one
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glacier. When WaSiM is initialized the glacier volume is first calculated based on the area
of the individual glaciers using the volume‐area relationship after Chen and Ohmura
(1990):
∙

(3.10)

where: V

volume of the glacier [m km2]

A

area of the glacier [km2]

b

depth of a 1 km2 glacier [m]

f

scaling factor assumed to be 1.36 [‐]

Each year the annual mass balance is then calculated for a specified date (end of summer),
balancing snow accumulation and mass deficits (snow, firn and ice melt). The mass
balance delta is then multiplied by the ice density (918 kg m‐3) to give the change in
volume (V). The new area of a glacier can then be derived from the above equation and is
given by:
.

(3.11)

The dynamic model also accounts for the process of metamorphosis. Snow that has not
melted during a mass balance year forms a new firn layer. If more firn layers form during
consecutive years and the firn stack reaches a defined number of layers (WaSiM default =
7) then the lowest (oldest) layer gets transformed into ice.

3.3.4. The soil and groundwater models
The infiltration is estimated after Peschke (1987), which is an extended version of the
original model introduced by Green and Ampt (1911). In WaSiM soil is not defined in the
pedological sense, but rather as a theoretically infinite number of layers extending
downwards from the soil surface. Despite modelling vertical fluxes in the unsaturated
zone, the soil model is also responsible for the time dependent distribution of
precipitation and (or) melt in the distinct runoff components: quick‐, inter‐ and baseflow.
Both the unsaturated and saturated zones are treated as dynamic components in WASIM.
While the vertical flow in the unsaturated zone is modelled by the discrete Richards
equation, groundwater flow is modelled horizontally in the x and y direction. At any given
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time step the groundwater table is assumed to be in the lowest layer that is not fully
saturated, and changes in its height are modelled using a bidirectional approach. The
upper boundary fluxes as provided by the unsaturated zone model are composed of
precipitation, infiltration, exfiltration and fluxes between the unsaturated layers. For each
cell the horizontal net flux between the cell and the 4 neighbouring cells is then calculated
in the groundwater model, resulting in a net change and consequently filling or draining
of the unsaturated zone.

3.3.4.1. The Richards model of the unsaturated zone
The vertical flux of soil water in the unsaturated zone is modelled by the Richards
equation of continuity (Richards, 1931):
∂
∂
where: Θ

(3.12)

water content [m3 m‐3]

t

time [s]

k

hydraulic conductivity [m s‐1]

hh

hydraulic head [m]

q

specific flux [m s‐1]

z

vertical coordinate [m]

The above equation is then solved via finite differencing into:
1
0.5
where: q

∙

1

∙

1
(3.13)

flux between two discrete layers [m s‐1]

keff

effective hydraulic conductivity [m s‐1]

hh

hydraulic head, dependent on the water content and given as sum of geodetic
altitude [m] and suction ψ(Θ) after equation (3.14)

d

thickness of the layers under consideration [m]

For two discrete layers the above equation requires the actual water contents and
conductivities as input. Therefore, the Van Genuchten model, which uses soil type specific
parameters, is used.
87

Chapter 3 ‐ The hydrological model

/

1

1

(3.14)

1

(3.15)

and
/

∙ 1
where: ψ

suction [m]

α

empirical parameter [m‐1]

n

empirical parameter [‐]

m

empirical parameter [‐] with m = 1‐1 n‐1

Θ

actual water content [‐]

Θr

residual water content at k(Θ) = 0 [‐]

Θs

saturation water content [‐]

Ks

saturated hydraulic conductivity [m s‐1]

3.3.4.2. The groundwater model (Darcy)
The two‐dimensional horizontal modelling of groundwater flux is based on the continuity
equation and Darcy’s law (Darcy, 1856):

(3.16)
where: Tr

transmissivity = aquifer thickness (AQ) [m] times hydraulic conductivity Kx or Ky
[m2 s‐1]

h

hydraulic head in the control volume[m]

q

boundary fluxes perpendicular to the grid cell surface [m s‐1]

lup

leakage factor for fluxes between the actual and the upper aquifer [s‐1]

hup

hydraulic head in the upper lying aquifer [m]

llo

leakage factor for fluxes between the actual and the lower aquifer [s‐1]

hlo

hydraulic head in the lower lying aquifer [m]

S0

specific storage coefficient [1/1]

t

time [s]

The equation is solved using the Gauss‐Seidel‐Algorithm (implicit finite difference
approach) with successive over‐relaxation factors. After modelling the lateral net flux,
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which results either in a falling or rising of the groundwater table, the groundwater
recharge at a specific cell is the sum of the natural net flux and the change in the filled or
drained porosity.
1000 ∙

,

(3.17)

where: GWN groundwater recharge [mm]
Θe

filled porosity (positive sign) or drained porosity (negative sign) [‐]

QB,i‐1

baseflow/lateral net flow from the previous time i‐1 [mm]

In the physically oriented WaSiM‐Richards model, baseflow can only be generated where
there is a physical connection between the groundwater and the surface river system.
Two separate grids define the average river width (brb) and depth of a stream (hrb) within
a cell. If the groundwater table of a cell rises to a level that is at least as high as the
elevation of its river bed, exfiltration into the stream is generated. The colmation
resistance is considered via the parameter (lk), which needs to be provided in grid format
and has its physical source in clogging layers reducing the permeability of river beds. The
maximum possible baseflow can then be calculated as follows:
∙∆ ∙

,

/

(3.18)

where: qexf,bot maximum possible exfiltration (baseflow) [m s‐1]
lk

Leakage‐factor (colmation resistance) [s‐1]

∆H

positive difference between groundwater table and river bed
∆H = hGW ‐ hrb (hGW: groundwater table [m a.s.l.], hrb: river bed [m a.s.l.])

brb

width of the river bed [m]

cs

grid cell size [m]

Considering the presented process formulations, the implementation of the groundwater
model requires distributed input (1 km2 grid) for the following parameters: lk, Kx, Ky, s0,
AQ, brb and hrb.

3.3.5. Generation of surface runoff and interflow
Surface runoff is either produced when the rainfall rate exceeds the hydraulic
conductivity of the upper soil layers, or when the groundwater table has risen to the
surface. A third source of surface runoff is the fraction of snowmelt that is not routed to
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the infiltration model. The fraction is defined by a subcatchment specific parameter
(QDsnow), which was implemented in WaSiM to account for frozen topsoils causing
impermeability. After the generation of surface runoff, the storage effects of the channel
network are considered by the storage coefficient kD. Interflow is generated at grid cells
with a slope angle greater than zero and when hydraulic conductivity drops between two
soil layers. The calculation of interflow is then based on a comparison between the
maximum possible interflow (drainable water content of a particular soil layer) and the
amount of interflow as determined by the hydraulic gradient. The second term also
considers the saturated hydraulic conductivity, the local slope and the drainage density.
The latter is described by a conceptual parameter (dr), accounting for the effects of river
density (number of drainage channels per grid cell) and anisotropy (differences in vertical
and horizontal hydraulic conductivity) on the formation of interflow. The storage effects
of the channel network on interflow are considered by the storage coefficient kI. All three
parameters kD, kI and dr have to be defined for each subcatchment.

3.3.6. Routing of streamflow
The routing of streamflow is solved by a kinematic wave approach, consisting of three
main steps. First, the flow velocity depends on the channel properties (river width and
depth, roughness, slope etc.). For each time step the water level dependent specific
translation time can be derived for the inflow into a river link, resulting in the translated
outflow into the next link. The flow times are based on the Manning‐Strickler equation:
∙
where: vl

∙

(3.19)
flow velocity [m s‐1]

r

roughness parameter [m1/3 s‐1]

Rh

hydraulic radius [m]

I

slope in the direction of the flow [m m‐1]

After the translation for a channel is done, the retention, which consists of applying linear
reservoirs to the flow components (main channel flow and flood plain flow), is solved
resulting in the inflow for the next routing channel. In the last step, the streamflow from
a subcatchment is superposed to the streamflow received from the subcatchment(s)
upstream.
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3.3.7. Lakes and reservoirs
The lake model is physically coupled between the unsaturated zone, groundwater,
evaporation and routing models. WaSiM calculates a water‐table‐volume relationship at
the beginning of a model run. Therefore, the DEM (elevation is based on the maximum
lake level), a grid containing the IDs of individual lakes and a grid containing the maximum
depth of each lake cell are required. The water‐table‐volume relationship is stored in a
look‐up table to minimize computing time during a model run.

3.4. Parameterisation of WaSiM
3.4.1. Streamflow data
A total of 15 sites recording streamflow inside the Clutha catchment (Table 3.1) were
either used for calibration, validation or both. Most sites (13) are managed by NIWA and
the remaining two sites (The Hillocks and Peat’s Hut) are managed by ORC. The sites are
either funded by one or several of the following organisations: NIWA, ORC, Contact Energy
Ltd., NZX Hydro (NZX) and Pioneer Generation Ltd. (Pioneer).
Table 3.1. Streamflow records managed by NIWA and ORC that were used in this study for calibration and
validation. Some sites have multiple funding authorities. The start and end dates correspond to the availability
of records during the whole (including 2 years for spin‐up) study period (1/1/1990‐31/3/2012).
Sub‐ID

River

Station

1
2
3
4
5
6
7
8
9
10
12
14
15
17
18

Nevis
Nevis
Kawarau
Dart
Shotover
Shotover
Kawarau
Matukituki
Clutha
Hawea
Lindis
Clutha
Manuherikia
Clutha
Clutha

Nevis Burn
Wentworth Stn
Frankton
The Hillocks
Peat’s Hut
Bowens Peak
Chards Rd
West Wanaka
Lake Wanaka outlet
Camphill Br
Lindis Peak
Clyde
Ophir
Below Roxburgh
Balclutha

Managing
authority
NIWA
NIWA
NIWA
ORC
ORC
NIWA
NIWA
NIWA
NIWA
NIWA
NIWA
NIWA
NIWA
NIWA
NIWA

Funding
Authority
NIWA
Contact, Pioneer
NIWA
ORC
ORC
NIWA, Contact
Contact
NZX, NIWA, Contact
NIWA
NIWA, Contact
ORC, Contact
Contact
NIWA, Contact
Contact
Contact, NIWA

Start date
11‐May‐2001
27‐Jul‐1994
12‐Nov‐2003
13‐Jun‐1996
12‐Dec‐1996
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
01‐Jan‐1990
29‐Mar‐2001
01‐Jan‐1990

End date
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
31‐Mar‐2012
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All of the sites can be described as standard records, with the exception Frankton, at the
outlet of Lake Wakatipu. In order to reduce the effect of backwater effects on the raw data
at this site, the record was corrected via a dynamic rating (Webby and Waugh, 2006).
Records from the 15 sites were checked for temporal consistency (e.g. missing dates) and
data gaps were treated as no data values.

3.4.2. Preprocessing using TANALYS
Most of the temporally constant input grids were created with the Topographic ANALYSis
tool TANALYS (Schulla, 2012). Based on the DEM and manually defined outlet points,
TANALYS partitions the catchment into subcatchments and derives several grids (Table
3.2) that are required by the WaSiM internal routines. TANALYS also generates two grids
containing the river width and depth for cells that are intersected by the river network. It
then estimates the hydraulic radius (required by Equation 3.19) assuming a rectangular
channel profile with a depth to width ratio of 1:8. In order for TANALYS to calculate flow
velocities (using Equation 3.19) at the individual grid cells (i.e. flow time grid), the
Manning‐Strickler roughness parameter needed to be defined, which was set to 30 in this
study (adopted from Hamilton and Associates (2010)). The original DEM was obtained
from Landcare Research1 (released in 2010) at a resolution of 25m and was aggregated
to the 1 km model grid via a spatial mean operator. Largely determined by the existing
flow gauges and the topography, a total of 18 outlet points were defined, resulting in 18
subcatchments (Figure 3.2). The routing algorithm computed a watershed area (at
Balclutha) of 20586 km2, which is similar to the estimate of the Otago Regional Council2
(20582 km2).

1
2

http://lris.scinfo.org.nz/layer/127‐nzdem‐south‐island‐25‐metre, last retrieved in December 2016
http://water.orc.govt.nz/WaterInfo/SiteInfoPopup.aspx?s=Balclutha, last retrieved in December 2016
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Figure 3.2 The subcatchments of the Clutha watershed that were derived from the DEM using the routing tool
TANALYS. The different colours group gauged and ungauged subcatchments based on proximity and
topographical similarity. The gauges recording streamflow that were used in this study are also shown.

Table 3.2. WaSiM input grids generated by TANALYS using the 1 km DEM and predefined pour points.
Grid name

Unit

River width

m

River depth

m

Slope

%

Flow time grid

s

Flow direction grid

‐

Subcatchments
Aspect grid
River links
Corrected DEM

‐
degrees
‐
m
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3.4.3. Parameterisation of land cover
A realistic description of the land cover characteristics within the Clutha catchment was
an essential requirement for a robust modelling of ET and related processes in the upper
layers of the soil model. Remotely sensed data can be a valuable alternative to values
obtained from the literature, particularly in regions with few field measurements, and
helps to improve the parameterisation of land cover classes (Wagner et al., 2009). An
increasing number of studies have successfully integrated spaceborne information on key
variables such as the leaf area index (LAI) into hydrological models (Sandholt et al., 2003;
Zhou, 2004; Stisen et al., 2008; Dadhwal et al., 2010). These studies showed that including
spaceborne data in a hydrological model can be highly beneficial in terms of a realistic
land cover parameterisation improving simulations of hydrological processes (e.g. high
flow events or ET). To exploit the potential of spaceborne data in this study, two of the
key parameters, LAI and albedo, were derived from processed data sets provided by the
Moderate Resolution Imaging Spectroradiometer (MODIS).
The land cover classification is based on the third version of the Land Cover Database1
(LCDB v3.0) that was released by Landcare Research in 2012. The product has been
compiled by Landcare Research using SPOT‐5 satellite imagery combined with additional
data sources including Landsat satellite data, digital elevation models and ancillary
topographic maps. At the time of implementation, the LCDB v.3.0 constituted the best
product in terms of spatial resolution, spatial detail, documentation and data access, and
was thus incorporated into WaSiM. First, the original LCDB v3.0 vector data were
transformed into the 1 km raster format of the WaSiM grid. When multiple polygons from
different classes intersected the same grid cell, the land cover class covering
proportionally the largest area of the grid cell was assigned to the respective cell. The
processing resulted in a total of 25 individual land cover classes, which are shown in
Figure 3.3.
For each land cover class, the monthly values of several parameters (Table 3.3) needed to
be defined in WaSiM. Values were assigned to the middle day of each month before being
linearly interpolated during the initialization of WaSiM. Various sources were used for the

1

http://lris.scinfo.org.nz/layer/304‐lcdb‐v30‐deprecated, last retrieved in December 2016
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parameterisation including values from the literature, WaSiM default values and the
MODIS based data sets (for a detailed description of data sources see Appendix B.1).
The LAI data are based on the global level‐4 MOD15A2 data set (Myneni et al., 2000),
which is composited every 8 days at a spatial resolution of 1 km2. The albedo product
(MCD43A2) was Nadir adjusted by a bidirectional reflectance distribution function and is
available at 500m resolution with a temporal aggregation of 16 days (Strahler et al.,
1999). Both data sets were downloaded between 2001 and 2012 in GeoTIFF format
(projection: WGS84) via NASA’s MODIS Subsets online tool1. An algorithm was developed
in ArcPy (Python package for ArcGIS) to generate mean monthly values of LAI and albedo
for each land cover class. The algorithm consists of 4 processing steps:
1) For each date the 4 tiles were merged into one file.
2) For each month, the files with the Julian date closest to the centre of the
corresponding month, were selected and grouped accordingly.
3) The selected grids were averaged (the albedo product needed to be aggregated
from 500 to 1000m).
4) In the last step, the mean monthly grids were masked iteratively for each of the
25 land cover classes, and the spatial mean of a particular month and class was
calculated.
Table 3.3. Land cover parameters and their corresponding sources. The parameters were defined for the central
Julian day of each month and are linearly interpolated by WaSiM for the remaining days of the year. The complete
parameterisation of the individual land cover classes is shown in Appendix B.1, including the individual literature
sources.
Parameter

Abbr.

Albedo

albedo

‐

rsc

s m‐1

Literature

rsi

s

m‐1

WaSiM

s

m‐1

Stomata resistance (minimum)
Interception resistance
Soil resistance

rse

Leaf area index

LAI

m2 m‐2

Aerodynamic roughness length
Vegetation covered fraction
Rooting depth

1

Unit

Source
MODIS (MCD43A2)

WaSiM
MODIS (15A2‐1km)

z0

m

Literature

VCF

‐

WaSiM

Rootdepth

m

Literature

http://daacmodis.ornl.gov, last retrieved in December 2016
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Figure 3.3 Map showing the land cover classification compiled for WaSiM. Only the 14 most frequent classes are
shown and the remaining 11 classes are combined in the class Other (area of Other = 257 km2).

The mean monthly LAI grids for the Clutha catchment (step 3), used for the
parameterisation of the 25 land cover classes (step 4) are shown in Figure 3.4. The
monthly grids depict very low values in the central part of the catchment and highest
values in the lower Clutha. The expected annual cycle with highest LAI values in February
and lowest values in July is also apparent.
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Figure 3.4 Monthly 12 year (2001‐2012) mean LAI grids based on the MOD15A2 product. For each month, only
the MOD15A2 grids that were measured closest to the middle of the month were used.

During winter and early spring, the albedo of most land cover classes showed a positive
bias due to snow covering the medium to high elevation zones of the catchment (see
Appendix B.2), requiring correction. Hence affected months were not included and
unrealistic increases (compared to previous month) in the monthly albedo regime were
flagged. The values of these months were set to no data and interpolated using a cubic
spline.

3.4.4. Parameterisation of soil properties
The main motivation for using the WaSiM‐Richards model opposed to WaSiM‐
TOPMODEL, which is based on concepts of Beven and Kirkby (1979), was to conform to
the objective of developing a physically and process oriented model for the Clutha. As
such, this constitutes the first implementation of a hydrological model for a major New
Zealand catchment that explicitly models fluxes (Equations 3.12 and 3.13) in the soil zone.
It is therefore a valuable addition to existing studies in the catchment (Poyck et al., 2011;
Gawith et al., 2012), which used rather conceptual routines that were closely tied to
concepts from TOPMODEL (Clark et al., 2008).
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In WaSiM, one option to supply the Richards equation with the actual hydraulic
conductivity and the hydraulic head that correspond to the current water content of the
soil (at a given time step), is the use of look‐up tables. Theoretically this approach
constitutes an accurate way of describing the hydraulic functions of a given soil type,
however extensive in‐situ measurements are required to generate the required data
(Schulla, 2012). As stated by Cichota et al. (2013) obtaining those data sets is costly in
terms of time and expenses. Further, the large spatial variability of soil properties is a
known problem, which has been described in several hydrological studies (Warrick and
Nielsen 1980; Blöschl and Sivapalan, 1995; Merz and Plate, 1997). Soil properties have
been found to vary considerably at small scales (< 2 km2) despite relatively homogenous
soil textures (Diek et al., 2014). Consequently, especially for medium to large size
catchments, some amount of generalisation with regard to the parameterisation of these
soil characteristics is inevitable.
(a)

(b)

Figure 3.5 Soil texture triangles as used in New Zealand (Figures adapted from Waikato Regional Council1). The
first triangle (a) shows the more general division in four soil texture groups (used in this study), while the 11 soil
texture classes are depicted in the second triangle (b).

A more practical alternative to measurement based look‐up tables, is to generate
estimates of the parameters of the soil hydraulic functions with the hydraulic Van
Genuchten model (Tietje and Tapkenhinrichs, 1993). Pedotransfer functions are required
to calculate the parameters of the Van Genuchten model via statistical relationships
between certain soil properties. Generally, pedotransfer functions have been designed to

1

http://www.nzsoils.org.nz/Topic‐Describing_Soils/Using_the_Texture_Triangle/Texture_Classes/, last
retrieved in December 2016
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match the availability of the required soil properties within large soil databases, as such
the most commonly used pedotransfer functions were constructed using extensive
European (Vereecken et al., 1989; Woesten et al., 1999) or North‐American (Saxton and
Rawls, 2006) soil databases. In the recent study of Cichota et al. (2013), various
pedotransfer functions were tested for the first time on New Zealand soils. Their
promising findings revealed that the pedotransfer function of Woesten et al. (1999)
modelled the soil water retention most accurately, while hydraulic conductivity was
modelled best by Saxton and Rawls (2006) and Rawls and Brakensiek (1989).
Due to the relatively large size of the Clutha catchment and the lack of spatially continuous
data on the required soil hydraulic properties, it was decided to use the Van Genuchten
model in combination with selected pedotransfer functions. Emanating from the findings
of Cichota et al. (2013), the pedotransfer functions of Woesten et al. (1999) were used to
calculate the Van Genuchten parameters (Θs, Θr, α and n), while the average of two
pedotransfer functions (Rawls and Brakensiek 1989; Saxton and Rawls 2006) was used
for the saturated hydraulic conductivity (Ks). The pedotransfer functions required data of
the following parameters as input: fraction of sand (fs), fraction of silt (fz), fraction of clay
(fc), bulk density (bd), total organic matter (tom) and total organic carbon (toc). In the
Otago region, the only spatially consistent information about soil texture are the particle
size classes provided by Landcare Research1 in 2010. The nine classes are described in
Webb and Wilson (1995), and are essentially based on four soil texture groups (silty,
sandy, clayey and loamy) (Figure 3.5a). The original dataset is available in vector format
and was transformed to the 1 km raster grid (Figure 3.6) using the same technique as
described for land cover in Section 3.4.3.

1

http://lris.scinfo.org.nz/layer/112‐fsl‐particle‐size‐classification, last retrieved in December 2016
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Figure 3.6 The soil texture grid that has been compiled for WaSiM. The 1 km raster grid is based on the vector‐
type particle size map provided by Landcare Research1.

The fractions were derived manually from the soil texture group triangle (Figure 3.5a),
assuming that the centre of a specific sector (e.g. silty) corresponds to the typical fractions
of that soil texture group. As the particle size dataset does not contain information on the
percentages of tom or toc, estimates on these were obtained from additional sources.
Landcare Research1 has information sheets for most of the soil series (= regional soil
series soil names) in the Otago region. The information is provided in factsheets and is
essentially based on point measurements. The key physical properties contain amongst

1

http://smap.landcareresearch.co.nz/factsheet, last retrieved in December 2016

100

Chapter 3 ‐ The hydrological model

other variables information on the bd (of top and subsoil), as well as tom, toc and fc of the
top soil. To create a spatial join between the particle size classes and the soil series, the
dominant soil series (largest combined area) was determined for each particle size class.
All available factsheets were downloaded for the individual soil series and multiple
entries of the required variables averaged (if not equal). To include the valuable
information about the fc of the top soil (fc_top), the fractions of fs and fz were corrected as
follows:
_

_

1 /2

(3.20)

_

_

1 /2

(3.21)

The parameters for the individual texture groups (Table 3.4, columns 4‐9) were then read
in by the pedotransfer functions, resulting in the Van Genuchten parameters (Table 3.4,
columns 10‐14). For the soil series corresponding to the three texture classes bedrock,
peat and lake, no factsheets were available and the WaSiM default Van Genuchten
parameters were applied.
To guarantee a continuous physical interaction between the unsaturated zone and the
groundwater model, both were implemented with the same vertical depth of 15 m. The
soil profile was partitioned into three horizons with a consistent layering (5 strata x 10cm,
2 strata x 25cm and 14 strata x 100cm) for all soil classes (Figure 3.7).

Figure 3.7 Scheme of the unsaturated zone model and the groundwater model within WaSiM. The vertical
discretisation of the unsaturated zone is shown on the left side with the vertical interaction of unsaturated zone
and groundwater simplified on the right.
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Table 3.4. The texture groups (number of 1 km2 grid cells in brackets) and their dominant soil series (number of
factsheets used in brackets) with the corresponding parameters. The parameters required by the pedotransfer
functions were: sand fraction (fs), silt fraction (fz), clay fraction (fc), bulk density (bd), total organic matter (tom)
and total organic carbon (toc). The Van Genuchten parameters (ks, Θs, Θr, α, n) were then calculated by the
pedotransfer functions for both top soil and subsoil(s).
Texture group
Silty
(8722)
Loamy
(8521)
Silty over
clayey (430)
Sandy
(316)
Clayey over
skeletal (248)
Silty over
skeletal (239)
Clayey
(231)
Skeletal
(145)
Loamy over
skeletal (134)
Sandy over
skeletal (19)
Bedrock*
(795)
Lake or
Wetland* (752)
Peat*
(34)

Soil series
Dunstan
(1)
Arrow
(4)
Tiroiti
(11)
Molyneux
(7)
Kaiwera
(3)
Mataura
(5)
Kaihiku
(2)
Lowburn
(8)
Molyneux
(7)
Molyneux
(7)
‐
‐
‐

Horizon
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3
1
2&3

fs
22.5
20.0
61.3
60.0
20.0
20.0
66.9
70.0
25.0
70.0
22.5
70.0
32.5
20.0
65.4
65.0
64.4
70.0
66.9
70.0

fz
62.5
60.0
21.3
20.0
60.0
20.0
21.9
25.0
25.0
25.0
62.5
25.0
32.5
20.0
25.4
25.0
24.4
25.0
21.9
25.0

fc
15.0
20.0
17.5
20.0
20.0
60.0
11.2
5.0
50.0
5.0
15.0
5.0
35.0
60.0
9.3
10.0
11.2
5.0
11.2
5.0

bd
1.09
1.42
1.22
1.42
1.22
1.53
1.23
1.42
1.08
0.10
1.09
1.30
1.08
1.26
1.30
1.42
1.23
1.42
1.23
1.42

tom
8.20
8.20
7.75
7.75
7.75
7.75
5.33
5.33
14.25
14.25
6.45
6.45
11.65
11.65
3.90
3.90
5.33
5.33
5.33
5.33

toc
4.75
4.75
4.50
4.50
4.50
4.50
3.08
3.08
8.25
8.25
3.75
3.75
6.75
6.75
2.25
2.25
3.08
3.08
3.08
3.08

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

ks
1.42e‐04
1.58e‐05
9.45e‐04
3.19e‐04
5.84e‐05
2.98e‐08
1.28e‐03
6.61e‐04
6.76e‐05
1.03e‐03
1.54e‐04
1.01e‐03
1.53e‐04
8.52e‐06
8.71e‐04
5.26e‐04
1.07e‐03
6.61e‐04
1.28e‐03
6.61e‐04
1.00e‐09
1.00e‐09
8.91e‐08
8.91e‐08
8.00e‐04
6.00e‐04

Θs
0.52
0.43
0.48
0.43
0.49
0.42
0.48
0.42
0.54
0.81
0.52
0.46
0.54
0.50
0.46
0.42
0.48
0.42
0.48
0.42
0.20
0.20
0.54
0.54
0.80
0.70

Θr
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.04
0.04
0.01
0.01
0.01
0.01

α
3.17
1.30
5.30
4.16
2.64
0.85
4.92
4.00
2.93
0.79
2.97
4.37
4.60
1.17
4.47
4.92
4.71
4.00
4.92
4.00
8.00
8.00
2.87
2.87
4.00
4.00

n
1.16
1.13
1.16
1.13
1.14
1.04
1.22
1.28
1.07
1.00
1.18
1.25
1.09
1.05
1.26
1.23
1.22
1.28
1.22
1.28
1.80
1.80
1.86
1.86
1.20
1.20

3.4.5. Setting up the groundwater model
A single aquifer was defined across the entire catchment, with a vertical thickness (d) of
15m (as applied within the Clutha catchment by Queenstown Lakes District Council
(2008)). The specific storage (S0) was set to 0.1 (Central Otago District Council, 2009) and
the colmation parameter (lk) was kept spatially constant at 1e‐05 (J. Schulla, personal
communication). With limited hydrogeological information available it was decided to
perform a subcatchment based calibration of the conductivity parameters Kx and Ky
(Section 3.5.4.1). Tuning Kx and Ky for individual subcatchments should allow some of the
heterogeneity of the various aquifers that exist throughout the Clutha catchment to be
accounted for.
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3.4.6. Parameterisation of snow accumulation
Empirical methods are most commonly used to account for the phase of precipitation in
land surface models. Feiccabrino and Lundberg (2008) compiled several studies that used
a single temperature threshold approach, in which solid (liquid) precipitation is modelled
if air temperature is lower than (higher than or as high as) the defined threshold (TRS),
with values ranging from ‐1 to 4°C. Alternatively, to a singular TRS, a linear transition range
has been proposed (as used in this study), where the proportion of solid precipitation
decreases from 0 to 100% between a lower and an upper temperature boundary (e.g. 0.6‐
3.6°C as presented by Pipes and Quick (1977)). It should be mentioned that solid and
liquid precipitation do not usually occur contemporaneously during a particular
precipitation event (Harder and Pomeroy, 2014). However, the proportional range is a
useful means to account for the spatial and temporal variability of TRS, which tends to
become increasingly important at larger scales (Harder and Pomeroy, 2014).
Existing studies in the Southern Alps of New Zealand have predominantly used the variant
based on a single TRS with rather similar values ranging between 0.9 and 1.2°C (Moore and
Owens, 1984; Barringer, 1989; Clark et al., 2009; Anderson and Mackintosh, 2012;
Conway and Cullen, 2015). Higher values of TRS were used by Sirguey (2009) and Kerr
(2005), at 2 and 2.5°C, respectively. When analysing air temperature data in the Waitaki
basin, Kerr (2005) found that daily Tmean data based on Tmax and Tmin was 0.4°C higher
than when averaged from 15‐minute data. As the latter is more representative, the true
value of TRS is likely lower in studies that use Tmax and Tmin data to calculate Tmean
(Kerr, 2005; Sirguey, 2009).
Here, a literature based parameterisation of the snow accumulation model was chosen to
avoid potential pitfalls that would arise when calibrating the snow accumulation
parameters with the dependent parameters of the snowmelt routine (calibration of the
latter shown in Section 3.5.4.2). To account for a potentially pronounced variability of the
actual TRS (due to the large spatio‐temporal scale of this study), it was decided to adopt
the relatively wide probability range (0‐6.1°C) of Auer (1974). In order to incorporate the
findings of Auer (1974) in this implementation of WaSiM, both parameters TRS and Ttrans
were set to 3°C (Table 3.5). Consequently, the defined transition range (0‐6°C) agrees well
with Auer’s, although the threshold temperature is 0.5°C higher than the original value
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(2.5°C). The latter was inevitable as Auer’s distribution is slightly skewed towards lower
temperatures, while in WaSiM the parameter Ttrans extends linearly to either side of the
threshold TRS.
Table 3.5. The parameters of the snow accumulation routine with the corresponding values used in this study.
The values are based on the findings of Auer (1974), although constraints inherent to the accumulation model
required minor adjustments.
Parameters (snow accumulation)

Abbreviation

Predefined

Temperature, at which 50% of precipitation is falling as snow

TRS

3

Unit
°C

Half of the temperature transition range from snow to rain

Ttrans

3

K

3.4.7. Parameterisation of the glacier model
The start extent (1/4/1990) of the glacierized area in the catchment is based on the LCDB
v3.0 class permanent snow and ice (Figure 1.1c; Figure 1.2a). In order to incorporate the
LCDB v3.0 permanent snow and ice vector data into WaSiM a number of processing steps
were applied. Initially, the permanent snow and ice polygons (Figure 3.8a) were clipped
with a vectorised version of the 1 km raster grid (Figure 3.8b). After the recalculation of
the glacierized area, a raster layer was generated based on the area values of the WaSiM‐
grid conforming polygons. Finally, the area of the glacier cells was converted from m2 to
a unitless fraction (0‐1), as shown in (Figure 3.8c). In addition to the grid containing the
glacierized area of individual cells, WaSiM also requires an ID grid, which groups all cells
that belong to the same glacier. Therefore, an eight‐cell moving window was used to group
all neighbouring cells with a glacierized area greater than zero (Figure 3.8d). As required
by WaSiM, neighbouring glacierized cells that cover different subcatchments were
assigned separate IDs. The grouping resulted in 67 glaciers (Figure 3.9b) with the area
based on all fully or partly glacierized cells totalling 152.93 km2 (Figure 3.9a). The area is
still identical to the original LCDB v3.0 product, but is higher than the estimate (146.74
km2) of Chinn (2001). One possible explanation is that permanent snow was not
considered by Chinn (2001). Additionally, seasonal snow can persist into summer making
it difficult to separate snow from glacierised land, thus estimates of extents can vary from
year to year.
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Glacier
groupings

Figure 3.8 An example (based on a subset area) of the four geospatial processing steps that were used to produce
the ice‐covered fraction grid: (a) the original LCDB v3.0 permanent snow and ice vector data, (b) the original
polygons clipped by the WaSiM‐grid and (c) the raster based ice‐covered fraction as required by WaSiM. The
definition of glacier groupings is exemplified in (d) where the two glacier groupings (dark‐blue and turquoise) are
divided by the boundary (red line) of the subcatchments.

In addition to the ice‐covered fraction and glacier ID grids (Figure 3.9), the glacier model
also requires a number of spatially constant parameters. The date of the annual mass
balance calculation and the recalculation of the volume‐area relationship was set to the
15th of March. The latter corresponds to the time of the year when the extent of seasonal
snow is at a minimum, as used for the national end of summer glacier snowline survey
(Chinn and Salinger, 1999). The mean equilibrium line altitude (ELA) is based on the
average ELA (1700m) of 14 index glaciers (located inside or close to the catchment)
monitored during the end of summer snowline survey (Willsman et al., 2013). The
metamorphosis of firn to ice was specified at 7 years, as recommended by Schulla (2012).
The storage constants of snow (120 hours), firn (350 hours) and ice (40 hours) were
based on values presented by Klok et al. (2001), who successfully applied WaSiM in a
heavily glaciated catchment in the European Alps. Glaciers considered by Klok et al.
(2001) varied in size (approximately 0.6‐17 km2), which also holds for the diverse size of
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glaciers within the current study (∼0.01‐47 km2). Due to the lack of storage constant
estimates stemming from the Clutha catchment and the similarities in the glacial
characteristics between the two study domains, it was deemed appropriate to adopt the
storage constants of Klok et al. (2001).

(a)

(b)

Figure 3.9 Final WaSiM glacier grids showing the (a) ice‐covered fraction of the glacier cells (based on the
permanent snow and ice class of the LCDB v3.0) and (b) IDs identifying the individual glacier groupings. Both grids
were used to represent the starting conditions on the first time step of the spin‐up period (1/4/1990).

3.4.8. Parameterisation of the lake model
Because of the model’s resolution (1 km2) it was decided to only implement the three
major lakes, consisting of two natural lakes (Wakatipu and Wanaka) and one managed
reservoir (Hawea). Consequently, the two smaller artificial lakes that are impounded by
the dams at Dunstan and Roxburgh were not explicitly modelled, mainly because their
widths are for most of their extents smaller than the cell size of the model. Information on
the required lake properties was obtained from Contact Energy (M. Taylor, Contact
Energy, personal communication) and Paine and McConchie (2010). The estimates of the
total lake volumes are based on their area and mean depth (Table 3.6), while the effective
volume (drainable volume of water) is defined by lake levels (referred to as “operating
levels”) that enclose the usable storage. As suggested by Paine and McConchie (2010) the
two natural lakes still discharge water at and below the minimum operating level until
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reaching the sill level. Therefore, the sill level was used rather than the minimum
operating level, to calculate the effective volumes of lake Wakatipu and Wanaka. The
linear water volume‐level relationship of the natural lakes (Wakatipu and Wanaka) was
then created by relating the observed historic maximum and minimum flows with the
volumes at maximum and minimum operating levels, respectively. The historic minimum
flow then decreases linearly until becoming 0 m3 s‐1 at the sill level. In this extreme case,
the remaining lake volume (total less the effective volume) would merely function as a
source for evaporation.
Table 3.6. The parameters used to estimate the volume of the lakes and to define the reservoir rules in WaSiM.
It needs to be noted that the total lake volume is not hydraulically relevant and was only used to allow for
modelling of ET in case the actual volume of a lake drops below the effective volume during the climate change
simulations.

Area

Wakatipu

Wanaka

Hawea

(km2)

293.0

193.0

142

Mean depth (m)

300.0

311.0

192

Maximum operating level (m)

311.7

280.0

346

Minimum operating level (m)

309.6

276.0

338

Sill level (m)

308.8

275.4

330

87.90

60.02

27.26

0.84

0.89

2.27

Total lake volume

(km3)

Effective volume (km3)
(m3 s‐1)

20.0

49.5

2.0

Historic max flow (m3 s‐1)

558.0

1421.9

340.3

Historic min flow

Regarding the managed Lake Hawea, the operational volume of 1.14 km3 based on the
standard operational range (338‐346m) can potentially be increased to 2.27 km3 (with
330‐338m as extra storage) in an electricity supply emergency (Paine and McConchie,
2010). However, the operator (Contact Energy) has no intention in accessing water below
the official consent level of 336m and most of that additional water remains unused. It
was therefore decided to relate the historic minimum outflow of 2 m3 s‐1 with the lower
end of the operational range (338m) and the highest recorded daily flow event
(340 m3 s‐1) with the design flood level (349.05m).
The management of the weir at Lake Hawea’s outlet is largely dependent on the highly
variable electricity price, inflows and the current lake volume. Seasonal climate outlooks
and associated effects on lake inflows are also considered by the operator. The maximum
operational flow from Lake Hawea is 200 m3 s‐1, although this can be increased under
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extreme flood conditions. Between the 1st of September and the 31st of January the
maximum outflow is set to 60 m3 s‐1 and the minimum flow to 10 m3 s‐1 (M. Taylor, Contact
Energy, personal communication). Considering the very complex decision based
management system, it was decided to only implement the main flow constraints with an
emphasis on a realistic simulation of the long‐term outflow regime (1992 ‐ 2012). The
management model was set up for 7 operating stages with their corresponding monthly
volumes and outflows (Table 3.7).
Table 3.7. The management model that was implemented for Lake Hawea is based on monthly rules for 7
operating stages. Monthly outflows (m3 s‐1) are defined for the corresponding effective volumes (Ve) with
monthly constant values at the minimum operating level and the design flood level.
Operating stages
Extreme min level
(330m)
Min operating level
(338m)
15% of operational volume
(339.2m)
70% of operational volume
(343.6m)
90% of operational volume
(345.2m)
Max operating level
(346m)
Design flood
(349.05m)

Ve

31

59

90

120

151

181

212

243

273

304

334

366

0.00

0

0

0

0

0

0

0

0

0

0

0

0

1.14

2

2

2

2

2

2

2

2

2

2

2

2

1.31

10

10

10

10

10

116

123

79

51

32

32

10

1.93

47

52

51

61

75

116

123

79

51

32

32

33

2.16

47

52

51

61

75

116

200

200

51

32

32

33

2.27

47

52

51

61

75

200

200

200

60

32

32

33

2.71

340

340

340

340

340

340

340

340

340

340

340

340

3.4.9. Definition of irrigation takes
The irrigation module integrated in WaSiM was not activated as it requires a crop specific
irrigation schedule and a grid defining the spatial distribution of the irrigation schemes.
Such detailed information was not available for the Clutha catchment as a whole, and
therefore water abstracted for irrigation purposes was modelled in a more conceptual
way. In a report released by the Otago Regional Council (2008) allocated primary takes
for irrigation have been summarized for five zones inside the Clutha catchment (Figure
3.10). Here, the zones were assigned to the corresponding subcatchments and the
estimated water loss due to irrigation was abstracted from the streamflow. The effective
water loss was modelled assuming an average efficiency of the irrigation schemes of 60%,
which agrees well with studies in the area (Kienzle and Schmidt, 2008). The irrigation
season in Otago is reported to last from October until April (Kienzle and Schmidt, 2008)
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and the abstraction rules were implemented for that time period (Table 3.8). For the fifth
zone, the Manuherikia catchment, studies and reports with a more regional focus exist
(Kienzle and Schmidt, 2008; Manuherikia Catchment water strategy group, 2013; Golder
Associates, 2014). Based on their estimates the effective flow volume lost to irrigation
practices was set to 10.2 m3 s‐1, with approximately 20% being abstracted in the upper
tributaries and the remaining 80% in the lower part of the Manuherikia catchment (Table
3.8).

Figure 3.10 Areas with allocations of surface water for irrigation schemes (reproduced from Otago Regional
Council, 2008).
Table 3.8. Irrigation takes and estimated losses (assuming an efficiency of 60%) by zone. The estimated irrigation
takes were adopted from Otago Regional Council (2008) and implemented for the corresponding subcatchments
(ID) in WaSiM (see Figure 3.2 for map of subcatchments).
ID

Zone

7
14
17
2
15
16

Kawarau
Upper Clutha
Mid Clutha
Nevis
Manuherikia
Manuherikia

Irrigation takes
(m3 s‐1)
10.71
25.94
3.32
0.99
‐
‐

Irrigation loss
(m3 s‐1)
6.42
15.56
1.99
0.59
2.00
8.20
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3.5. Estimation of remaining parameters via calibration
3.5.1. Calibration workflow
After the parameterisation (as described in Sections 3.4.2 – 3.4.9) was completed, the
remaining parameters were determined as part of an iterative calibration process. The
parameters that required calibration stem from the following four submodels:
Unsaturated zone, groundwater, snow and glacier model. The calibration parameters of
the individual submodels are presented in Table 3.9 and are supplemented by the
corresponding parameters that were already defined as part of the parameterisation. To
enable the successive calibration of distinct parameter groupings, the calibration
parameters had to be predefined using either default values (WaSiM) or literature values.
Eventually these parameters were then replaced during the iterative calibration process.

Figure 3.11 The calibration workflow that was used to calibrate WaSiM. The individual parameters are shown in
Table 3.9.

The calibration workflow (Figure 3.11) tunes the six parameter groupings using auto‐
calibration (PSO; Section 3.5.3) complemented by manual parameter optimization. The
processing steps are shown in Figure 3.11, colour coded to match the highlighted
parameters of Table 3.9. As a compromise between maximizing the number of iterations
and processing time, the calibration period was set to the last 4 hydrological years
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(1/4/2008 – 31/3/2012) of the 20‐year model period (1/4/1992 – 31/3/2012). This
particular period was chosen because of the higher density of weather stations compared
to previous years and a better consistency of the streamflow records. The three main
steps of the calibration are described in more detail in Section 3.5.4.
Table 3.9 WaSiM Parameters of the unsaturated zone, groundwater, snow and glacier submodels (parameters
are defined in the WaSiM controlfile). The calibration parameters are colour coded (same colours as in Figure
3.11) for six parameter groupings. For the calibration parameters, a predefined temporary value (WaSiM default
or see footnote otherwise) and the calibration range are shown.
Submodel

Unsaturated zone

Parameter

Abbr.
kD

5

1‐150

h

kI

12

1‐150

h

Drainage density for interflow

dr

30

1‐100

m‐1

QDSnow

0.2

0‐1

‐

KX,Y

1.9e‐04

1e‐08 – 1e‐03

m s‐1

Colmation resistance

lk

1.0e‐05

‐

s‐1

Specific storage coefficient1

S0

0.1

‐

‐

Aquifer thickness2

d

15

‐

h

TRS

3

‐

°C

Ttrans

3

‐

K

T0

0

0.0‐2.0

°C

CWH

0.3

0.1‐0.4

‐

c0

2

0.01‐5.0

mm °C‐1 d‐1

CRFR

1.0

‐

‐

Temperature dependent DDF

c1

‐

0.01‐2.0

mm °C‐1 d‐1

Wind dependent DDF

c2

‐

0.01‐2.0

mm (°C m/s d)‐1

Minimum radiation melt factor

RMFMIN

‐

0.2‐3.6

mm °C‐1 d‐1

Maximum radiation melt factor

RMFMAX

‐

2.0‐8.0

mm °C‐1 d‐1

Temperature dependent DDF snow4

DDFsnow

4.55

3.00‐4.50

mm °C‐1 d‐1

Temperature dependent DDF firn

DDFfirn

5.86

5.09‐5.84

mm °C‐1 d‐1

4

DDFice

7.17

‐

mm °C‐1 d‐1

b

28.5

9.0‐28.5

m

Hydraulic conductivity (X,Y‐direction)

Temperature, at which 50% of
precipitation falls as snow3
Half of the temperature transition
range from snow to rain3
Tindex, Anderson & Glacier

Threshold temperature for snowmelt

Tindex, Anderson & Glacier

Water holding capacity of snow

Tindex

Temperature dependent DDF
Coefficient for refreezing

Anderson

Temperature dependent DDF ice
Volume‐area scaling factor
Glacier model

Unit

Storage coefficient interflow

becoming surface runoff

Snow accumulation

Calibration range

Storage coefficient surface runoff

Fraction of snowmelt, directly

Groundwater

Predefined

Volume‐area scaling exponent

f

1.36

‐

‐

Storage constant snow5

ELSs

120

‐

h

Storage constant firn5

ELSf

350

‐

h

5

Storage constant ice

ELSi

40

‐

h

Equilibrium line altitude6

ELA

1700

‐

m

1

Central Otago District Council (2009)
Queenstown Lakes District Council (2008)
3
Auer et al. (1974)
4
Anderson et al. (2006)
5
Klok et al. (2001)
6
Willsman et al. (2013)
2
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3.5.2. Efficiency criteria
3.5.2.1. Coefficient of determination
The Pearson product‐moment correlation coefficient (r) is an indicator of the strength of
a linear relationship between an observed (O) and a modelled (M) time series. The
covariance of O and M is divided by the product of their standard deviations. The squared
value (r2) of r ranges from 0 to 1. A perfect linear relationship (increasing or decreasing)
is given when r2 equals 1, while an r2 of 0 shows that there is no linear relationship
between the two variables.
∑
∑

∙
∙∑

(3.22)

As stated by Krause et al. (2005), r2 is solely a measure of the correlation between two
time series. A major drawback of r2 in the context of hydrological modelling is that it is
prone to not detecting systematic volume errors. As such, r2 could still be relatively high
despite a systematic over‐ or underestimation of O.

3.5.2.2. Nash‐Sutcliffe model efficiency coefficient
A common measure to determine the efficiency of a hydrological model is the Nash‐
Sutcliffe model coefficient of efficiency (NSE) (Nash and Sutcliffe, 1970). The NSE is a
comparison of the residual variance and the observed data variance. Theoretically the
NSE ranges from 1 to negative infinity, with 1 indicating an optimal model simulation.
1

(3.23)

A disadvantage of the NSE is caused by the fact that the residuals between observed and
modelled values are squared. The NSE overestimates larger values, which can lead to an
overestimation of the model’s accuracy during high flow conditions (Legates and McCabe,
1999; Krause et al., 2005). Another limitation of the NSE is that under low flow conditions
systematic over‐ or underpredictions can remain undetected. To overcome the sensitivity
of the regular NSE to extreme values, the NSE can be calculated alternatively with
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logarithmic values of O and M (NSElog). While low flows remain relatively unaffected, the
logarithmic transformation of the original values results in a flattening of the peaks,
reducing their influence on the NSE.

3.5.2.3. Root mean square error
The root mean square error (RMSE) is a widely use error statistic and is given by the
square root of the squared sum of the residuals between the observed and modelled data
values at time i. The RMSE can range from zero to positive infinity, with an optimal value
of zero, representing perfect model results.
∑

(3.24)

Within this chapter, the RMSE was solely used for the validation of the glacier model,
mostly because the RMSE has the same unit as the dependent variable (while NSE and r2
are unitless). Regarding the volume based validation of the glacier model with relatively
few data points, this was considered as an advantage of the RMSE over the other statistical
performance measures.

3.5.3. Particle swarm optimization
The auto‐calibration routine used in this study is based on the particle swarm
optimization (PSO) algorithm1. The PSO algorithm, which is based on the social behaviour
of fish swarms and flocks of birds (Kennedy and Eberhart, 1995), was developed to find
the global optimum for single‐objective problems (Krauße and Cullmann, 2012). PSO has
linkages to genetic and evolutionary algorithms, however one major difference that
separates PSO from genetic algorithms is the lack of crossover between populations.
Alternatively, in PSO individual entities have a collective consciousness, which is
composed by their individual experience and the global experience of the swarm and
which evolves throughout an optimization run (Shi and Eberhart, 1998; Gill et al., 2006).

1

http://au.mathworks.com/matlabcentral/fileexchange/25986‐constrained‐particle‐swarm‐optimization, last
retrieved in December 2016
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Major advantages of the PSO are its highly effective performance during the first iterations
and a fast operation during runtime (Jiang et al., 2010). Drawbacks of the PSO include
premature convergence and the potential for entrapment in a local optimum (Salehizadeh
et al., 2009). Alternatively, Monte Carlo based approaches have been shown to better
approximate the true Pareto frontier (Vrugt et al., 2003). However, they are
comparatively slow and typically require a very large number of model runs to sufficiently
explore a given parameter space (Krauße and Cullman, 2012). The study of Zhang et al.
(2009) compared the performance of several optimization algorithms in calibrating the
SWAT hydrological model. Genetic algorithms were found to perform best for larger
numbers of iterations, while PSO outperformed all of the approaches when the number of
iterations were constrained further (i.e. 500 or 1000). Given the limited computing
resources that were available for this study (i.e. no access to supercomputing) and
relatively long processing times, PSO was selected as an adequate compromise between
processing time and efficiency.
Within the PSO algorithm a number of random parameter sets are initialized, according
to the predefined number of populations. The number of parameters (D) define the search
space and consequently one particle (i) of the swarm is defined by a D‐dimensional vector
Xi = (xi1, xi2, ..., xiD). The velocity of the particle is also defined by a D‐dimensional vector Vi
= (vi1, vi2, ...,viD). The velocity, which is used to update the position of each particle, is
recalculated each iteration (t) based on the best solution of the particular particle so far
Pi = (pi1, pi2, . . ., piD) and the best solution of any particle G = (g1, g2, . . ., gD) in the swarm
(Jiang et al., 2010). Hence for iteration t+1, the velocity (v) of the d‐th parameter of a
particle (i) is calculated as follows:
(3.25)
constriction factor

where:

ac1, ac2 acceleration constants
r 1, r 2

random variables with range [0,1]

The new value of the d‐th parameter of a particle (i) can then be determined:
(3.26)
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Here, the constant ac1, representing the social attraction, was set to 1.25 and the cognitive
attraction (ac2) to 0.5. The constriction factor ( ) was set to 1, as it was decided to not
limit the calculated velocities to a maximum value. These values are conforming with two
conditions set up by Perez and Behdinan (2007), which are essential for a stable
functioning of the algorithm:
0

4
2

1

1

(3.27)

3.5.4. Calibration of the individual WaSiM modules
3.5.4.1. Calibration of the unsaturated zone and groundwater modules
In WaSiM four parameters of the unsaturated zone model (Table 3.9) need to be defined
for each subcatchment. Only headwater subcatchments were included in the auto‐
calibration, resulting in a total of six subcatchments (1, 4, 5, 8, 12 and 15). Primarily
because of the physical connection between the unsaturated zone model and the
groundwater model, the hydraulic conductivity of groundwater (Kx and Ky) was included
in this parameter group. A subcatchment based calibration of the conductivity parameter
(equal value for Kx and Ky) was deemed necessary due to the very limited information
found on the hydrogeological characteristics of the catchment. The five parameters were
then calibrated for each of the six subcatchments using the PSO algorithm in two
consecutive rounds. The PSO algorithm was set up for 15 populations (particles) and 20
generations (iterations), resulting in a total of 300 model runs. Due to the relatively low
number of runs, no stopping criteria needed to be predefined.
In the first round, only the parameters controlling subsurface flow (kI, dr and Kxy) were
included in the PSO. Given the physical link between low flow conditions and the
subsurface flow components, inter‐ and baseflow, 1‐NSElog (Section 3.5.2.2) was used as
objective function. The remaining two parameters (kD and QDsnow), controlling surface
runoff were calibrated in the second round. To preserve the sensitivity of the NSE to flood
peaks, 1‐NSE (Equation 3.23) was used as an objective function.
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After the auto‐calibration, the best‐fit parameters were regionalised to parameterise the
remaining subcatchments. The regionalization was based on spatial proximity and
topographical similarity with the grouping of the individual subcatchments shown in
Figure 3.2. As the realistic simulation of outflow at the three alpine lakes (subcatchments
3, 9 and 10) constituted a key performance criterion in this study, the regionalised
parameters of these subcatchments were further investigated. Therefore, the two storage
coefficients (kD and kI) were varied manually (150, 175, … ,300) and the effect on monthly
outflows re‐evaluated. If an increase in performance was achieved, the regionalised
parameter set was replaced with the optimized parameters.
The calibrated parameters of the individual subcatchments are shown in Table 3.10. The
parameters resulting from the auto‐calibration are all within the predefined parameter
ranges except for subcatchment 1, where kI reached the upper boundary (150). For the
subcatchments of lake Wakatipu (3) and Lake Wanaka (9) the manual calibration of kD
and kI revealed higher values (300).
Table 3.10 The auto‐calibrated parameter values of the unsaturated zone model and the groundwater model.
Subcatchment IDs of the headwater subcatchments that were included in the auto‐calibration are marked in
bold. The last two rows show the parameter sets of the subcatchments containing the alpine lakes after the
manual adjustment.
Subcatchments
1 and 2

kD

kI

dr

QDSnow

KX,Y

113.9

150.0

4.0

0.84

4.33e‐04

4 and 3

29.8

48.4

99.0

0.73

1.50e‐04

5,6 and 7

47.1

148.8

4.6

0.67

2.75e‐04

8,9,10 and 11

27.3

99.6

90.5

0.47

3.30e‐04

12,13 and 14

102.2

145.3

5.5

0.99

4.58e‐04

15,16,17 and 18

111.7

113.3

45.5

0.97

6.57e‐06

3

300.0

300.0

99.0

0.73

1.50e‐04

9 and 10

300.0

300.0

90.5

0.47

3.30e‐04

3.5.4.2. Calibration of the snow model
After the calibration of the unsaturated zone and groundwater model, the two routines
controlling snowmelt (Tindex model and Anderson (1973) model) were calibrated. Due
to the insufficient records of snow water equivalent (only one relatively short record at
Albert Burn) inside the catchment, the melt routines were calibrated against observed
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streamflow. A number of subcatchments were selected for the auto‐calibration and an
independent calibration was carried out for each subcatchment. The resulting parameter
sets were then averaged, for each of the two snow models respectively, to obtain a global
parameter set representative of the catchment wide conditions. Individual
subcatchments were selected based on the following criteria:
A)

Streamflow during winter and spring is substantially controlled by the process
of snowmelt.

B)

The size of the basin is relatively small (computing time).

C)

Natural flow conditions prevail (no dams or extensive irrigation).

Subsequently, three subcatchments were selected for calibration (Dart River [4], upper
Shotover River [5] and Matukituki River [8]). To increase the sensitivity of the PSO
towards a correct representation of the melt regime, the NSE was calculated using
monthly aggregated streamflow (NSEmo).
The Tindex model was calibrated first, with the parameters T0, CWH and c0 spanning the
three‐dimensional parameter space of a particle in the PSO (15 populations and 20
generations). This procedure was repeated for the calibration of the Anderson melt
model. In order to maintain a reasonably small parameter space, especially when
considering the low number of iterations (300), the common parameter CWH was taken
from the best‐fit set of the Tindex calibration. As some degree of dependence was
expected between the parameter T0 and the four melt factors of the Anderson model (c1,
c2, RMFMIN and RMFMAX), it was decided to recalibrate this parameter.
To test the performance of the global (average of the three subcatchments) parameter
sets, the modelled monthly flows were validated against the observed flows of the
Kawarau River at Chards Rd. The record was selected as the gauge integrates the largest
area in the upper Clutha (subcatchments 3, 4, 5, 6 and 7), where natural flow conditions
(controlled by snowmelt) are not substantially moderated by water management. As the
modelled monthly flows at Chards Rd showed larger inaccuracies, the relatively high
values of T0 (1.37 and 1.34°C, Table 3.11) that were obtained in the auto‐calibration were
optimised manually (0, 0.25, …, 1.25°C). For both models a T0 of 0°C resulted in a
substantial improvement at Chards Rd and was thus selected as part of the final model
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configuration. The final global parameters of the Tindex and Anderson model are shown
in Table 3.11 (“Used”).
Table 3.11 The parameters of the two snowmelt models as determined by the calibration workflow for the three
selected alpine subcatchments (4, 5 and 8). The final values (“Used”) are a direct result of the auto‐calibration
(“Mean”), except for T0, which was manually altered for the Tindex and Anderson models, respectively, resulting
in a lower value of T0.
WaSiM‐Tindex

Sub‐4

Sub‐5

Sub‐8

Mean

Used

T0

0.19

1.94

1.98

1.37

0

CWH

0.40

0.21

0.27

0.29

0.29

c0

1.19

2.49

2.04

1.91

1.91

T0

0.84

1.87

1.32

1.34

0

WaSiM‐Anderson
c1

0.02

1.67

0.20

0.63

0.63

c2

0.01

0.09

0.14

0.08

0.08

RMFMIN

0.59

0.20

0.29

0.36

0.36

RMFMAX

3.96

2.95

2.49

3.13

3.13

3.5.4.3. Calibration of the glacier model
After readjusting the threshold for snowmelt (T0) (as described in the previous section),
which is a common parameter of both the snow and glacier models, the glacier model was
calibrated in the final step. Annual estimates of the catchment’s ice volume, available
between 1994 and 2010 (Willsman, 2011), served as validation source. The method used
by Willsman (2011) is described in detail in Chinn et al. (2012). In their approach the
annual ELA is obtained from aerial photos of selected index glaciers. The ELAs are then
used to derive the annual mass balances of the glaciers, which are then extrapolated to
the remaining glaciers (small to medium) in the Southern Alps using the New Zealand
glacier inventory (Chinn et al., 2012).
In a first step, the initial total volume of water stored in ice and firn was approximated by
a manual calibration (1994‐2001) of the empirical factor b (average depth of a 1 km2
glacier). The parameter b was varied in increments of 0.5m (9 – 24m) and the model
relaunched at the start of the spin‐up period (1/4/1990). At this stage DDFsnow, DDFfirn and
DDFice had still been set to the values of Anderson et al. (2006) (column “predefined” in
Table 3.9). Eventually the value of b resulting in the smallest error at the first volume
“measurement” (1/4/1994) was selected (b = 10.5m).
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In the second step the DDFsnow was manually calibrated, while DDFice was kept at the
predefined value of Anderson et al. (2006). The DDFfirn value was calculated by averaging
DDFsnow and DDFice, to ensure a physically sound relationship between the three
parameters (DDFice > DDFfirn > DDFsnow) as recommended by Schulla (2012). Considering
the low number of observations (9 data points) available during the calibration period
(1994‐2001), the RMSE (Equation 3.24) was selected as an objective function opposed to
the NSE.
The adjusted parameters (Table 3.12) differ from the preliminary values shown in Table
3.9. The DDFsnow (3.8 mm °C‐1 d‐1) is lower than the value (4.55 mm °C‐1 d‐1) applied by
Anderson et al. (2006), but is comparable to studies conducted outside of New Zealand
(Hock, 2003). The value of b (10.5m), which was approximated manually, is substantially
lower than the WaSiM default of 28.5m. As the volume in WaSiM is estimated by an
empirical volume‐area relationship (Chen and Ohmura, 1990; Equation 3.10) the area of
the individual glaciers is a sensitive input parameter. In this case, the selected grouping
algorithm (8 cell moving window) combined with the relatively coarse resolution of the
model (1 km2) resulted in a relatively low number of glaciers (67). Thus, the actual area
of some of the medium to larger glaciers in the catchment is overestimated due to the
grouping algorithm. Consequently, the disparity between modelled and real glacier areas
explains why b had to lowered in order to approximate the ice volume estimate of
Willsman (2011).
Table 3.12 The final parameters of the glacier model that were obtained by the manual calibration.
Parameter

Value

Unit

DDFsnow

3.80

mm °C‐1 d‐1

DDFfirn

5.54

mm °C‐1 d‐1

DDFice

7.17

mm °C‐1 d‐1

b

10.50

m
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3.6. External routines
3.6.1. The external hydropower model
To allow for the simulation of hydropower generated at Clyde and Roxburgh, WaSiM was
coupled with an external (MATLAB based) hydropower module. The hydroelectric power
generated by a plant is a function of kinetic and potential energy, with the two main
parameters being hydraulic head and streamflow. The capacity of the two dams Clyde and
Roxburgh (Figure 1.1c) was calculated as follows:
∙
where: Pc

∙

∙

∙

(3.28)

capacity for a certain time period [kW]

ηe

efficiency factor of hydropower plant

p

density of water [kg m‐3]

g

gravitational acceleration [m s‐2]

Q

streamflow [m3 s‐1]

H

hydraulic net head [m]

The hydroelectric power generation for a given time period is then given by:
∙
where: E
t

(3.29)
hydroelectric power generation [kWh]
time [h]

In the module the density of water equals 1 (1000 kg m‐3) and the gravitational
acceleration was set to its conventional standard value of 9.81 m s‐2. The operating head
(H) varies depending on the headwater and tailwater levels at both dams. Here, the mean
values of 59 and 45m were used for Clyde and Roxburgh, respectively (Malcolm Taylor,
Contact Energy, personal communication). The efficiency (ηe) of transforming the
available energy into electricity at both plants is almost identical and equals
approximately 0.91 (Malcolm Taylor, Contact Energy, personal communication). The
maximum operational flows correspond to 950 m3 s‐1 at Clyde (4 turbines) and 860
m3 s‐1 at Roxburgh (8 turbines). As part of the initial set up these values were adopted,
which implies a constant potential operation under full load at both schemes. With these
thresholds and constants defined, the only remaining variable is the flow at the two hydro
dams, which can either be supplied in the form of observed (corresponding hydro gauge)
or modelled (WaSiM) streamflow.
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3.6.2. Estimating the proportion of snowmelt on total streamflow
In WaSiM the proportion of snowmelt (Qm) on total streamflow (Q) is not explicitly
calculated and was thus determined externally using WaSiM output grids. In the long term
the fraction of snowmelt that gets to the stream can be approximated using the following
equation (J. Schulla, personal communication):
(3.30)
where: Ps

solid precipitation [mm]

ETs

sublimation of snow [mm]

P

total (solid and liquid) precipitation [mm]

This approach accounts for the additional hydrological processes which are assumed to
be traversed by the melt water. After melting, a proportion of the water is intercepted by
the vegetation surface, of which a certain amount is evaporated. Then the remaining melt
water becomes either surface runoff or infiltrates into the soil. In the soil some of the
infiltrated melt water is lost to ET before the remaining melt water can reach a stream
channel as subsurface flow. Consequently, the denominator P was not reduced by
subtracting ET, as P and Ps were assumed to be equally affected by ET. It needs to be noted
that the approach does not account for any liquid precipitation that gets stored in the
snow pack. If this component was included, then the proportion of snowmelt would be
higher.

3.7. Simulation results
3.7.1. Evaluation of modelled streamflow
Considering the wider scope of this study and the main use of WaSiM as a tool to study
the Clutha catchment under climate change, the realistic simulation of monthly flows and
the long‐term regimes were two essential performance criteria. In Figure 3.12 the
observed regimes are compared with the modelled regimes of the two WaSiM versions
WaSiM‐Tindex and WaSiM‐Anderson. Constrained by the actual availability of daily
streamflow data (Table 3.1) the regimes are based on variable record lengths between 8
and 20 years. The regimes are shown in the hydrological order beginning with the
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headwater subcatchments. To keep the section concise, the modelled regimes of WaSiM‐
Anderson are analysed first and are then compared with the WaSiM‐Tindex simulation.
The Hillocks (upper Dart River) has the highest area weighted runoff of the gauged Clutha
catchment making a correct simulation of the long‐term regime especially important. The
15‐year mean monthly flow was simulated accurately by WaSiM‐Anderson except for
some relatively small biases in May, September and February (Figure 3.12). To the east of
the Dart River, the regime at West Wanaka (Matukituki River) was met by the model for
most of the year except for February, when mean flow was underestimated. While a
correct representation of monthly flow of the individual tributaries feeding Lake
Wakatipu and Wanaka (no records available for Hawea inflows) is important, a correct
representation of the lake outflows is indispensable as they account for approximately
64% of the Clutha catchment’s streamflow. The general representation of the regime at
Lake Wanaka outlet is good with only minor inaccuracies between August and March.
Flow is underestimated in July, and overestimated by a similar amount during April and
May.
Considering the limited record length at Frankton (Lake Wakatipu outlet) and the fact
that it required correction due to backwater effects (Webby and Waugh, 2006), it was
decided to focus on the record at Chards Rd. At Chards Rd, located downstream of the
junction of the Kawarau and Shotover Rivers, the modelled regime shows an excellent fit
between September and March. In the remaining months biases are relatively
pronounced with similar amounts being over‐ and underestimated, during April‐May and
July‐August, respectively. The overestimation of monthly streamflow (April and May)
followed by the underestimation (July and August) also occurs at most gauges of the upper
catchment except The Hillocks and West Wanaka. This error becomes increasingly larger
for gauges at a greater distance from the main divide (Lake Wanaka → Bowens Peak →
Chards Rd). At Camphill Br, located downstream from the Lake Hawea outlet, the
managed regime is represented realistically by the model, which was expected as the
reservoir module was explicitly parameterised for the 20‐year regime (Section 3.4.8).
Further downstream the biases at Clyde and Roxburgh are relatively small, albeit
individual months are underestimated more at Roxburgh. At the catchment outlet
(Balclutha) the complex interaction of various hydrological processes upstream has
resulted in an observed maximum in June followed by the main peak between October
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and January. Both of these features are modelled correctly, albeit inaccuracies exist for
individual months. Obviously, a redistribution of overestimated (April, May and June) and
underestimated (July and August) monthly amounts would improve the modelled regime.
The most likely explanation for this discrepancy is an underestimation of the snow
storage in autumn and early winter (i.e. too much runoff is generated), and consequently
a lack of snowmelt in the two following months.
Regarding the modelled regimes of the Tindex model two major differences can be
observed. At all gauges the main melt peak between November and December is
underestimated with largest biases at Bowens Peak, West Wanaka, Chards Rd and
Wentworth. Between May and August, on the contrary, monthly flows are higher, which
results in a closer fit with the observed regime at most sites in July and August. However,
the positive biases between May and June, that were found for WaSiM‐Anderson, are
further increased at most gauges. In the lower Clutha, the accumulation of the errors
found at the upstream gauges can be seen at Clyde and Balclutha, where the
overestimation of streamflow during autumn has been augmented compared to WaSiM‐
Anderson and flows in summer are substantially underestimated.
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Figure 3.12 Observed (black line) and modelled regimes at 14 streamflow gauges based on their maximum data
availability between 1992 and 2012 (hydrological years). The modelled regimes correspond to the two WaSiM
versions using either the Tindex (blue line) or the Anderson (red line) snow model (Note different y‐axes).
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The performance of WaSiM‐Anderson for daily and monthly streamflow was evaluated
next using common efficiency criteria (Table 3.13). Based on the performance rating of
Moriasi et al. (2007) (further referred to as Moriasi score), the NSEmo values are very good
for most gauges during the validation period. The performance at Frankton and Bowens
Peak was classified as good, while at Nevis Wentworth a monthly NSE of 0.47 indicated a
satisfactory simulation. The substantially worse performance at Nevis Wentworth
compared to Nevis Burn is surprising, considering the relatively small increase in the area
of the watershed between the two. The dramatic change in performance can also be
observed for daily time steps during both periods (calibration and validation). No
technical problems have been reported for the hydro gauge at Wentworth, consequently
speculations about potential issues at the site could not be confirmed.
Table 3.13 The efficiency criteria (as presented in Sections 3.5.2.1 and 3.5.2.2) during the calibration (CAL) and
validation (VAL) periods calculated for the WaSiM‐Anderson simulation. NSEmo corresponds to the NSE based on
monthly streamflow. The Moriasi score is shown for NSEmo during the validation period.
CAL (1/4/2008‐31/3/2012)

VAL (1/4/1992‐31/3/2008)

r2

NSE

NSElog

NSEmo

r2

NSE

NSElog

NSEmo

Nevis Burn*

0.66

0.65

0.70

0.77

0.63

0.58

0.69

0.68

0.62

0.15

0.34

0.45

0.30

0.28

0.67

0.47

0.90

0.85

0.86

0.85

0.79

0.71

0.69

0.72

•••

Dart

Wentworth Stn*
Lake Wakatipu
outlet*
The Hillocks*

•••
•

0.77

0.77

0.77

0.92

0.64

0.64

0.64

0.78

5

Shotover

Peat’s Hut*

0.69

0.64

0.67

0.81

0.61

0.60

0.65

0.76

6

Shotover

Bowens Peak

0.51

0.36

0.30

0.58

0.54

0.51

0.50

0.66

7

Kawarau

Chards Rd

0.91

0.87

0.88

0.89

0.87

0.87

0.86

0.89

8

Matukituki

0.69

0.67

0.64

0.80

0.64

0.62

0.72

0.83

9

Clutha

0.92

0.90

0.89

0.92

0.87

0.87

0.87

0.90

••••

10

Hawea

West Wanaka
Lake Wanaka
outlet
Camphill Br

••••
••••
•••
••••
••••

0.42

0.41

0.41

0.62

0.22

0.22

0.25

0.41

12

Lindis

Lindis Peak

0.52

0.51

0.57

0.74

0.58

0.58

0.71

0.79

14

Clutha

Clyde*

0.86

0.83

0.78

0.87

0.79

0.78

0.73

0.85

15

Manuherikia

Ophir

0.51

0.49

‐

0.61

0.62

0.60

‐

0.78

17

Clutha

Below Roxburgh*

0.86

0.82

0.76

0.86

0.76

0.73

0.65

0.81

18

Clutha

Balclutha

0.84

0.77

0.70

0.81

0.81

0.80

0.75

0.88

•
••••
••••
••••
••••
••••

Sub‐
ID

River

Station

1

Nevis

2

Nevis

3

Kawarau

4

Moriasi
score

* Record does not cover the entire validation period. For actual record length see Table 3.1.

The only other unsatisfactory performance was observed at Camphill Br with a NSEmo of
0.41. This low value shows that the variability of monthly streamflow is not sufficiently
captured by the management model, which was parameterised to reproduce the 20‐year
regime. Considering the complex decision process that underlies the management of the
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weir at Lake Hawea and the satisfactory performance during the calibration period
(NSEmo of 0.62), the skill of the model is still acceptable. Considering the unmanaged part
of the upper Clutha (Chards Rd and Lake Wanaka outlet) that accounts for 71% (based on
1992‐2012 period) of the streamflow at the catchment outlet (Balclutha), the model
performance is very good for both daily and monthly streamflow. For Chards Rd and Lake
Wanaka outlet the decrease in performance (0.00 and 0.02) between calibration and
validation periods is very small indicating a strong predictive power of the model. At the
catchment outlet (Balclutha) the monthly performance is very good throughout both
periods with a considerably higher NSEmo value (+7%) for the validation period.
Based on the Moriasi score the performance of WaSiM‐Tindex (Table 3.14) is identical to
WaSiM‐Anderson, with the exception of increased performance levels at Nevis Burn and
Lake Wakatipu outlet. The NSEmo values also indicate a relatively similar performance
throughout the catchment. Considering the key sites (in terms of flow volume) WaSiM‐
Anderson outperforms WaSiM‐Tindex at Chards Rd, Clyde, Roxburgh and Balclutha, while
NSEmo values are identical at Lake Wanaka outlet.
Table 3.14 The efficiency criteria (as presented in Sections 3.5.2.1 and 3.5.2.2) during the calibration (CAL) and
validation (VAL) periods calculated for the WaSiM‐Tindex simulation. NSEmo corresponds to the NSE based on
monthly streamflow. The Moriasi score is shown for NSEmo during the validation period.
CAL (1/4/2008‐31/3/2012)

VAL (1/4/1992‐31/3/2008)

Moriasi

r2

NSE

NSElog

NSEmo

r2

NSE

NSElog

NSEmo

score

Nevis Burn*

0.58

0.58

0.64

0.67

0.64

0.63

0.69

0.75

0.49

0.17

0.29

0.43

0.32

0.27

0.67

0.45

••••
•

0.91

0.88

0.89

0.89

0.80

0.77

0.75

0.78

••••

Dart

Wentworth Stn*
Lake Wakatipu
outlet*
The Hillocks*

0.77

0.77

0.78

0.92

0.65

0.65

0.68

0.79

Shotover

Peat’s Hut*

0.68

0.65

0.70

0.82

0.62

0.62

0.70

0.79

6

Shotover

Bowens Peak

0.48

0.34

0.34

0.53

0.52

0.50

0.53

0.62

7

Kawarau

Chards Rd

0.90

0.88

0.87

0.90

0.87

0.85

0.86

0.87

8

Matukituki

0.68

0.67

0.65

0.80

0.64

0.62

0.72

0.82

9

Clutha

0.92

0.90

0.88

0.91

0.87

0.87

0.88

0.90

••••

10

Hawea

West Wanaka
Lake Wanaka
outlet
Camphill Br

••••
••••
•••
••••
••••

0.41

0.41

0.40

0.61

0.22

0.21

0.25

0.40

12

Lindis

Lindis Peak

0.48

0.46

0.55

0.66

0.58

0.58

0.68

0.76

14

Clutha

Clyde*

0.83

0.80

0.75

0.83

0.78

0.78

0.74

0.84

15

Manuherikia

Ophir

0.50

0.48

‐

0.60

0.63

0.62

‐

0.79

17

Clutha

Below Roxburgh*

0.83

0.80

0.73

0.83

0.73

0.71

0.66

0.78

18

Clutha

Balclutha

0.82

0.75

0.67

0.78

0.79

0.79

0.75

0.86

•
••••
••••
••••
••••
••••

Sub‐
ID

River

Station

1

Nevis

2

Nevis

3

Kawarau

4
5

* Record does not cover the entire validation period. For actual record length see Table 3.1.
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Regarding daily flows (only shown for WaSiM‐Anderson), the visual inspection of
modelled and observed hydrographs (Figure 3.13) confirmed the generally good
performance at most sites from the main stream network as indicated by the
corresponding NSE values (Table 3.13). The observed hydrograph at the three headwater
gauges (The Hillocks, West Wanaka and Peat’s Hut) is modelled realistically throughout
the calibration period with a good fit during most medium and low flow conditions
(noticeable exceptions are winter 2009 and summer 2012). A weakness of the model is
that high flow events at the three sites are generally underestimated. When compared to
the flow records, the modelled daily lake outflows reflect the high NSE values. As indicated
by the NSE and NSElog values, the performance of the model is slightly better for Lake
Wanaka outlet, while some inaccuracies can be seen between July 2010 and May 2011 at
the Lake Wakatipu outlet (Frankton). Despite reproducing the long‐term regime at Lake
Hawea (Figure 3.12; Camphill Br), the model clearly fails at simulating the full extent of
the operational range. Consequently, during peak periods (usually in winter) when up to
200 m3 s‐1 (11.72 mm d‐1 km‐2) are released for hydropower production, the model
underestimates the amounts released. The inverse holds for time periods between those
major releases, when the modelled outflow is too high. Despite these weaknesses, the
integrated volume released over longer time periods (e.g. November 2008 – December
2009) is modelled with reasonable accuracy (e.g. NSEmo of 0.62 during calibration period).
Regarding the daily streamflow at Clyde, Roxburgh and Balclutha, the inter‐daily dynamic
is substantially greater in the observed hydrograph, which is likely caused by the
discrepancies between the actual management and the Lake Hawea reservoir model.
Apart from these inaccuracies the main flood peaks are modelled reasonably well except
for one major event during winter 2009. During this event the flood peak, including the
subsequent period of reduced flow, was substantially underestimated by the model. This
was likely caused by a propagation of errors starting with underestimating flow upstream
at Lake Wanaka and insufficient water being released by the management model at Lake
Hawea. Further downstream the major flood event was also underestimated at the two
tributaries Lindis Peak and Ophir, which would have further enhanced the negative bias.
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snow water equivalent (SWE) is plotted on the upper x‐axis (use y‐axis on right side of plot).
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Figure 3.13 Observed and modelled (WaSiM‐Anderson) daily flows at 12 gauges. The hydrographs are shown as area weighted specific runoff [mm d‐1 km‐2]. The
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3.7.2. Results from the snow and glacier models
For both snow models the snow water equivalent (SWE) includes the solid and liquid
fractions of the snow pack. Accordingly, the following results involving SWE are based on
the total water content of the snow pack. Beginning with WaSiM‐Anderson, the mean
monthly distribution of SWE during the study period (1992‐2012) shows a pronounced
seasonal pattern (Figure 3.14). In February, the snow‐covered area (SWE ≥ 1 mm) reaches
a minimum and then starts to extend moderately until April. Between May and August,
the SWE of individual cells increases substantially in most parts of the upper catchment,
while in July the lowest areas already show a reduction in their snow‐covered area
(compared to June). In the higher ranges and particularly in proximity to the main divide,
SWE values continue to increase until September. Between October and February, the
SWE then decreases rapidly with substantial amounts persisting in the upper ranges of
the headwaters. The monthly SWE volume (catchment total) is lowest in April (0.19 km3)
and highest in September (3.06 km3).
Figure 3.15 shows mean monthly differences in SWE between WaSiM‐Tindex and WaSiM‐
Anderson. Between December and May, WaSiM‐Tindex modelled substantially higher
SWE values in the high elevation cells of the upper Clutha, which becomes evident in the
total SWE volume of the catchment. The volume is about 26% (0.25 km3) higher in
December for WaSiM‐Tindex. The difference then decreases until July when lower SWEs
in medium to high elevations are modelled by WaSiM‐Tindex resulting in a lower overall
volume (5% or ‐0.10 km3). This pattern becomes more pronounced until September,
when the volume of the SWE is 10% lower (‐0.29 km3) compared to WaSiM‐Anderson. It
can be concluded that in the WaSiM‐Tindex run, considerably higher SWE values persist
throughout summer and autumn (slower snow melting process) in the highest grid cells
of the upper catchment. In winter and spring WaSiM‐Tindex then models lower SWE
values in most of the medium and high elevation cells of the upper catchment.
As described in Section 3.6.2 the proportion of snowmelt (Qm) on total streamflow (Q)
could only be approximated for the solid precipitation fraction that is stored in the snow
pack. Thus, the following estimates of Qm/Q are expected to be higher if rainfall stored in
the snowpack was also included. Based on the WaSiM‐Anderson output (Figure 3.16a) the
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volume of SWE [km3] is also shown in the bottom of the watershed.
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Figure 3.14 Modelled mean monthly snow water equivalent grids based on the daily output of WaSiM‐Anderson. Data period: 1/4/1992‐31/3/2012. The total monthly

SWEs compared to WaSiM‐Anderson (respectively). All changes within ±10 mm were considered to be minor and left blank. The numbers in the bottom of the
watershed show the difference in volume (km3) between the Tindex and Anderson WaSiM versions. Data period: 1/4/1992‐31/3/2012
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Figure 3.15 Monthly differences of SWE between WaSiM‐Tindex and WaSiM‐Anderson. Cells are orange (grey/blue) where WaSiM‐Tindex modelled lower (higher)

Chapter 3 ‐ The hydrological model

mean annual Qm/Q varies considerably throughout the catchment, exceeding 80% in
proximity to the main divide. As expected, Qm/Q is highest at grid cells that also showed
the highest SWE values (Figure 3.16a). When considering the Qm/Q values representative
of the watersheds of the individual flow gauges, the subcatchment based values of Qm/Q
still vary substantially. Catchment wide, Qm/Q equates to 14% at Balclutha with higher
values of Qm/Q upstream at the hydroelectric dams of Roxburgh (16%) and Clyde (17%).
For the watershed of Lake Wakatipu (Frankton), the analysis revealed a Qm/Q of 21%,
which exceeds the proportions found for Lake Wanaka (16%) and Hawea (18%). The
largest values of Qm/Q were calculated at Peat’s Hut (24%), The Hillocks (25%) and Nevis
Wentworth (22%). Other than the monthly differences in SWE (Figure 3.15), the long‐
term mean value of Qm/Q does not differ substantially when using WaSiM‐Tindex (Figure
3.16b). The spatial distribution of Qm/Q inside the catchment is also rather similar and the
computed values corresponding to the individual gauges do not differ more than ±1%.

(a)

(b)

Figure 3.16 Fully distributed annual mean proportion of snowmelt on streamflow (1/4/1992‐31/3/2012) based
on Equation (3.30) for (a) WaSiM‐Anderson and (b) WaSiM‐Tindex. The numbers inside the grid represent the
subcatchment averages corresponding to the respective flow stations.
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Performance of the glacier model was validated using the remaining (2002‐2010) mass
balance estimates (Willsman, 2011) that were not part of the calibration. The volume
estimates of Willsman (2011) show an increase between 2002 and 2005, followed by a
decrease of a similar magnitude (Figure 3.17). The modelled volume stays relatively
constant (2002‐2005) and then starts to decrease slowly, underestimating the last
volume estimate in 2010 (Willsman, 2011) by 2.9%.
Over the 16‐year period the modelled glacier area declined from 132 km2 to 85 km2. The
relatively strong retreat of the glaciers is mainly caused by many of the small isolated
glaciers disappearing that were part of the original permanent snow and ice classification
(LCDB v3.0). Because of the small area of these glaciers the impact on the overall volume
is relatively small. According to these results the modelled final extent (in 2010) of the
glaciers is substantially smaller than the 147 km2 estimated by Chinn (2001). A likely
contribution to this error is the extent defined at the model start (1/4/1992), which is
based on the 2009 extent as defined in the LCDB v3.0. No suitable information on
permanent snow and ice cover was available prior to 2009 and the LCDB v3.0 product
was therefore the only suitable data. Given the hydrological focus of this study, a realistic
representation of the volume of the glaciers is more important than their extent and
therefore the performance of the glacier model was deemed acceptable.

Figure 3.17 Modelled glacier volume (VolumeMOD) inside the Clutha catchment versus the volume estimates of
Willsman (2011) (VolumeOBS). The modelled glacierized area (AreaMOD) is also displayed.
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3.7.3. The long‐term water balance
The fundamental criterion for a valid simulation is the fulfilment of the water balance
equation:
Δ
where: P

(3.31)

precipitation [mm]

ET

evapotranspiration [mm]

Q

streamflow [mm]

∆S

changes in storage [mm]

For the 20‐year study period annual precipitation equalled 1415 mm averaged across the
entire catchment (Balclutha). The additional terms actual evapotranspiration (ET) and
streamflow (Qmod) were modelled (WaSiM‐Anderson) at 489 mm and 896 mm,
respectively (Table 3.15).
Table 3.15 The main terms of the water balance are shown for the flow gauges that were operating througout
the 20‐year period 1/4/1992 – 31/3/2012. Precipitation (P) is composed of the liquid (Pl) and solid fractions (Ps).
The remaining terms are actual evapotranspiration (ET), water lost by abstractions for irrigation (AI) and
streamflow (Q). The relative error (Qerr) between modelled (Qmod) and observed streamflow (Qobs) is shown for
all gauges, while the change in storages (∆S) based on Equation (3.31) is only presented for Balclutha.
WaSiM‐Anderson
Sub‐ID

River

Station

P

Pl

Ps

ET

AI

Qmod

Qobs

Qerr

∆S

6

Shotover

[mm]
1474

[mm]
1104

[mm]
370

[mm]
387

[mm]
0

[mm]
1074

[mm]
1124

[%]
‐4.4

[mm]

Bowens Peak

7
8

Kawarau

Chards Rd

1982

1509

473

445

1

1492

1469

1.6

Matukituki

West Wanaka

2736

2099

638

428

0

2296

2330

‐1.5

9

Clutha

Lake Wanaka

2949

2412

537

471

0

2510

2413

4.0

10

Hawea

Camphill Br

1871

1471

400

494

0

1356

1340

1.2

12

Lindis

Lindis Peak

872

779

93

511

0

357

353

1.2

15

Manuherikia

Ophir

702

611

91

485

1

199

197

0.8

18

Clutha

Balclutha

1415

1173

242

489

29

896

892

0.4

1

Balclutha

1415

1173

242

490

29

894

892

0.2

1

WaSiM‐Tindex
18

Clutha

The amount of ET that was modelled by the Penman‐Monteith approach needs to be
combined with the amount of water that was conceptually abstracted due to irrigation
practises (29 mm), resulting in a total of 518 mm. Based on these terms the expected
change in storages would be 1 mm, while the sum of the modelled changes in the
individual storages amounts to ‐4.5 mm (Table 3.16). Consequently, a model internal
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water balance error of ‐5.5 mm a‐1 occurred, which corresponds to 0.4% of the mean
annual precipitation. A similar mismatch in the water balance has been found in other
implementations of WaSiM and has been reported to occur when both the lake and the
glacier models are activated (J. Schulla, personal communication), leading to small
numerical errors. Despite the relatively small magnitude of the error found in this study,
it still needs to be monitored for consistency as part of the climate change impact study
(Chapter 5).
Table 3.16 The individual storages and their changes (mean annual change) during the 20‐year model period. The
total change (∆S) is based on the following 6 storage components: snow water equivalent (∆SWE), glacier volume
(∆GV), soil water (∆e), lakes (∆POND) and interception (∆I).
∆SWE

∆GV

∆Ө

∆POND

∆I

∆S

[mm]

[mm]

[mm]

[mm]

[mm]

[mm]

Anderson

‐0.52

‐3.88

0.00

‐0.13

0.00

‐4.53

Tindex

‐0.50

‐3.88

0.16

‐0.09

0.00

‐4.31

The mean annual water balance terms and the main storages were transferred into
volumes to inspect their relative importance (Table 3.17). Precipitation clearly accounts
for the largest volume (29 km3) of which 37% are evaporated (including irrigation ET),
while the remaining portion (63%) leaves the catchment as streamflow. The effective
volume (difference between maximum operating level and sill level) of the three lakes
was estimated to be 4 km3 making it the largest storage component, followed by glacier
storage (3 km3) and seasonal snow (1.5 km3). The SWE storage varies seasonally and
becomes largest during spring when the seasonal snow reaches a water volume of 2.8
km3.
Table 3.17 The volumes of the water balance terms and three main storage components. The seasonal SWE
volumes are shown for WaSiM‐Anderson with the volumes computed by the WaSiM‐Tindex simulation in
brackets. The ice storage corresponds to the modelled value for March 2001 (= middle of the 20‐year model
period).
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Lake

Ice

storage

storage

18.45

4.00

3.03

63.3

13.7

10.4

P

ET

Q

Volume [km3]

29.13

10.66

Relative to P [%]

100.0

36.6

SWE storage
DJF
1.03
(1.25)
3.5
(4.3)

MAM
0.28
(0.44)
0.9
(1.5)

JJA
1.84
(1.74)
6.3
(6.0)

SON
2.79
(2.63)
9.6
(9.0)

YEAR
1.48
(1.51)
5.1
(5.2)
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At last the distributed mean annual water balance is shown in Figure 3.18 where
precipitation less ET results in runoff. The highest ET rates were modelled at the three
lakes: Wakatipu (1041 mm), Wanaka (1126 mm) and Hawea (1117 mm). ET totals are
lowest in the upper Clutha and particularly low in the medium to high elevations. The
spatial pattern of runoff predominantly follows precipitation, but becomes increasingly
diversified in the central parts of the catchment. For parts of the lakes, river cells and some
land cells, ET is higher than precipitation and consequently runoff becomes negative. This
effect becomes strongest for the lakes and parts of the stream network where the amount
of evaporable water is abundant, while lateral fluxes in the saturated soil layers provide
the additional water in the driest areas of the central catchment. The annual ET rates of
the individual land cover classes are shown in Table 3.18. As already demonstrated in
Figure 3.18, ET is highest for water bodies (1023 mm), followed by fernland (633 mm)
and high producing exotic grassland (621 mm). The most frequent class, tall tussock
grassland, has a substantially lower annual ET of 367 mm.

Figure 3.18 Mean annual precipitation (P) and actual evapotranspiration (ET) during the 20‐year period
1/4/1992 – 31/3/2012. P less ET results in the mean annual runoff (Q).
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Table 3.18 Mean annual ET (actual evapotranspiration) of the 14 most frequent land cover classes. For the
remaining 11 classes the individual ET values were averaged.
Land cover
Tall Tussock Grassland
High Producing Exotic Grassland
Low Producing Grassland
Indigenous Forest
Lake, Pond and River
Gravel and Rock
Depleted Grassland
Sub Alpine Shrubland
Exotic Forest
Fernland
Alpine Grass/Herbfield
Manuka and/or Kanuka
Permanent Snow and Ice
Mixed Exotic Shrubland
Other

Area [km2]
7088
4525
3852
1209
750
714
532
399
346
284
189
173
152
116
257

ET [mm]
367
621
522
436
1023
405
449
340
525
633
436
378
263
271
446

3.7.4. Modelled annual electricity production at Clyde and Roxburgh
To evaluate the performance of the external hydropower model, the actual yearly power
generation at the two dams was compared to the modelled generation (Emod). Therefore,
the hydropower model was either forced by Qmod or Qobs resulting in Emod_Qmod and
Emod_Qobs, respectively. The use of Qmod allowed the isolation of errors caused by the
hydrological model. First, the initial set up was used (see Section 3.6.1), in which a
constant potential operation under full load is assumed at both Clyde (950 m3 s‐1) and
Roxburgh (860 m3 s‐1), respectively. Under this parameterisation the mean annual
production was overestimated by both Emod_Qobs (7 and 6%) and Emod_Qmod (11 and 3%).
The relatively large errors of Emod_Qobs indicate that the actual operational flows are lower
and that both dams do not always operate under full load, which was confirmed by the
dam operators. Firstly, at any time at least one generator is out of service at both dams for
maintenance causing a reduction of the maximum flow to 700 m3 s‐1 at Clyde and 750
m3 s‐1 at Roxburgh (M. Taylor, Contact Energy, personal communication). Secondly, wind
energy has priority in the New Zealand electricity market, which in times of extensive
simultaneous supply (high flows frequently accompanied by high wind speeds) results in
the spilling of water while wind energy is utilised (M. Taylor, Contact Energy, personal
communication). As the complexity of the latter surpasses the scope of this study, it was
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decided to manually adjust the maximum operational flows in steps of 10 m3 s‐1 until the
mean production error was minimized. This approximation, which is further referred to
as Best Fit (BF) management, resulted in maximum operational flows of 560 and 530
m3 s‐1 at Clyde and Roxburgh, respectively.

(a)

Annual power generation Clyde [GWh]

2500

2000

1500

1000

500

0
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 Mean
(b)

Annual power generation Roxburgh [GWh]

2500

2000

1500

1000

500

0
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 Mean
Figure 3.19 The annual power generation at (a) Clyde and (b) Roxburgh. The red bars represent the official
production as provided by Contact Energy. The generations based on the hydropower model forced by either
observed streamflow (Emod_Qobs) or modelled streamflow (Emod_Qmod) are shown in blue and grey, respectively.
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At Clyde (Figure 3.19a) the actual production (Contact Energy) of individual years is
reproduced realistically by Emod_Qobs with errors ranging between ‐4 and 5%, while the
errors are more pronounced for Emod_Qmod (‐6 to 13%). At Roxburgh (Figure 3.19b) the
error range is similar for Emod_Qobs (‐4 to 9%) and Emod_Qmod (‐8 to 6%) with a tendency
towards negative errors for Emod_Qmod and vice versa. Considering the decadal mean
production, Emod_Qobs has a minor positive bias at Clyde (0.1%) and Roxburgh (0.2%). The
overall bias of Emod_Qmod is slightly more pronounced but still acceptable at both Clyde
(1.8%) and Roxburgh (‐2.4%). It should also be noted that between 2000 and 2011 the
mean flow at Clyde was overestimated by WaSiM (2.8%), while it was underestimated at
Roxburgh (‐1.8%). Hence the differences in performance between Emod_Qobs and Emod_Qmod
can be explained by the small errors caused by the hydrological model during that period.
Based on these results the hydropower model (Emod_Qmod) was rated as sufficiently robust
to be used to investigate the potential impacts of climate change on the hydropower
potential at Clyde and Roxburgh.

3.8. Discussion
3.8.1. Evaluation of modelled daily and monthly streamflow
Considering the similar performance of WaSiM‐Anderson (Table 3.13) and WaSiM‐Tindex
(Table 3.14) for the investigated performance metrics, the following discussion is only
based on the WaSiM‐Anderson results. For most flow gauges the validation revealed an
adequate performance at the daily and monthly time scale (Table 3.13). During the
validation period (1992‐2008; hydrological years) a very good performance was achieved
for the Kawarau River at Chards Rd (NSE=0.87 and NSEmo = 0.89) and the outlet of Lake
Wanaka (NSE=0.87 and NSEmo = 0.90). For lake inflows measured upstream from Lake
Wakatipu (The Hillocks) and Lake Wanaka (West Wanaka) NSEmo values indicated a good
simulation (0.78 and 0.83, respectively), which clearly outperformed the TopNet based
simulation for West Wanaka (0.68; Gawith et al., 2012).
The validation metrics that were computed here are in general agreement with other
applications of WaSiM in alpine catchments. The daily NSE values of Jasper et al. (2002)
(0.70‐0.79; Lago Maggiore basin), Velázquez et al. (2013) (0.82; Bavarian Alps) and
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Rössler et al. (2014) (0.80; Swiss Alps), are comparable with the satisfying performance
of WaSiM at the two key sites (hydropower dam and catchment outlet) Clyde (0.78) and
Balclutha (0.80).
In order to make the performance of WaSiM comparable with the study of Poyck et al.
(2011), the model results were re‐evaluated using their performance statistics. Poyck et
al. (2011) used a “20‐year average of weekly moving averaged streamflow” to assess the
performance during their model period (1980‐1999), achieving NSE efficiencies of 0.9,
0.81 and 0.86 for Balclutha, Lindis Peak and West Wanaka, respectively. Here, the re‐
evaluation based on Poyck et al.’s (2011) criterion revealed a considerably higher
efficiency for WaSiM at the Matukituki at West Wanaka (NSE of 0.91) and a similar
performance for the Lindis River (0.82). At the catchment outlet Balclutha, the
performance of WaSiM was still good (0.80), however the NSE value was 6% lower
compared to TopNet. This result is rather unexpected, especially when considering that
Poyck et al. (2011) ignored water management in the catchment. The lower performance
of WaSiM could be related to the different study periods (WaSiM: 1992‐2012; TopNet:
1980‐1999) or a cancelling out of errors in TopNet upstream from Balclutha. A more
direct comparison (i.e. same model period, performance of TopNet at other gauges)
between WaSiM and TopNet could be undertaken in the future to further investigate these
differences in model performance.
Regarding the evaluation of daily lake inflows, the validation revealed NSE values of 0.64
and 0.62 for The Hillocks and West Wanaka, respectively. For comparison, the results of
Sirguey (2009) in the Waitaki catchment (note shorter 4‐year period), showcased a higher
performance for daily lake inflows (0.67‐0.79). A potential cause for the better
performance obtained in the Waitaki basin, could be a more developed climate network
(in terms of instrumentation). Meridian Energy operates five weather stations in the
headwaters of the upper Waitaki basin that measure both air temperature and
precipitation (see Figure 8.3 in Sirguey, 2009). In comparison, no long‐term temperature
records exist in the upper Clutha basin and consequently there is a lack of joint
observations of the two variables. As both basins are snow‐affected, access to joint
records of air temperature and precipitation could have allowed for a more accurate
simulation of melt driven runoff peaks in the Waitaki basin.
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A visual inspection (Figure 3.13) of the observed and modelled hydrographs at the two
headwater gauges (The Hillocks and West Wanaka) showed that most high flow events
were consistently underestimated. As parts of the upper Clutha catchment are
characterised by shallow soils with a high rock content, which wasn’t explicitly accounted
for in the soil parameterisation, the actual water‐holding capacity of the high country soils
might be substantially lower than in the model. Thus, WaSiM might have underestimated
the proportion of quickflow, which would consequently result in lower flood peaks being
modelled.
While inaccuracies in the soil parameterisation or the calibrated storage coefficients (i.e.
for interflow and surface runoff) may have contributed to the observed mismatch, the
daily precipitation input is thought to be the main driver of the problem. The daily
hydrograph (observed) at the two sites is characterised by a high frequency of relatively
short‐lived peak flow events. As suggested by Sirguey (2009), the main driver of the high
variation in daily streamflow are the frequently occurring rain storms that spill into the
headwaters to the east of the main divide. Based on the study of Chater and Sturman
(1998) (see also Section 2.3.3.5), the median downwind extent of individual spillover
events in the Waimakariri catchment (∼200 km to the north‐east of Clutha) was
approximately 11 km (estimated from Table 1 in Chater and Sturman (1998)). In the West
Wanaka and The Hillocks subcatchments the only existing long‐term (> 20 years) rain
gauges (sites P‐N59 and P‐N48 in Figure 2.12) are both located about 12 km downwind
from the crest of the divide. Thus, under the assumption of a similar spillover dynamic in
the upper Clutha (compared to the Waimakariri), a large proportion (∼50%) of spillover
events would be completely undetected by the two rain gauges. Not capturing such an
event would directly impact the interpolation of the daily precipitation field that is used
to drive WaSiM. Consequently, the lack of a long‐term network of rain gauges that extends
into the main spillover zone (∼1‐10 km) of the upper Clutha, is considered to be a
plausible explanation for the mismatch between observed and modelled peaks in the daily
hydrographs at the The Hillocks and West Wanaka.
Regarding the controlled outflow of the Lake Hawea reservoir (weir operated by Contact
Energy), the performance of the WaSiM internal management model was rated as
unsatisfactory for both daily (0.22) and monthly flows (0.41). While the monthly
operating rules allowed the long‐term operating regime to be reproduced (Figure 3.12),
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the model did not capture the full amplitude of the actual operating range (Figure 3.13).
The latter is the function of a highly complex decision process involving amongst others
electricity price, current demand, lake levels and weather forecasts. Clearly an alternative
approach is needed that integrates the various variables considered by the dam operator.
As the effective management of the weir is the result of both numeric variables (e.g.
current lake level) and qualitative factors (e.g. weather outlook), the potential of adopting
a fuzzy‐logic based approach could be explored in the future. As demonstrated by Schmid
et al. (2012), who successfully coupled WaSiM with an external fuzzy‐logic based
management model, the use of fuzzy membership functions can be highly effective at
modelling the water operator’s management decisions in complex water transfer
systems. Further, the fuzzy‐logic approach enables the incorporation of expert
knowledge, which is thought to be a major driver of the water management in the upper
Clutha. Although active participation of the water operator (potential disadvantage of the
approach) is an essential requirement for the successful development of such a complex
management model (Schmid et al. 2012), a robust simulation of the Lake Hawea outflow
(daily and monthly) would allow different management scenarios to be tested, which is
thought to be beneficial to both the dam operator and other stakeholders (e.g. regional
council and irrigation companies).

3.8.2. The long term regime and the role of the snow model
In regard to the long‐term regimes, WaSiM‐Anderson outperformed WaSiM‐Tindex. This
result is consistent with a study undertaken in the Craigieburn Range (Moore and Owens,
1984) where a snow model similar to the Anderson model, outperformed a Tindex model.
In this context results from studies targeting the controlling processes of snowmelt can
be drawn on to explain the different performance levels of the snow models. According to
Prowse and Owens (1982), the dominant heat input during spring melt in the Southern
Alps is the exchange of sensible heat, with the second most dominant energy source being
net radiation in fine weather and latent heat on rainy days. However, a study over a
relatively short time period conducted in central Otago (Sims and Orwin, 2011) revealed
that melt was primarily driven by net radiation (40%) followed by sensible heat flux
(34%). Anderson et al. (2010) found that more than half (52%) of the energy for melt at
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Brewster glacier (note: compared to a seasonal snow pack the energy balance of a glacier
is expected to differ) is supplied by turbulent heat flux and 45% by radiation. Despite
showing slightly different proportions amongst the individual components of the energy
balance, all three studies clearly identify net radiation as an important driver of snowmelt
and it should therefore be accounted for by a model approach. Thus, the better
performance of the conceptual energy balance method (Anderson (1973) model)
compared to the Tindex model (Equation 3.4) can likely be explained by the advances of
accounting for individual melt fractions (Equation 3.6) and using a seasonal radiation
melt factor (Equations 3.5, 3.8).
The remaining biases found for WaSiM‐Anderson seem to become increasingly higher
when moving inland from the main divide (Lake Wanaka → Bowens Peak → Chards Rd)
(Figure 3.12). The overestimations between April and May could be caused by both an
under prediction of solid precipitation or too much snowmelt being modelled. A delayed
release of the same volume (positive bias in April and May) would be the amount required
to equalize the negative bias during July and August. A potential explanation for this
mismatch could be that some of the driving processes of snowmelt might be
underrepresented in the Anderson model. To further investigate this speculation a
physically based energy balance model could be implemented. Regardless of the choice of
the snowmelt routine, errors in the daily air temperature fields (Section 2.2.4) could also
be partly responsible.
The contribution of Qm to streamflow in the Southern Alps has been estimated by
numerous studies. For the Waitaki catchment McKerchar et al. (1998) proposed the long‐
term contribution of Qm to lake inflow to vary between 18–24% (depending on lake),
while Sirguey (2009) using a snowmelt runoff model found significantly higher
proportions (26‐30%), albeit for a different time period. For the Clutha, Kerr (2013), as
part of a South Island wide study, determined melt proportions to vary as follows: inflows
to lake Wakatipu (13%), inflows to Lake Wanaka (11%), inflows to lake Hawea (13%) and
streamflow at Balclutha (10%). Here, the proportion of Qm on total streamflow was found
to be substantially higher at Balclutha (14%) as well as for the lake inflows (21, 16 and
18%). It should also be noted that the positive differences are not caused by the slightly
different approaches used to calculate Qm/Q. The assumption of Kerr (2013), which is
based on equal proportions between Qm/Q and Ps/P, does not account for all the processes
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that can occur before the snowmelt runoff reaches the stream network. In the approach
used by Kerr (2013) the terms of ETs and ET cancel each other out resulting in the fraction
of Ps/P. The approach used in this study (Section 3.6.2) is based on the assumption that Ps
and P are equally affected by ET (infiltrated melt water can evaporate like infiltrated
rainfall) and consequently Ps has to be reduced by ETs. Thus, the estimates of Qm/Q that
were calculated in this study would be even higher if the approach of Kerr (2013) had
been used. Moreover, both approaches ignore that the snow pack can store (to some
extent) liquid precipitation. As described by Anderson (1973) the water holding capacity
of a typical spring pack can reach 30%, although temporary higher values are possible
(maximum of 40%). Considering the CWH of 29% used in this study, a significant amount
of rainfall can be stored in the snow pack (in addition to liquid water from molten snow),
which means that the total amount of water that gets released by the melting snow pack
is higher than the estimates of Qm/Q presented in this study.

3.8.3. Evapotranspiration and the water balance
While streamflow is measured at several flow gauges throughout the catchment, which
allows for a straightforward validation, the validity of ET cannot be investigated directly.
Multiple studies exist in the domain of the Southern Alps that have used arbitrary values
of ET (Woods et al., 2006). McKerchar et al. (1998) quantified lake inflows using a water
balance approach with ET set to a constant value of 700 mm. As stated by Weingartner
and Pearson (2001) ET in the catchments of the Southern Alps is likely lower (591mm at
500m). This was indicated by an elevation dependent evaporation gradient (‐17 mm /
100m) found by combining Swiss and Southern Alps studies. Considering the mean
elevation of the Clutha catchment (797m), the average ET based on the approach of
Weingartner and Pearson (2001) would approximately be 560 mm. Although this
estimate is solely based on a linear model and ignores the distribution of land cover
classes and soil types across the catchment, it is comparable with the 518 mm computed
in this study. The latter also agrees well with the 540 mm estimate of Sirguey (2009) that
was used for the upper Waitaki catchment and stems from averaging the estimates of
several studies (Anderton, 1974; Fitzharris and Garr, 1995; McKerchar and Pearson,
1997).
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In this study, the highest actual evaporation rates were modelled for the three alpine lakes
Lake Wanaka (1122 mm), Lake Hawea (1113 mm) and Lake Wakatipu (1039 mm). The
only comparable actual evaporation data that exist were provided by Finkelstein (1973)
who studied pan evaporation at several sites on the South Island. According to his results
annual pan evaporation was substantially lower at Alexandra (760 mm) than at Tara Hills
(1036 mm). While Alexandra (Figure 2.12; site P‐N21) is located in a valley in the central
part of the catchment, Tara Hills (Figure 2.12; site P‐N64) is located outside the Clutha
catchment, at a similar distance to the main divide as the three Lakes. A potential
explanation for higher ET rates at Tara Hills and the alpine lakes is more advection due to
higher wind speeds compared to the valley location of Alexandra. The mean wind speed
map (Figure 2.22) supports this assumption as the wind speeds in the lake area are
substantially higher when compared to the Alexandra area. Further, temperature
inversions, which are a dominant feature around Alexandra (Cullen et al., 2012), could be
another potential driver of reduced ET rates in that part of the catchment. As inversions
are typically associated with a thin planetary boundary layer and little turbulent mixing,
these related processes could have also contributed to the lower annual pan evaporation
totals in Alexandra (found by Finkelstein, 1973). The dry and warm Föhn wind, that
frequently occurs under north‐westerly flow conditions, is another plausible explanation
for the high lake evaporation totals found in this study, as the three alpine lakes are
located closer to the main divide. Finally, the mean annual potential evapotranspiration
map (Figure 3a) presented in Tait and Woods (2007) depicts values in the area of the
three lakes (∼900‐1100 mm) that are comparable, albeit slightly lower, to the lake
evaporation modelled in this study.
For the remaining land cover types, annual ET rates were found to vary for the individual
classes. The most frequent class Tall Tussock Grassland (7088 km2) had the lowest ET
(367 mm) of all grasslands. The two exotic classes High Producing Grassland (4525 km2)
and Low Producing Grassland (3852 km2) had substantially higher ET totals of 621 and
522 mm, respectively. Firstly, this difference in ET is likely caused by Tussock grassland
being located predominantly in the medium elevation range where ET is typically lower,
while in most lowland areas (typically higher ET) the natural grassland has been
converted to farmland. Secondly, several studies have shown that, compared to their
exotic counterparts, tussock grassland has lower transpiration rates, which was found to
be caused by the superior ability of tussock in controlling their stomata (accounted for by
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using a higher stomatal resistance; see Appendix B.1) when the saturation vapour
pressure deficit of the surrounding atmosphere is low (Pollock, 1979; Campbell, 1989;
Davie et al., 2006). Campbell and Murray (1990) calculated the annual water balance of
snow tussock at a lysimeter site (elevation 570m) to the east of the lower Clutha.
According to their results, 60% of annual precipitation (1042 mm) were lost by
evapotranspiration. In this study, the proportion of ET of tussock grassland at a similar
altitude and within proximity of the lysimeter site ranged between 44 and 56%. While the
proportion of modelled ET was slightly lower in this study, it is argued that the findings
of both studies are in a comparable range. A potential explanation could be the fact that
Campbell and Murray (1990) did not consider undercatch (i.e. ∼10%), which would have
led to an underestimation of precipitation resulting in a reduction of their ET proportion
(60 → 54%).

3.8.4. Evaluation of the external hydropower model
Both observed and modelled daily streamflow (extracted for Clyde and Roxburgh) served
as input to the external hydropower model and the modelled annual electricity
production was evaluated. The evaluation of the hydropower model (Best Fit
management and observed streamflow) using actual generation data provided by Contact
Energy revealed a very good approximation of the mean production at Roxburgh (error =
0.2%) and similarly only a minor overestimation of 0.1% at Clyde. When using modelled
streamflow, the mean production was still modelled realistically, albeit with slightly
greater biases at Roxburgh (‐2.4%) and Clyde (1.8%), respectively. These deviances could
be explained by comparable differences between modelled and observed annual mean
flows during that period.
The same approach (Equations 3.28 and 3.29) was used in combination with the
hydrological model PROMET to investigate the hydropower potential of the upper
Danube under current climate and future climate change scenarios (Koch et al., 2011). A
simplified version of the equation solely based on mass and height (ignoring plant specific
parameters) was used by Lehner et al. (2005) to assess Europe’s gross hydropower
potential under global climate change. Both studies gained realistic estimates for annual
power productions, which further supports the robustness of the hydropower approach.
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3.9. Chapter summary
This chapter presented the implementation of the fully distributed hydrological model
WaSiM (Richardson version; Schulla 2012) for the Clutha catchment. The physically
oriented model was set up with a 1 km2 spatial resolution (24h time step) and forced by
the daily climate fields (as described in Chapter 2). The main model components
encompass the unsaturated zone model (1‐D Richards), the saturated zone model (2‐D
Darcy), the evapotranspiration model (Penman‐Monteith), a fully coupled lake model,
water management, a snow model and a dynamic glacier model. A thorough
parameterisation was conducted first using both existing literature and remote sensing
data products (MODIS LAI and albedo), followed by an iterative calibration workflow
(period = 2008‐2012) and the validation (period = 1992‐2008). As part of this process
two versions of WaSiM were implemented that only differ in their snowmelt routines
(Tindex and Anderson (1973)).
For the first time in the domain of the Southern Alps, ET has been explicitly modelled using
the Penman‐Monteith approach with the availability of evaporable water solved by a
physically based soil model. The physically modelled ET combined with the conceptually
modelled ET stemming from irrigation resulted in a mean annual ET of 518 mm. The value
was found to be substantially lower than the 700 mm estimate of McKerchar et al. (1998)
but compares well with the 540 mm estimate of Sirguey (2009).
At the three key sites Chards Rd (Kawarau catchment), Lake Wanaka outlet and Balclutha
(catchment outlet), the performance of the hydrological model was noticeable. Daily and
monthly NSE values indicate a very good model performance with no NSE value lower
than 0.80 (except NSElog at Balclutha (0.75); Table 3.13). This performance is a
considerable improvement over simulations of existing studies in the catchment and
provides a new benchmark for future studies. The management of the Lake Hawea
reservoir is driven by a complex decision process (i.e. demand, electricity price and
seasonal climate outlook), which explains the poorer performance of the rather simple
management model (NSEmo of 0.41). However, the long‐term regime was reproduced
realistically and the negative impact on gauges downstream (e.g. NSEmo at Clyde of 0.85)
remained relatively small.
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The general course of the inspected streamflow regimes was modelled realistically by the
WaSiM‐Anderson version. However, an overestimation during autumn resulted in not
enough flow being modelled in winter (July and August). With WaSiM‐Tindex most of the
regimes were modelled less accurately. The overestimation during autumn was found to
be more pronounced and the melt driven peak occurring between late spring and early
summer was underestimated. The spatial analysis involving the monthly SWE volumes
revealed that the underestimation of the main peak by WaSiM‐Tindex is likely a direct
result of too much seasonal snow persisting into late summer (i.e. compared to WaSiM‐
Anderson +0.23 km3 in February). Opposed to the simple Tindex model the conceptual
energy balance model (Anderson, 1973) uses a seasonal radiation melt factor and
explicitly accounts for the individual melt fractions. This was rated as a methodological
advance and considered the most likely explanation for the more realistic simulation of
the long‐term regimes by WaSiM‐Anderson.
The contribution of snowmelt to streamflow was found to be 21, 16, 18 and 14% for Lake
Wakatipu, Lake Wanaka, Lake Hawea and Balclutha, respectively. When compared to the
findings of Kerr (2013) the proportion of snowmelt on streamflow is thus considerably
higher in this study (i.e. +4% at Balclutha).
Regarding the simulation of total glacier volume in the basin, the general negative trend
in the volume estimates (1994‐2010) of Willsman (2011) was captured by the glacier
model, while an increase in the glacier volume between 2003 and 2005 was not
reproduced by the model. The performance is still reasonable (good agreement with last
(2010) estimate of Willsman (2011)) considering the use of a single set of parameters that
was applied catchment wide for individual glaciers, that in reality differ in their
characteristics (i.e. ELA).
Finally, it can be concluded that the fully distributed and process oriented hydrological
model WaSiM was successfully implemented for New Zealand’s largest catchment, the
Clutha/Mata‐Au River. The thorough validation and comparison of results with other
studies in the broader domain, points to a robust description of the dominant hydrological
processes during both the calibration and validation periods. Hence the second objective
of this thesis has been met, and the good performance during the historic period qualifies
WaSiM to be used as a climate change impact tool (Chapter 5).
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Chapter 4 – 21st century climate change in the Clutha basin
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4.1. Introduction
The third objective of this thesis is to process an ensemble of RCM simulations using bias
correction combined with mass and energy conserving downscaling techniques. This
chapter presents the individual processing steps that were carried out to transfer Regional
Climate Model (RCM) simulations to the hydrological model grid. There were two main
reasons for performing an independent processing instead of using an existing ensemble
of bias corrected and downscaled RCM simulations (e.g. Sood, 2014). First, the existing
product has the same resolution as the VCSN grid (∼5 km2; see Section 2.1) and
consequently additional downscaling steps would have been required to scale the coarser
fields to the model grid used in this study (1 km2). Second, as the VCSN was used to bias
correct the raw RCM runs (Sood, 2014) the errors of the VCSN’s temperature and
precipitation fields (see Sections 2.2.4 and 2.3.5) would have propagated into the bias
corrected projections. It was thus decided to obtain raw RCM simulations from NIWA and
perform an independent bias correction, followed by an alternative downscaling. In
addition to developing a robust processing chain for RCM simulations, an important part
of this chapter is to conduct a thorough analysis of the climate change signal. The
uncertainty associated with the latter is explored and explicitly portrayed for the
individual model components (i.e. GCM and emission scenario) and processing steps (i.e.
bias correction). The resulting high resolution (1 km2) climate projections can then be
used to drive WaSiM and explore the use of RCM simulations in the context of hydrological
modelling within the Clutha catchment (Chapter 5).
The sections of this chapter generally follow the logical order of the individual processing
steps and the corresponding analysis of results. First, the general context of this chapter
is provided in the following three Sections (4.1.1‐4.1.3). In Section 4.2, the processing of
the RCM data is presented, beginning with the different geographical domains (Section
4.2.1), general processing steps such as aggregation and disaggregation routines (Section
4.2.2), followed by the bias correction (Section 4.2.3) and the downscaling (Section 4.2.4).
In Section 4.3 the processed RCM data are evaluated for the reference period, followed by
the projected changes in the meteorological variables (Section 4.4). It should be noted that
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both the evaluation of the processed RCM data and the corresponding results (Section 4.3
and 4.4) are only presented for the main variables: Tmax, Tmin and precipitation. The
climate change signals of the remaining three variables (wind speed, relative humidity
and solar radiation) are given in Appendix C.1. Finally, the results are discussed in Section
4.5 and the chapter is summarised in Section 4.6.

4.1.1. The fundamentals of climate change projections
In 2015, global mean surface temperature was for the first time 1°C higher than the pre‐
industrial average. This is based on a number of best‐estimate data sets with values
ranging between 1.03 and 1.09°C (Willett et al., 2016). It is further extremely likely that
human actions (i.e. emissions of greenhouse gases) have been the dominant driver of the
observed warming since 1951 (IPCC, 2013b) and consequently deep emission cuts are
needed to limit future climate change. Regarding precipitation, there is medium
confidence1 that global land areas have experienced changes in precipitation since 1951
(IPCC, 2013b). The most recent IPCC assessment (IPCC, 2013a) has unequivocally shown
that based on the CMIP5 multi‐model ensemble average no region on the planet is
projected to experience a cooling in the near or long‐term (this holds for all four
Representative Concentration Pathways). However, the strength of the warming signal
varies considerably with the strongest increases occurring over land areas and in the high
latitudes of the northern hemisphere.
Climate models are widely used to assess how the planetary system will likely respond
and evolve under 21st century climate change. Emission scenarios, which are based on
potential anthropogenic developments, have been developed to inform climate models
with future greenhouse gas concentrations. To facilitate model intercomparisons,
common sets of scenarios have been proposed by Nakicenovic et al. (2000) in the Special
Report on Emission Scenarios (SRES) and more recently by Van Vuuren et al. (2011) in the
form of Representative Concentration Pathways (RCPs). The range of possible emission
scenarios introduces a considerable amount of uncertainty. Additionally, structural
differences in the climate models (Tebaldi and Knutti, 2007) and the natural variability of
As part of the latest IPCC (AR5) guidance notes, confidence levels are based on the author(s)’ judgments
on the degree of evidence and agreement (see Mastrandrea et al., 2010).
1
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the climate system, which is inherent to both the natural climate system and climate
models (i.e. GCMs), further add to the overall uncertainty of 21st century projections (see
Figure 4.1). The internal/natural variability represents the minimum level of uncertainty
that a “perfect” GCM could achieve, if no external forcings existed (Braun et al., 2012). As
shown by perturbation studies the uncertainty induced by the natural variability can
reach a similar magnitude as the uncertainty associated with the selection of the GCM (de
Elia and Cote, 2010). To consider these different sources of uncertainty in climate
projections, model ensembles consisting of various emission scenarios and GCMs have
been compiled. The two largest ensembles were generated as part of the Coupled Model
Intercomparison Project resulting in the CMIP3 (IPCC, 2007) and CMIP5 (IPCC, 2013a)
ensembles. With open access to increasingly large ensembles, the use of multiple emission
scenarios and GCM members has become the current state of the art in climate change
impact modelling.

Figure 4.1 Projected change (relative to 1986‐2005) in annual global mean surface temperature as presented in
IPCC (2013b, Figure SPM.7). CMIP5 simulations are shown for the lower (RCP2.6) and upper (RCP8.5) range of
the Representative Concentration Pathways.

In climate change impact modelling (as performed in Chapter 5), the coupling between
the land surface model and the GCM simulations typically requires additional processing
steps. The fluxes between the atmosphere and the land surface are an essential part of the
climate system and therefore GCMs have their own integrated land surface schemes (e.g.
JULES or VIC). Besides being an important component of the GCM, land surface schemes
have been used to model the global terrestrial water balance and for climate change
155

Chapter 4 – 21st century climate change in the Clutha basin

impact assessments (Haddeland et al., 2011; Gudmundsson et al., 2012). However, the
resolution of these land surface schemes and global hydrological models is rather coarse
(e.g. res. of VIC is 0.5°), which makes them inadequate for modelling studies at the small
and meso scale. Thus, many climate change impact studies use a cascade of models and
processing steps to move between the scales of the lower resolution climate model and a
higher resolution hydrological model (Maraun et al., 2010; Muerth et al., 2013). The GCM
simulation is downscaled either dynamically (via RCM) or statistically, to a higher
resolution grid (Murphy, 1999). In order to realistically reproduce historic runoff
conditions, the downscaled data needs to be bias corrected with a reference product
(Muerth et al., 2013). In case of dynamical downscaling, the resolution of the RCM is
usually still too coarse and a second downscaling step is required to bridge the gap
between the RCM data and the hydrological model.

4.1.2. Climate change and climate modelling in New Zealand
In the New Zealand region, climate change has already occurred and its regional impacts
are regarded as highly confident (Hennessy et al., 2007), with an increase in mean
temperature of 1°C over the past 100 years (Mullan et al., 2010). In the broader
Australasian region, a further warming of the atmosphere is virtually certain (see Figure
4.2 for New Zealand projections). And with a very high confidence there will be an
increase in the frequency of hot extremes (Reisinger et al., 2014). Over New Zealand, the
westerly wind circulation is expected to intensify (Mullan et al., 2002), which is supported
by a significant linear trend for winter and spring that was projected by the twelve CMIP3
GCMs considered suitable for simulating New Zealand climate (Ministry of the
Environment, 2008). The strengthening of the westerly air flow is expected to lead to an
increase in precipitation along the west coast and the Southern Alps. However, for most
parts of New Zealand and the South Island, changes in the temporal and spatial patterns
of precipitation are still associated with a high degree of uncertainty (Reisinger et al.,
2014). Despite these uncertainties, the consensus of the existing studies (Fitzharris,
1989b; Ministry of the Environment, 2008) supports the assumption of an increase in
winter precipitation along the western side of the South Island and regions that at present
are characterised by a wet climate.
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Figure 4.2 NIWA’s projections for the 2090s period based on the SRES scenarios. The individual asterisks
correspond to the twelve CMIP3 GCMs (The figure is available online1).

The complex topography and small land area of New Zealand are the main reasons why
GCMs are unable to resolve its regional climate (Renwick et al., 1998; Ackerley et al.,
2011), which makes downscaling an essential processing step for any impact study in this
environment. Downscaling in the New Zealand domain was first conducted using
statistical approaches (Mullan and Renwick, 1990; Kidson and Watterson, 1995). Mullan
et al. (2001) proposed a method that is based on a regression model that uses large‐scale
zonally averaged anomalies of a variable (e.g. precipitation) and the anomalous
components of two wind indices (Ministry for the Environment, 2008). While the original
approach uses meteorological station data, the same approach has more recently been
applied to the VCSN data set (Ministry for the Environment, 2008; Mullan and Dean,
2009). A large body of existing impact studies in New Zealand are based on these
statistically downscaled GCM simulations (as described in Chapter 5).
Opposed to the statistically downscaled data sets, well documented RCM (HadRM3P)
simulations have been created only relatively recently for New Zealand (Ackerley et al.,
2011)2. Based on the existing literature it becomes evident that there is a shortage of
impact studies using RCM projections in the New Zealand domain (as described in Chapter
5). Outside of New Zealand it was shown that simulations can differ depending on whether
dynamical or statistical downscaling had been used (Mearns et al., 1999; Murphy, 1999).
http://www.mfe.govt.nz/publications/climate‐change/tools‐estimating‐effects‐climate‐change‐flood‐
flow‐guidance‐manual‐loc‐4, last retrieved in December 2016
2 http://ccii.org.nz/research‐aims/ra1/ra‐1‐in‐progress/, last retrieved in December 2016
1
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Thus, the existing impact studies in New Zealand, which are predominantly based on
statistical downscaling, need to be augmented with RCM driven projections in order to
more fully assess the potential range of impacts under future climate change.

4.1.3. An overview of processing steps and model ensemble
A model chain was constructed (Figure 4.3) to process an ensemble of raw RCM data sets
and generate high resolution climate change projections at the hydrological model scale.
The ensemble used in this study was composed of two SRES emission scenarios (A1B and
A2) and four GCMs (CM2.1-GFDL, ECHAM5, HadCM3 and MK3.5-CSIRO). NIWA had
selected these four GCMs from an ensemble of twelve GCMs, which have previously been
considered adequate for simulating climate in the New Zealand domain and have been
used for the generation of statistically downscaled projections (Ministry for the
Environment, 2008). The eight GCM simulations were then dynamically downscaled by
NIWA using New Zealand's RCM (HadRM3P; Ackerley et al., 2011). The newer RCPs driven
CMIP5 simulations had not yet been dynamically downscaled (at the start of this study)
and could therefore not be included in this ensemble. Two different bias correction
methods (linear scaling and quantile mapping) were used to correct the RCM data,
followed by the additional downscaling that was required to scale the RCM data (∼27 km)
to the hydrological model grid (1 km). Common techniques were used to downscale the
individual meteorological variables and augmented with novel elements to make them
compatible with the hydro‐climatological requirements of the study domain. As part of
the downscaling algorithm, additional processing steps were incorporated to ensure the
conservation of mass and energy when transforming the RCM data between the model
scales.
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Figure 4.3 The processing chain that was used to process and downscale NIWA’s RCM simulations to the
hydrological model grid. The bias correction methods quantile mapping (QM) and linear transformation (LT) were
applied to the raw RCM data (BC0) resulting in BCQM and BCLT, respectively. The observed and interpolated station
meteorology (OBS) corresponds to the meteorological fields that were generated as part of Chapter 2.

4.2. Processing of the RCM data
The processing of RCM data was done with the MATLAB based climate model tool BIKLIM,
which was developed to manage, bias correct and downscale regional or global climate
model data (J. Schmid, Ludwig‐Maximilians‐University, personal communication).
BIKLIM, which is not publicly accessible at this point, is used at the Ludwig‐Maximilians‐
University (Germany) and the Bavarian State Office for the Environment. The bias
correction module contains the two commonly used statistical approaches quantile
mapping (Mpelasoka and Chiew, 2009) and linear transformation (Lenderink et al., 2007).
Besides different downscaling techniques (e.g. conservative disaggregation or monthly
lapse rates), a number of routines are available to account for the conservation of mass
and energy, when moving between source and target grids. These routines are based on
the downscaling interface SCALMET, which was developed by Marke (2011) to couple the
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physically based hydrological model PROMET (Mauser and Bach, 2009) with RCM
simulations (as part of the GLOWA‐Danube1 project).
BIKLIM has successfully been used to process and downscale RCM simulations of various
resolutions from the ENSEMBLES2 database in the broader domain of Bavaria (Germany
and Austria). The southern region of the Bavarian domain has a complex topography and
climate, which are also important characteristics of the Southern Alps (New Zealand).
Thus, BIKLIM was considered as a suitable candidate for the required RCM processing in
this study. Here, BIKLIM was applied and adapted for the Clutha catchment. The bias
correction module did not require any modifications, but the downscaling and some of
the general processing tools required adjustments or extending.
The spatial module of BIKLIM was augmented by the New Zealand Transverse Mercator
2000 (NZTM2000) projection including the transfer rules required for spatial
transformations between the unrotated RCM (WGS‐84) and the target grid (NZTM2000).
The main addition to BIKLIM encompasses three new downscaling techniques that were
added to the scaling module. The existing techniques involving spatially constant lapse
rates, were thought to be inappropriate to capture the high degree of spatial variability
and topographic patterns that prevail in the Clutha basin (Chapter 2). The added methods
involving the downscaling of Tmax and Tmin are based on but not identical to the lapse
rate models described in Sections 2.2.3.2.1 and 2.2.3.2.2. For precipitation and the
remaining variables (wind speed, relative humidity and solar radiation), a topographic
scaling approach similar to Frueh et al. (2006) was implemented and incorporated into
BIKLIM. The approach of Frueh et al. (2006) was chosen because it enables a realistic
approximation of spatially complex precipitation patterns (also holds for other variables)
in a pragmatic way. Alternative approaches involving monthly elevation dependent
adjustment factors (Liston and Elder, 2006) or elevation‐based regression models
(Marke, 2011) were rated as inapplicable here. This is due to the weak relationship
between precipitation and elevation in the domain of the Southern Alps (see Section
2.3.1). Finally, to ensure a realistic approximation of catchment precipitation, a catchment
mass correction factor was introduced and added to the correction algorithm in BIKLIM.

1
2

http://www.glowa‐danube.de/eng/home/home.php, last retrieved in December 2016
http://ensemblesrt3.dmi.dk/, last retrieved in December 2016
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The next four sections follow the logical order of the processing that was performed on
the raw RCM data. First, the data sources are presented including their individual gridded
domains and the predefined time periods (Section 4.2.1). The conservative remapping
routines (aggregation and disaggregation) are required as part of both the bias correction
(aggregation of observed meteorology) and downscaling (mass and energy correction),
and are therefore introduced next (Section 4.2.2). As shown in Figure 4.3 the RCM data
are first bias corrected (Section 4.2.3) followed by the downscaling (Section 4.2.4). While
different routines are used to downscale the individual variables (4.2.4.1 ‐ 4.2.4.3), the
mass and energy correction is always performed as the final processing step (4.2.4.4).

4.2.1. Data sources and their domains
4.2.1.1. RCM data and domain
At this stage the HadRM3P is the only RCM available for the New Zealand domain. The
RCM uses the same parameterisation schemes as described by Jones et al. (2004) and was
implemented for New Zealand by Bhaskaran et al. (1999, 2002). The RCM has since
undergone further development (Drost et al., 2007) and the simulations used in this study
are based on the RCM version described in Ackerley et al. (2011). The horizontal domain
comprises 75 x 75 grid cells with a resolution of 0.27° and 19 vertical levels. In order to
obtain uniform grid box spacing, the RCM grid is rotated with a shifted north pole at 48°N
and 176°E. In this study, eight RCM simulations were obtained from NIWA (Abha Sood,
NIWA, personal communication) covering the unrotated grid (32°S‐52°S and 160°E‐
193°E). The lateral boundary conditions (sea surface temperatures) of the eight 21st
century RCM simulations were generated by four GCMs (CM2.1‐GFDL, ECHAM5, HadCM3
and MK3.5‐CSIRO) that were run for both of the two SRES emission scenarios A1B and A2,
while the 20st century GCM data are based on the historic 20C3M forcings. For each RCM
run, daily output was obtained for six meteorological variables (Tmax, Tmin, precipitation,
wind speed, relative humidity and solar radiation) over the entire model period
(1/1/1990 – 30/12/2099). In the HadRM3P RCM a simulation year is defined by a 360‐
day calendar with each month consisting of 30 days. The cells of the RCM data obtained
for this study cover the catchment with an additional row or column on each side of the
rectangular domain. Thus, the RCM domain (Figure 4.4) is sufficiently large for some of
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the processing sub‐steps (i.e. bilinear interpolation), which require data for up to four
neighbouring cells.

Figure 4.4 Map of the RCM’s DEM within the domain of the South Island. The RCM domain (∼27 km) represents
the extent of the RCM data that was used in this study. The RCM Clutha domain (∼27 km) contains all RCM cells
that partly or fully cover the catchment domain (1 km), which corresponds to the hydrological boundary of the
watershed. The fourth domain, the target domain (1 km), is larger than the minimum bounding box of the
catchment domain. The observed meteorological fields were augmented to fully cover the target domain, which
was a requirement of the bias correction and downscaling techniques.

4.2.1.2. Observed data and target domain
The rectangular extent of the historic (1990‐2012) meteorological fields (1 km2) (as
described in Chapter 2) corresponds to the minimum bounding box of the watershed (266
x 157 cells). As the fields were required for the bias correction of the RCM data and some
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of the downscaling techniques, their domain needed to be extended. The extended domain
or target domain is shown in Figure 4.4 and has 315 rows and 221 columns. Depending
on data availability (i.e. density of stations outside the catchment) the interpolation
routines were either rerun for the target domain or missing cells were interpolated. As
some of the routines require additional grids as input (i.e. cold air pooling cells or lapse
rate grids for temperature), these grids needed to be extended as well. A description of
the individual processing steps is given in Appendix C.2.

4.2.1.3. Definition of the reference and future impact periods
Once the spatially extended observed fields had been generated for the target domain, the
daily grids (1990‐2012) were transformed into the WGS‐84 projection of the RCM. After
this step the observed fields (OBS) were spatially aggregated (conserving mass and
energy) to the RCM grid using Equation (4.3), resulting in OBSAGG. The latter was then used
for the calibration (1990‐2009, OBSAGGcal) and the validation (2010‐2012, OBSAGGval) of the
bias correction methods. The reference period (REF), which served as baseline for the
climate change study (Section 4.4 and 5.3) was set to 1992‐2011. This was mainly done
to preserve the 2 year spin up period (1990‐1991) that is required by the hydrological
model. The two future impact periods were set to 2040‐2059 (2050s) and 2080‐2099
(2090s), respectively.

4.2.2. Conservative aggregation and disaggregation between target and RCM
domains
The conservative interpolation approach that is used in BIKLIM to disaggregate from a
coarse (i.e. RCM grid) to a finer (i.e. target grid) grid is based on Jones (1999). As opposed
to inverse distance weighting and bilinear interpolation, which use the distance between
the cell centres, the conservative approach is based on the overlapping area of two
spatially non‐congruent grids (Marke, 2008). To ensure the conservation of flux between
a coarser RCM cell and a smaller target cell, the interpolation must satisfy:
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1
(4.1)
where: FT

flux at target grid cell

fRCM

flux at RCM grid cell

AT

area of target grid cell

In BIKLIM both operations, aggregation and disaggregation, are solved with a weight
matrix. After the RCM data have been transformed into the projection of the target grid
(NZTM 2000), all target cells that are fully covered by one RCM cell are logically linked to
the corresponding RCM cell and assigned a weight of 1. For all of the target cells that are
partly covered by one or multiple RCM cells, the corner coordinates of the RCM cell(s) and
the target cell are used to calculate the intersection points and the resultant overlapping
area. The weight (ω) is then a result of the overlapping area divided by the area of the
target cell (1 km2). Consequently, the interpolated value for a target cell (FT) that is
covered by n RCM cells is calculated as follows:
∗

(4.2)

The inverse processing (aggregation) from the target grid to the RCM grid is done by
calculating and accumulating the area weighted mean values of all target cells that are
fully or partly covered by the RCM cell.
1

∗

(4.3)

4.2.3. Bias correction
Two different techniques, linear transformation and quantile mapping, were used in this
study to correct biases in the raw RCM data. As mentioned before, both methods are part
of the original BIKLIM bias correction package. Before either of the two bias correction
methods were run, a drizzle correction was conducted on the raw RCM data and any
precipitation below 0.1 mm d‐1 was set to zero. First, both methods were trained (1990‐
2009) using the OBSAGGcal data. The two methods were then validated (2010‐2012) using
OBSAGGval. Regarding the quantile mapping approach the use of a moving window allowed
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to correct the whole RCM simulation period (1990‐2099) in one processing run. For the
linear transformation, the bias correction had to be executed separately for 1990‐2012,
the 2050s and the 2090s.

4.2.3.1. Quantile mapping
The quantile mapping (QM) is based on the daily translation approach as described in
Mpelasoka and Chiew (2009). The technique works with three time series extracted for a
given grid cell (x,y) and month (m):
‐

the uncorrected RCM data for the calibration period (BC0_cal_x,y,m)

‐

the observed data (as described in Chapter 2) for the calibration period aggregated
to the RCM grid (OBSAGGcal_x,y,m)

‐

the uncorrected RCM data for the whole simulation period (BC0_x,y,m)

First, the percentiles (spacing was set to 50 percentiles) are computed for the BC0_cal_x,y,m
and OBSAGGcal_x,y,m data of a given variable (this step is exemplified in Figure 4.5). To avoid
spikes in the ratio the 0th and 100th percentiles are set to no data and recalculated via
extrapolation. It needs to be noted that for absolute variables (e.g. precipitation) the
extrapolation can lead to negative values, which are capped to zero. Monthly correction
factors are then computed during the calibration period by dividing the percentiles of
OBSAGGcal_x,y,m and BC0_cal_x,y,m. Depending on the variable the monthly correction factors for
a cell are then either applied additively (Tmax and Tmin) or multiplicatively (all remaining
variables) to the daily BC0 data. To allow for temporally continuous hydrological
simulations, an extended version of QM was used (J. Schmid, Ludwig‐Maximilians‐
University, personal communication). In order to perform the QM on the entire 110 years
(1990‐2099), the period could have been divided in equal 20‐year time periods and the
quantile mapping could have been repeated for each time slice, respectively. However, in
this case a rest of 10 years would remain for the 2090 – 2099 period. Alternatively, a more
consistent approach was used (J. Schmid, Ludwig‐Maximilians‐University, personal
communication), which is essentially based on a 10‐year moving window. Therefore, the
20‐year period is shifted iteratively by 10 years (1990‐2009, 2000‐2019, …, 2080‐2099)
and only the first 10 years of the corrected time slice are kept. The extracted 10 years are
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then merged with the previously extracted periods until the entire 110‐year period is
corrected.

Figure 4.5 Illustration of the quantile mapping technique for a RCM cell in the upper catchment (red grid cell).
For a particular month (i.e. January) the aggregated observed precipitation data (OBSAGGcal) and the uncorrected
RCM data (BC0_cal) are extracted for the corresponding cell. Correction factors for the individual percentiles (e.g.
the 95th percentile indicated by the barbell symbol) are then generated by dividing the precipitation value of
OBSAGGcal by BC0_cal for a particular percentile.

4.2.3.2. Linear transformation
The linear transformation approach (LT) uses additive or multiplicative correction terms
to correct the BC0 data (Lenderink et al., 2007). Here, monthly (m) correction terms (Dtm,
Equation 4.4) or correction factors (Dfm, Equation 4.5) were used for each cell (x,y) of the
RCM grid. The monthly correction factors (terms) are then multiplied with (added to) the
daily 20‐year time series (reference period, 2050s or 2090s) of the corresponding RCM
cell.
, ,
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4.2.4. Downscaling of RCM data
After the bias correction, the downscaling was performed on the corrected RCM data
(RCM; italic refers to the actual bias corrected RCM data used for downscaling). As part of
this study, both novel and existing downscaling techniques were used and implemented
in BIKLIM. It should be noted that any use of the term “downscaling” in this section (4.2.4)
is strictly referred to the transformation from the RCM geometry to the hydrological
model grid. In this section the term “downscaling” should thus not be confused with the
downscaling of GCM simulations, which is known as dynamical downscaling (i.e. RCM) or
statistical downscaling (i.e. stochastic weather generator). The techniques used to scale
air temperature are largely based on the methods described in Section 2.2.3.2.1 and
Section 2.2.3.2.2, while the approach of Frueh et al. (2006) was adopted for the remaining
variables.

4.2.4.1. Downscaling of Tmax
The downscaling of Tmax is partly based on the lapse rate model described in Section
2.2.3.2.1, excluding the thin‐plate spline bottom layer (Figure 4.6a). The monthly Tmax
lapse rate grids of the target domain (LRtar) were aggregated to the RCM grid (LRRCM) using
Equation (4.3). In the downscaling algorithm, the RCM Tmax data (TmaxRCM) is first lapse
rate adjusted to sea level with the monthly LRRCM grids and the DEM of the RCM (DEMRCM).
∗

(4.6)

The resulting grid (TmaxRCMsl) is then interpolated to the target grid using bilinear
interpolation (TmaxRCMbil). In a second downscaling step TmaxRCMbil is scaled by
multiplying the monthly LRtar grids with the target DEM (DEMtar), resulting in the
downscaled grid RCMtar.
∗

(4.7)
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(a)

(b)

Figure 4.6 The lapse rate models used to downscale (a) Tmax and (b) Tmin. The model corresponds to the
multilayer approach used for the observed meteorology (Figure 2.6), excluding the TS bottom layer. First, the
model was used inversely to scale the RCM data (∼27 km) to sea level, followed by the regular elevation‐based
scaling of the interpolated RCM data (1 km).

4.2.4.2. Downscaling of Tmin
The downscaling of Tmin is based on the lapse rate model described in Section 2.2.3.2.2.
The thin‐plate spline based layer is excluded and therefore the simplified lapse rate model
consists of three layers (Figure 4.6b). As for Tmax, the RCM Tmin data is first lapse rate
adjusted to sea level using the Tmin lapse rate model, resulting in TminRCMsl. Then the RCM
data is bilinearly interpolated from the RCM grid to the target grid and the lapse rate
model operating at the target grid is used to scale TminRCMbil with elevation, resulting in
the downscaled grid RCMtar.

4.2.4.3. Downscaling of precipitation and remaining variables
The downscaling of precipitation (and the remaining three variables) is based on the
topographical scaling approach of Frueh et al. (2006). They successfully applied the
approach using both monthly and seasonal factor grids. Here, the use of the 30‐year
rainfall normal surface, which was used as a covariate in the interpolation of the observed
precipitation records (see Section 2.3.3.5), led to rather small variations in the seasonal
topographic patterns of the resulting fields. Hence only one factor grid based on the mean
annual precipitation pattern was used.
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First, OBSAGGcal (∼27 km) was bilinearly interpolated to the destination grid (OBSAGGcal_BIL;
1 km). The division of the original OBS data (OBScal; 1 km) and OBSAGGcal_BIL, which has had
the topographic pattern removed, then results in the downscaling factor grid (FG; 1 km).

_

(4.8)

For each time step the actual downscaling is performed by multiplying the FG grid with
the bilinearly interpolated RCM data (RCMBIL; 1 km) resulting in the downscaled product
RCMtar (1 km).

4.2.4.4. Conserving mass and energy
Most of the algorithm that was used for the conserving of mass and energy was identical
to the original version of BIKLIM, which itself is based on the routines developed by Marke
(2011). However, for precipitation an additional processing step was implemented to
ensure a realistic approximation of the catchment precipitation. First, it needs to be noted
that some of the downscaling (sub‐)routines (i.e. monthly lapse rates, topographic scaling
factors and bilinear interpolation) are not necessarily mass and energy conserving.
Bilinear interpolation from a coarse to a fine grid uses the centre points of grid cells, which
can cause differences in the areal mean between the two scales. Regarding the
topographic scaling, the higher resolution cells of the factor grid underlying one RCM cell
do not necessarily have a spatial mean of 1. Hence the original amount of precipitation of
a RCM cell could be increased (e.g. mean of underlying factor cells = 1.10) or decreased
(e.g. mean of underlying factor cells = 0.90) by the topographic scaling. Considering the
lapse rate models, the independent generation of the target DEM and the DEM of the RCM
causes the mean elevation of the underlying target DEM cells to differ from the elevation
of the corresponding RCM’s DEM cell. Hence when using lapse rates to scale air
temperature with height the conservation of energy is not maintained.
In order to retrospectively account for the conservation of mass and energy, a mass and
energy correction procedure is used in BIKLIM. For a given time step, the downscaled
RCM data (RCMtar) is re‐aggregated to the RCM grid (RCMtar_agg) and the delta (∆RCM) is
calculated between the original RCM data and RCMtar_agg:
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∆

_

(4.9)

The error term ∆RCM that was introduced by the downscaling procedure is then
interpolated (bilinear) to the target grid (∆RCM_tar) and added to RCMtar, resulting in
RCMtar_cor1 and completing the first energy/mass correction step. The downscaling and the
correction procedure is exemplified (1/1/1990 of the CM.1‐GFDL‐A1B run) for Tmax in
Figure 4.7. The remaining mean bias within the shown domain after correction step 1 is
smaller than 0.01K and consequently negligible. The analogue procedure for precipitation
is shown in Figure 4.8 (3/2/1990 of the CM.1‐GFDL‐A1B run). The remaining error term
is also relatively small but can increase when larger areas inside the catchment have
relatively low precipitation values. If the correction term is negative for these cells, then
the correction step can cause an underrun of the natural boundary of zero. Consequently,
the respective cells with a negative value need to be set to 0, which increases the mass
conservation error.

Figure 4.7 The correction steps that were used to account for energy mismatches caused by the downscaling of
Tmax and Tmin, exemplified for Tmax. Note that the downscaling chain takes the bias corrected RCM data (top
left grid) as initial input.
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In the second correction step (used for precipitation) the RCM data is disaggregated
(RCMdis) using Equation (4.2) and the remaining error is calculated between RCMdis and
RCMtar_cor1:
∆

(4.10)

_

As the resolution of ∆tar is 1 km2 (grid of hydrological model), ∆tar can be calculated for a
specific area of interest within the larger RCM domain. Given the catchment based
geographical focus of this study, the area of interest was set to the mask of the Clutha
watershed. The error grid ∆tar is then summed up for all cells within the area of interest
and fractionally added to the cells of RCMtar_cor1 depending on the relative distribution of
an individual cell to the total mass budget:
_
_

_

∑

_

∆

(4.11)

Figure 4.8 The correction steps that were used to account for mass mismatches caused by the downscaling of
precipitation. Note that the downscaling chain takes the bias corrected RCM data (top left grid) as initial input.

Here, an adjusted version of the second correction step was developed and used. In the
Clutha catchment, the RCM cells intersecting the main divide cover an area with extreme
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precipitation gradients (as described in Section 2.3). For such a RCM cell, the mean
precipitation of the underlying target grid cells would be typically higher for the cells
located to the north‐west of the main divide (outside of the catchment) than for the cells
to the south‐east of the divide (inside of the catchment). However, for a given RCM cell,
the original approach (Marke, 2008) does not consider the different proportions between
target cells located inside and outside of the catchment. To account for this imbalance a
catchment mass correction factor (CMCF) was introduced here, which uses the historic
mean precipitation distribution OBScal. For each cell of the RCM grid (the geometry and
not the meteorological data), the areal weighted mean value is calculated for both the
underlying OBS cells that are located inside the catchment (OBScal_in) and for all the target
cells that are covered by the RCM cell (OBScal_tot). The CMCF of any RCM grid cell is then
given by:
_
_

(4.12)

For RCM cells that fully cover the catchment the CMCF becomes 1, while for the cells
covering the catchment boundary it ranges between 0.64 and 1.41. The CMCF was
incorporated into BIKLIM by multiplying the original RCM data (of a given time step) with
the CMCF grid, resulting in RCMCMCF. RCMCMCF is then disaggregated and the resulting grid
(RCMCMCF_dis) is used alternatively to RCMdis to calculate ∆tar via Equation (4.10).

4.3. Evaluation of processed RCM data
4.3.1. The bias corrected RCM data versus observed meteorology
To assess the validity of the bias corrected RCM runs, the aggregated observed
meteorology (OBSAGG) was used as reference product. The bias of the RCM data is shown
for both the calibration and validation periods. The latter is only of three years duration
and consequently biases of the corrected RCM data are expected to remain relatively high
given the natural climate variability of individual years.
Figure 4.9 shows the seasonal bias between the uncorrected RCM data (BC0) and OBSAGG
for precipitation. During both the training (Figure 4.9a) and the validation (Figure 4.9b)
periods biases are large and range between ‐86 and 177%. The seasonal bias is most
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pronounced during spring and autumn, and includes a high spatial variability. Although
some of the cells show different biases throughout both periods, the general pattern is
rather similar.
When using the LT method (BCLT), the bias is zero for all seasons during the training
period (Figure 4.10a). This was logically expected, as the linear scaling factors were
applied on a cell by cell basis and for each month. During the validation period, biases
range between ‐57 and 23% (Figure 4.10b) and are substantially lower compared to BC0.
The QM method resulted in a substantial reduction of the precipitation bias during the
training period (Figure 4.10c), albeit small biases remain for individual cells (‐20 – 10%).
The remaining bias during the validation period is smaller (Figure 4.10d) but comparable
to the bias of BCLT with a similar seasonal pattern.

(a)

(b)

Figure 4.9 Relative (%) seasonal bias of the uncorrected precipitation RCM data (BC0) during (a) the training
(1990‐2009) and (b) validation (2010‐2012) periods. For better visibility the scale ranges from ‐180 to 180%, while
the actual biases range from ‐86 to 177%. It needs to be noted that DJF and JJA correspond to southern
hemisphere summer and winter, respectively.
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(a)

(b)

(c)

(d)

Figure 4.10 Relative (%) seasonal bias of the bias corrected precipitation RCM data for the (a and b) LT and (c and
d) QM approach. For better visibility the scale ranges from ‐180 to 180%, while the actual biases range from
‐86 to 177%. It needs to be noted that DJF and JJA correspond to southern hemisphere summer and winter,
respectively.

Given the very similar results for the two temperature variables, only the results for Tmax
are shown. The seasonal bias of the BC0 data ranges between ‐5.6 and 3.9°C (Figure 4.11
a, b), and is predominantly positive (negative) during winter (summer). During all
seasons the bias is smallest in the southern part of the domain, while becoming larger in
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the central and upper part of the catchment. The bias pattern also shows little variation
during both periods.

(a)

(b)

Figure 4.11 Seasonal bias (°C) of the uncorrected Tmax RCM data (BC0) during the training (1990‐2009) and
validation (2010‐2012) periods. For better visibility the scale ranges from ‐6 to 6°C, while the actual biases range
from ‐5.6 to 3.9°C. It needs to be noted that DJF and JJA correspond to southern hemisphere summer and winter,
respectively.

As described for precipitation, the LT method eliminates any bias in the Tmax simulations
during the training period (Figure 4.12a), while some biases remain during the validation
period ranging between ‐1.5 and 0.9°C (Figure 4.12b). The QM method accomplished a
near zero bias (< ±0.1°C) during the training period (Figure 4.12c) and a comparable (to
LT) bias for the validation period (Figure 4.12d).
On the monthly scale the uncorrected precipitation RCM data (Figure 4.13a) varies
considerably. The eight RCM members capture the general precipitation regime with
lower amounts during winter and higher amounts during the summer. However, most
members overestimate precipitation during autumn and spring with a pronounced
spread across the individual members. Considering Tmax (Figure 4.13c) and Tmin (Figure
4.13e) the spread of the ensemble is substantially smaller for both variables. All eight RCM
runs capture the observed regime. However, both Tmax and Tmin are modelled with a
warm bias between November and January, followed by a more pronounced cold bias
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between May and September. The QM method resulted in a near perfect reduction for
Tmax (Figure 4.13d) and Tmin (Figure 4.13f), while minor biases remain for precipitation
(Figure 4.13b). Regarding BCLT, the correction resulted in a complete reduction of the
monthly biases for all three variables and so is not shown here.

(a)

(b)

(c)

(d)

Figure 4.12 Seasonal bias of the bias corrected Tmax RCM data for the (a and b) LT and (c and d) QM approach.
For better comparability and visibility the scale ranges from ‐1.8 to 1.8°C, while the actual biases range from ‐1.5
to 0.9°C. It needs to be noted that DJF and JJA correspond to southern hemisphere summer and winter,
respectively.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.13 The monthly spatially averaged (inside RCM Clutha domain) biases during the 1990‐2009 training
period. The grey line corresponds to the observed and aggregated meteorology (OBSAGGcal). The biases are shown
for the eight BC0 and BCQM members for the three variables: Precipitation (a and b), Tmax (c and d) and Tmin (e
and f). The individual members are grouped by emission scenario. However, no significant difference is
noticeable, because data for 1990‐1999 are based on the historic emission scenario (20C3M) and there is no
substantial difference in the emissions of A1B and A2 for 2000‐2009.
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4.3.2. The downscaled RCM data compared to the observed meteorology
To test the effect and performance of the downscaling routine, the bias corrected (using
QM) and downscaled RCM data were compared with the original OBScal data (as described
in Chapter 2) at 1 km2 resolution. For this evaluation (not validation) (Table 4.1) only the
cells within the Clutha watershed were considered. The r2 values (0.98 – 0.99), which are
based on the individual grid cells of the 20‐year mean grids, indicate a very strong linear
relationship between OBS and the downscaled RCM runs for all three variables. With
respect to Tmax and Tmin, the mean catchment bias is below 0.1°C for all runs, while the
bias of individual cells ranges from ‐1.15 to 1.68°C (Tmin) and ‐1.01 to 0.89°C (Tmax). The
spatial mean bias of precipitation is also small (‐1.14 to 0.15%) but becomes more
pronounced for individual cells (‐24 to 51%).
To substantiate the advantage of correcting the RCM data with the CMCF grid, the mean
bias between OBScal and RCMtar_cor2, which is based either on the original (step 1 and 2;
Section 4.2.4.4) or the extended correction routine (step 1 and 2 extended with CMCF;
Section 4.2.4.4), was calculated during the validation period (exemplified for the CM.1‐
GFDL‐A1B run). When using the original approach, the catchment precipitation was
overestimated by 9.8%, while the extended approach involving the CMCF resulted only in
a marginal positive bias (< 0.1%), highlighting the benefit of the CMCF.
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Table 4.1 The bias corrected (using QM) and downscaled RCM simulations (Tmin, Tmax and precipitation) are
compared with the reference product (OBScal) within the catchment domain (see Figure 4.4). All error measures
are calculated between the two temporally averaged grids during the training period (1990‐2009).

Variable

Tmin

Tmax

Precipitation

RCM run
CM.1‐GFDL‐A1B
ECHAM5‐A1B
HadCM3run2‐A1B
MK3.5‐CSIRO‐A1B
CM2.1‐GFDL‐A2
ECHAM5‐A2
HadCM3‐A2
MK3.5‐CSIRO‐A2
CM.1‐GFDL‐A1B
ECHAM5‐A1B
HadCM3run2‐A1B
MK3.5‐CSIRO‐A1B
CM2.1‐GFDL‐A2
ECHAM5‐A2
HadCM3‐A2
MK3.5‐CSIRO‐A2
CM.1‐GFDL‐A1B
ECHAM5‐A1B
HadCM3run2‐A1B
MK3.5‐CSIRO‐A1B
CM2.1‐GFDL‐A2
ECHAM5‐A2
HadCM3‐A2
MK3.5‐CSIRO‐A2

Mean bias

Minimum bias

Maximum bias

RMSE

[°C]
0.07
0.05
0.04
0.06
0.08
0.06
0.05
0.05
0.02
0.02
0.03
0.02
0.01
0.02
0.03
0.02
[%]
0.15
‐1.29
0.13
‐1.14
0.06
‐0.81
‐0.14
‐0.57

[°C]
‐1.15
‐1.15
‐1.17
‐1.15
‐1.14
‐1.14
‐1.16
‐1.16
‐1.04
‐1.02
‐1.02
‐1.02
‐1.05
‐1.03
‐1.01
‐1.02
[%]
‐24.87
‐23.75
‐25.01
‐25.09
‐24.03
‐24.93
‐24.58
‐24.57

[°C]
1.67
1.67
1.66
1.67
1.67
1.68
1.66
1.67
0.87
0.86
0.89
0.86
0.85
0.85
0.87
0.87
[%]
49.79
48.77
49.83
50.78
49.65
49.76
49.95
50.19

[°C]
0.348
0.348
0.346
0.347
0.352
0.350
0.345
0.348
0.297
0.294
0.297
0.294
0.295
0.293
0.295
0.293
[mm]
0.292
0.284
0.286
0.293
0.286
0.288
0.284
0.286

r2
0.982
0.982
0.982
0.982
0.981
0.981
0.982
0.982
0.992
0.992
0.992
0.992
0.992
0.992
0.992
0.992
0.993
0.994
0.993
0.993
0.993
0.993
0.994
0.993

4.4. Projected changes in climate
4.4.1. The spatially averaged signal
Before the projected changes in the three climate variables are presented in detail, the
effect of bias correction on the climate signal is investigated. The effect of the QM method
on the raw RCM precipitation data (BC0) is shown in Figure 4.14. It needs to be noted that
the averaging routine plays an important role in identifying the true effect QM has on the
signal. As the QM method is applied separately for each month on a cell by cell basis, the
change signal needs to be calculated accordingly. Hence the monthly change signal is first
calculated for each cell and the resulting monthly change grids are then averaged. The
resulting annual mean change grid is then spatially averaged and the overall mean change
signal is used to assess the effect of QM on the raw signal. As shown in Figure 4.14, the
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raw signal is enhanced by the QM method for nearly all RCM members during both future
periods. The differences between BC0 and BCQM range from ‐0.1 to 1.8%, with the highest
value found for HadCM3run2‐A2 (2090s). It can also be seen that there is no relationship
between the strength of the raw signal and the strength of the effect of QM. Regarding
Tmax and Tmin (not shown), the effect of QM is near zero with no noteworthy difference
between the BC0 and BCQM signals.

(a)

(b)

Figure 4.14 Scatterplots based on the relative precipitation signal of BC0 and BCQM, for the (a) 2050s and (b) 2090s,
respectively. The signals (opposed to 4.14 a and b) represent the relative change that is based on the average of
the monthly signals of the individual cells. Thus the signals do not represent changes in the mean catchment
precipitation but identify the (spatially averaged) effect of QM on BC0 on a monthly and cell by cell basis. This
averaging procedure is required to identify the true effect of QM, because the QM algorithm uses monthly and
cell specific distribution mapping.

In order to quantify the actual climate change signal of a variable in the domain, the
calculation simply considers the mean change of the spatio‐temporal average between
two time periods (2050s ̶ REF or 2090s ̶ REF). For precipitation, the change is typically
given as a percentage, while the actual unit (°C degrees) is used for Tmax and Tmin. It can
be seen (Figure 4.15a, b) that the relative change in mean catchment precipitation is
enhanced for the BCQM simulations. For the 2050s period, the BCQM signal of the ensemble
ranges between 3.8 and 13.0% (1.2 to 10% for BC0). The ensemble spread becomes
increasingly large for the 2090s period (10.9 ‐ 26.0% for BCQM and 6.3 ‐ 17.9% for BC0),
during which the signal of all members is intensified when compared to the 2050s period
(holds for BCQM and BC0). Thus, all members point to an increase in precipitation that
becomes increasingly high during the 2090s period (Figure 4.15a, b). Only the signal of
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the CM2.1‐GFDL‐A2 member showed nearly no change between the two periods. It
becomes also apparent that there is no obvious clustering during both periods between
the A2 and A1B members with both the lowest and highest signals in the 2090s
represented by an A2 member.
Regarding air temperature (Figure 4.15c‐f), the range of the 2050s signal is similar for
Tmax (1.29 ‐ 1.75°C) and Tmin (1.23 – 1.73°C). For both variables, all A2 members are
contained within the spread of the A1B members and consequently the A2 emission
scenario has not resulted in a substantially greater warming during the 2050s period.
Towards the end of the century (2090s period) differences between the two scenarios
become apparent and the warming signal is clearly enhanced for the A2 members
compared to the A1B runs. For Tmax (Tmin) the warming signal of the A1B members
ranges from 2.53 to 3.27°C (2.44 to 3.06°C) with the upper boundary exceeded by the A2
signals ranging from 3.31 to 4.22°C (3.07 to 3.80°C). When averaging the Tmax and Tmin
signals, the resulting mean temperature signal under the A1B (A2) scenario equates to
1.51°C (1.55°C) and 2.80°C (3.49°C) for the 2050s and 2090s, respectively.
On the monthly scale, the spatially averaged precipitation signal shows a large spread
during both periods (Figure 4.16a, b). For the 2050s, the historic regime is contained
within the model envelope (except August). Regarding the 2090s, all members show a
positive change between May and September, while the direction of change varies during
the remaining months. The most extreme increase is projected by two A2 members
(HadCM3 and ECHAM5) with relative changes of 112 and 103%, respectively. Further, a
tendency towards reduced precipitation can be seen for the months of November,
December and February. For temperature (Tmax and Tmin) the variability within the
ensemble is substantially smaller and for both time periods a distinct warming signal can
be depicted during all months (Figure 4.16c‐f). In the 2090s period the ensemble
variability becomes slightly more pronounced and the envelopes of the A2 and A1B
members have dissociated from each other.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.15 Scatterplots based on the climate change signal of BCQM and BC0. Any departure from the dashed line
represents an alteration of the “raw” signal. The results are shown for both future time periods (2050s and
2090s), and for the three variables: Precipitation (a and b), Tmax (c and d) and Tmin (e and f).
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.16 The monthly climate regimes within the RCM Clutha domain for the 2050s and 2090s periods are
shown for the three variables: Precipitation, Tmax and Tmin. The baseline climate (1992‐2011 of OBSAGG) is
represented by the grey line.
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4.4.2. Projected changes on the RCM grid
In this section the spatially distributed seasonal signals of the RCM data are presented.
The results are only shown for BC0 and BCQM, as the spatial signals of BCLT are very similar
to BC0. Starting with the BC0 precipitation signals, the general spatial patterns of the
individual seasons are relatively consistent between both periods (Figure 4.17a, b).
Further, the spatial signal is most homogenous during summer (negative change) and
winter (positive change). In summer (corresponds to DJF in the southern hemisphere) the
strongest decrease is projected for the central and north‐eastern parts of the catchment,
while in winter (corresponds to JJA in the southern hemisphere) the cells intersecting the
main divide show the strongest increase. For spring and autumn, the signal becomes
increasingly positive from the 2050s to the 2090s, albeit weaker when compared to the
change in winter.
Regarding BCQM (Figure 4.17c, d), alterations in the original signal are most obvious
during the winter period. The strongest alteration occurred along the main divide (north‐
west) where the signal was altered in the most extreme case from 51 (BC0) to 71% (BCQM).
In Figure 4.18 the standard deviation (SD) of the signal is shown as an indicator for the
ensemble internal variability. Regarding BC0, for most cells and seasons the SD ranges
between 3 and 10%, but becomes largest for individual cells located in the central part of
the catchment, where it reaches 27%. Compared to the effect on the actual signal, the
effect of the QM method on SD is relatively small (albeit some ∼ ±5% modifications in
winter and spring).
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(a)

(b)

(c)

(d)

Figure 4.17 The relative seasonal precipitation signal (ensemble mean) over the RCM Clutha domain for the 2050s
and 2090s future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be
noted that DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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(a)

(b)

(c)

(d)

Figure 4.18 The standard deviation of the seasonal precipitation signal over the RCM Clutha domain for the 2050s
and 2090s future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be
noted that DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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Regarding temperature, the spatial signals of BC0 and BCQM are almost identical, which
makes a comparison dispensable. The projected changes for Tmax (Figure 4.19, 4.20) and
Tmin (Figure 4.21, 4.22) are rather similar, thus results are primarily discussed for Tmax.
Beginning with the 2050s period (Figure 4.19a, c), all cells have undergone a warming
during all four seasons. Looking at the spatial distribution, the warming is higher in the
central and upper part of the catchment. In summer and autumn, the warming is relatively
homogeneous, while the spatial variation is augmented during the remaining seasons.
During spring, it becomes also apparent that the RCM cells with the highest elevation
show a greater warming signal. In the 2090s, the change signal follows the spatial pattern
of the 2050s, while the signal has increased substantially (Figure 4.19b, d). The strongest
warming occurs along the main divide during the spring season with ensemble mean
values ranging from 5.6 to 5.8°C for Tmax. Regarding Tmin, the signal is generally less
pronounced, which becomes especially visible for the main divide area during the 2090s
spring period (4.6 to 4.9°C for Tmin).
As just described for the signal, the standard deviation of the raw temperature signal (BC0)
has also hardly been affected by the QM technique and the results can be discussed
together. During the 2050s (Figure 4.20a, c), the SD of the Tmax signal is relatively low for
all seasons and slightly higher in spring. In the 2090s (Figure 4.20b, d), the SD has
increased substantially with the highest values at cells intersecting the main divide. These
cells were also shown to have experienced the strongest warming (Figure 4.19b, d), which
combined with the high SD values points to a high level of uncertainty that can be expected
to propagate into the impact model. Regarding Tmin (Figure 4.21a‐d) the spatial pattern
of the seasonal signal follows Tmax. Compared to Tmax the SD of the Tmin signal is also
similar, however SD values are generally higher in the 2050s and visibly lower along the
main divide in the 2090s winter (Figure 4.22a‐d).
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(a)

(b)

(c)

(d)

Figure 4.19 The seasonal Tmax signal (ensemble mean) over the RCM Clutha domain for the 2050s and 2090s
future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be noted that
DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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(a)

(b)

(c)

(d)

Figure 4.20 The standard deviation of the seasonal Tmax signal over the RCM Clutha domain for the 2050s and
2090s future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be
noted that DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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(a)

(b)

(c)

(d)

Figure 4.21 The seasonal Tmin signal (ensemble mean) over the RCM Clutha domain for the 2050s and 2090s
future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be noted that
DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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(a)

(b)

(c)

(d)

Figure 4.22 The standard deviation of the seasonal Tmin signal over the RCM Clutha domain for the 2050s and
2090s future periods. The results are shown for BC0 (a and b) and BCQM (c and d), respectively. It needs to be
noted that DJF and JJA correspond to southern hemisphere summer and winter, respectively.
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4.4.3. Assessing the uncertainty in the projected climate signal
The overall uncertainty in the climate signal is spanned by the individual components
(GCM, emission scenario and bias correction) of the model chain used in this study (Figure
4.3). In order to isolate the contribution of the individual components to the full
uncertainty range, the entire ensemble has been grouped in four subensembles (each
containing the four GCMs), which represent all the possible combinations between the
two emission scenarios and the two bias correction methods.

(a)

(b)

(c)

(d)

Figure 4.23 The uncertainty range of the precipitation signal (domain average) is shown for the entire ensemble
and the four seasons: summer (a), autumn (b), winter (c) and spring (d). Each plot contains two uncertainty boxes
(for 2050s and 2090s). For each box the uncertainty range is broken down into the two emission scenarios and
the two bias correction methods. The red line represents the median of all 16 members within a box.

Beginning with precipitation, the spread of the 2050s summer season (Figure 4.23a, left
box) is almost completely caused by the GCM structure. Both the emission scenario and
bias correction method have negligible effects on the extent of the bounding box and the
median signal, with the latter showcasing a near zero change in precipitation. Regarding
the 2090s summer, the median change is more negative, while both the emission scenario
and bias correction cause a slight increase in the uncertainty range. A different situation
can be seen for the 2050s winter (Figure 4.23c), where the extent of the bounding box is
largely determined by the emission scenario. For the 2090s winter, all three components
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have a considerable impact on the uncertainty range. Here, the GCM spread is the highest
of all seasons and both future periods. It can also be seen that the precipitation signal is
noticeably higher for the A2 subensemble (mainly caused by ECHAM5‐A2). In addition,
the selection of the bias correction method considerably increases the extent of the whole
ensemble, resulting in a total uncertainty range of 51.7% (24.5‐76.2%). In spring (Figure
4.23d) and autumn (Figure 4.23b), the median depicts a relatively weak positive signal
during the 2050s period, which becomes more pronounced in the 2090s period.
The uncertainty in the Tmax (Figure 4.24a‐d) and Tmin (Figure 4.24e‐h) signals during
the 2050s is predominantly caused by the GCM structure in all seasons. Exceptions can be
found for Tmin during summer and Tmax during spring, when the emission scenario
causes a noteworthy increase in the overall spread. As expected from the monthly analysis
(Figure 4.16) the selection of the emission scenario becomes a major source of
uncertainty in the 2090s with most of the A2 members projecting a stronger signal than
their corresponding A1B members. However, this only holds for members stemming from
the same GCM (e.g. ECHAM5‐A1B and ECHAM5‐A2). As can be seen for the 2090s winter,
the MK3.5‐CSIRO A1B member has a greater warming signal (Tmax and Tmin) than two
of the A2 members (HadCM3 and CM2.1‐GFDL).
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Figure 4.24 The uncertainty range of the Tmax [Tmin] signal is shown for the entire ensemble and the four
seasons: summer (a [e]), autumn (b [f]), winter (c [g]) and spring (d [h]). Each plot contains two uncertainty boxes
(for 2050s and 2090s). For each box the uncertainty range is broken down into the two emission scenarios and
the two bias correction methods. The red line represents the median of all 16 members within a box.

194

Chapter 4 – 21st century climate change in the Clutha basin

4.5. Discussion
4.5.1. Effect of bias correction on the climate change signal
Any effect the processing of RCM simulations could have on the raw data should be made
transparent as the commonly used bias correction and downscaling (from RCM to
hydrological model scale) might pose additional sources of uncertainty (Teng et al., 2015).
Here, the linear scaling that is used as part of the linear transformation (LT) method did
not alter the raw monthly RCM signal due to its use of constant correction factors (terms).
For the quantile mapping (QM) method, the raw air temperature signal (Tmax and Tmin)
was minimally altered, while the precipitation signal was enhanced. The alteration of the
precipitation signal was found to be moderate when the relative signals were averaged
cell by cell and for each month first (Figure 4.14). However, the change in catchment
precipitation was found to be substantially enhanced when using QM (Figure 4.15a, b).
Several studies (Hagemann et al., 2011; Themeßl et al., 2012; Gutjahr and Heinemann,
2013) have shown how bias correction methods that are based on the concept of QM can
significantly alter the climate change signal. Hagemann et al. (2011) attributed this effect
to the non‐linear correction of QM, by which low values and extreme values are corrected
disproportionally. Consequently, changes in the future frequency distribution can cause
changes in the signal. The strength of the effect was found to range from conservative
(Gutjahr and Heinemann, 2013) to substantial (Hagemann et al., 2011). It was thus
suggested to consider the alteration of the climate change signal as an additional source
of uncertainty (Teng et al., 2015). Further, this effect was considered to be a weakness of
the QM method (Hempel et al., 2013). However, the recent study of Gobiet et al. (2015)
showed that the described modifications in the signal can be regarded as improvements
in the RCM projections. They found that a substantial alteration (15%) of the temperature
signal in parts of the European domain corresponded strongly to intensity dependent
model errors. These errors that are intrinsic to the RCM were shown to be directly related
to the alteration of the climate change signal. Thus, based on their findings, intensity
dependent model errors could be a plausible explanation for the intensification of RCM
precipitation (when using QM) in this study. To confirm this presumption a more specific
analysis of the HadRM3P RCM would be required.

195

Chapter 4 – 21st century climate change in the Clutha basin

4.5.2. Downscaling ‐ from the RCM to the hydrological model grid
Depending on the meteorological variable, different methods were used to downscale the
bias corrected RCM data to the finer hydrological model grid. For air temperature, the two
lapse rate models (Tmax and Tmin) that were used as part of the historic climate analysis
(Chapter 2.2) were adopted. The use of monthly lapse rate grids (Tmax) and a simple
inversion model (Tmin) allowed for a realistic downscaling of air temperature in the
environment of the catchment. Alternatively, Sood (2014, article in preparation) used a
constant lapse rate of 5°C km‐1 to downscale RCM runs for the whole of New Zealand.
Considering the large spatial and monthly variability of near surface lapse rates in the
domain (Section 2.2.3.1), the techniques that were used here are thought to be more
appropriate than the use of a constant lapse rate. A potential weakness of the two lapse
rate models is the assumption of stationary lapse rate conditions under 21st century
climate change. As shown by Kotlarski et al. (2015) for the European Alps, monthly lapse
rates were found to change over the 21st century with a tendency towards shallower lapse
rates (up to ~ 0.4°C km‐1) during winter. Such a change would cause an enhancement of
the warming signal in high elevation areas of the upper Clutha and consequently have
potential implications for the hydrological impact study (i.e. snow related processes). To
account for this effect the monthly lapse rate grids used in this study could be recalculated
using the actual relative humidity data of the RCM simulations. Another alternative would
be the use of regression based remapping, which analyses the RCM internal temperature‐
elevation dependence (Marke, 2011). The approach as proposed by Marke (2011) uses a
two‐layer atmosphere, which allows temperature inversions to be considered. An
advantage of this approach is that the gradients (or lapse rates) are calculated for every
time step and are therefore non‐stationary.
For precipitation (and the other variables) the topographic scaling approach of Frueh et
al. (2006) was adopted and enabled a realistic approximation of the complex historic
precipitation pattern. In a New Zealand based study Sood (2014, article in preparation)
used orographic precipitation enhancement and reduction factors for the windward and
leeward side of the Southern Alps, respectively. It would be interesting to compare the
downscaled 5 km2 fields of Sood (2014, article in preparation) with the fields generated
in this study. Regarding further development, the currently implemented downscaling
method that uses a temporally constant topographic scaling grid could be augmented with
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a wind‐direction dependence as proposed by Schipper et al. (2011). The use of such a
dynamic component could allow for a more realistic scaling of precipitation in the
spillover zone, which could potentially be affected by changes in the frequency and
intensity of synoptic patterns over the 21st century.
The mass and energy conserving correction algorithm that was carried out after the
downscaling, is considered as an improvement over several existing studies both in (Sood,
2014, article in preparation) and outside of New Zealand (Kleinn et al., 2005; Frueh et al.,
2006; Schipper et al., 2011; Piniewski et al., 2013). The combination of high resolution
downscaling with mass and energy conservation, with the latter adopted from Marke
(2011), enabled fine scale meteorological features to be considered, while also assuring
consistency with the RCM data. Finally, the mass and energy conservation module was
extended with an additional correction step for precipitation, involving a catchment mass
correction factor (CMCF). As it was demonstrated, the CMCF helped to preserve
precipitation amounts at the catchment scale more realistically, which if applied
elsewhere can be expected to be particularly helpful in regions with similarly strong
precipitation gradients.

4.5.3. Projected changes in air temperature and precipitation
As demonstrated by Mpelasoka et al. (2001), the downscaling step between the GCM and
the regional scale constitutes a major source of uncertainty in the New Zealand domain.
In their study the choice of the downscaling approach (i.e. an artificial neural network vs.
a multivariate statistics model) had a major impact on the projected changes in climate
variables. Although using a relatively old (pre‐CMIP3) GCM model (HadCM2), their results
clearly indicated a large spread in the precipitation signal (32‐91%) along the west coast
(site = Milford).
For the Clutha basin, the CMIP3 simulations used by Poyck et al. (2011) projected a change
in precipitation from 0 to 14% in the 2040s and from ‐2 to 25% for the 2090s. It needs to
be noted that their projections are based on twelve GCMs, which were all forced by the
A1B emission scenario (opposed to A1B and A2 in this study), while the four GCMs used
in this study are a subset of their twelve GCMs. The results of Poyck et al. (2011) are
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comparable to this study, however here no member showed a decrease, and positive
changes for the 2090s ranged between 6.3‐17.9% and 10.9‐26.0%, for BC0 (raw) and BCQM,
respectively. In the study of Poyck et al. (2011) the strongest signal (40%) was found for
the upper Clutha basin during winter. The signal of their statistically downscaled GCM
projections (as described in Ministry for the Environment, 2008; Mullan and Dean, 2009)
is thus more conservative than the bias corrected RCM runs used in this study, which
projected substantially higher increases along the main divide in winter (51 and 71%
ensemble mean values for BC0 and BCQM, respectively; Figure 4.17). For the whole
catchment, the ensemble mean winter signal equated to 42%, which even exceeds the
locally highest projections (40%) of Poyck et al. (2011). The more extreme change signal
in this study could be a result of the different methods used to downscale the GCM runs
(dynamical vs. statistical). The RCM (opposed to the statistical downscaling) could have
simulated a stronger westerly airflow which would have resulted in more precipitation in
the future period.
The RCM based temperature changes (A1B) that were computed in this study are in
general agreement with the statistically downscaled projections of Mullan and Dean
(2009). As mentioned earlier, the four GCMs that were dynamically downscaled in this
study are a subset of the larger ensemble (twelve GCMs) of Mullan and Dean (2009). Based
on their A1B forced projections, the mean temperature signal for the 2090s ranges from
approximately 1.3 to 3.2°C (see Figure 8 in Mullan and Dean, 2009). Here, the change in
mean temperature based on the A1B forced runs, corresponded to the following range
(same for BC0 and BCQM): 2.5 to 3.2°C. The elevated lower boundary can likely be explained
by the reduced number of ensemble members in this study. Consequently, it can be stated
that the RCM based change in mean temperature does not exceed the range of the
statistically downscaled GCM ensemble of Mullan and Dean (2009). However, a member
specific comparison would be required to confirm this.

4.5.4. Uncertainty in the climate signal
The seasonal analysis of the change signals constituted a first attempt in identifying the
most salient sources of uncertainty in the climate projections (the main uncertainty study
including the hydrological model is presented in Chapter 5). For air temperature (holds
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for both Tmax and Tmin) the GCM is the primary source of uncertainty in the 2050s, while
in the 2090s the uncertainty related to the emission scenario becomes at least as
important. This agrees well with global temperature predictions stemming from the
CMIP3 multimodel dataset, in which the variance of the emission scenario is about equally
important (as the GCM spread) around the middle of the 21st century and becomes
substantially larger towards the end of the 21st century (Figure 2 as presented in Hawkins
and Sutton, 2009).
Throughout the 21st century the range of the seasonal precipitation signal is first (2050s)
predominantly spanned by the GCM until the 2090s when the emission scenario becomes
almost equally important during winter. Kjelstroem et al. (2011) also identified the GCM
structure as the main driver of uncertainty in precipitation (amongst other variables)
projections, which were found to be directly related to different representations (in the
GCMs) of changes in the large‐scale circulation. Here, the largest spread was found for the
2090s winter (52%), during which one A2 member (ECHAM5) showed an especially large
increase (76%). It is not clear if such an extreme value is predominantly a function of the
stronger forcing of the A2 scenario and if such a projection would be rather unlikely under
the A1B scenario. As suggested by de Elia and Cote (2010) the uncertainty of natural
variability can reach a similar magnitude as GCM structure. Thus, multiple runs of at least
one GCM‐RCM combination would be required to assess the role of natural variability in
this domain and separate the GCM structure uncertainty from the latter. This would help
to more fully explore the “true” range in the seasonal precipitation signal (i.e. winter) that
was found to be most pronounced in the region of the main divide. As both emission
scenarios that were used in this study are associated with global warming signals that
exceed the commonly referred to “2°C target”, future work could augment the ensemble
by a lower emission or best case scenario (e.g. the SRES B1 scenario). Additionally,
selected members of the CMIP5 ensemble, for which the dynamical downscaling was not
completed by NIWA until after this study had started, would be an already available data
source that could be used to enlarge the existing ensemble.
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4.6. Chapter summary
The effect of the bias correction on the climate change signal was investigated showing an
enhancement of the relative change in catchment precipitation (up to 8%) when using the
QM method. As shown by Gobiet et al. (2015) this should not necessarily be regarded as
a deficiency in the QM method but could potentially constitute the “true” signal that was
occluded by intensity dependent errors within the RCM. This issue needs to be
investigated further as this could have important implications for impact planning and
future adaptation strategies in the Southern Alps.
Under the A1B (A2) scenario, Tmean was projected to increase by 1.5 and 2.8°C (1.6 and
3.5°C), for the 2050s and 2090s, respectively. Regarding annual precipitation, the
increases (ensemble mean) under the A1B (A2) scenario ranged from 9 to 16% (from 7
to 16%), for the 2050s and 2090s, respectively. Under the A1B (A2) scenario Tmean was
projected to increase by 1.51°C (1.55°C) and by 2.80°C (3.49°C) for the 2050s and 2090s,
respectively. While the temperature signal (Tmax and Tmin) did not show a pronounced
seasonal variation, the seasonal precipitation signal showed a large variation. The
ensemble mean projected a relatively small decrease in precipitation during summer
which was well compensated for by increases in the remaining seasons. The strongest
signal (ensemble mean) emerged for the 2090s winter for both the A1B (36%) and A2
(49%) members. The precipitation signal for the 2090s winter also showed the largest
overall ensemble spread, ranging between 25 and 76%. Regarding the upper catchment,
the positive precipitation signal (51‐71%) was found to exceed the findings from previous
work in the domain (40%; Poyck et al., 2011).
Finally, it can be concluded that the model chain that was constructed to bridge the scale‐
gap between the RCM simulations and the hydrological model grid should allow for a
robust assessment of climate change impacts on the hydrology of the Clutha catchment.
Hence it can be stated that the third objective, encompassing the processing and
conservative downscaling of RCM simulations, has been successfully completed. It is also
argued that the processing steps (Figure 4.3) that were described in this chapter
constitute the most detailed and thoroughly documented work that has been done in the
context of climate change impact studies in New Zealand. In addition, an uncertainty
assessment was carried out that explicitly showcased the contribution of the individual
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components (GCM, emission scenario and bias correction) to the overall range. As part of
future work the projections generated here, could be combined with existing ensembles
(e.g. Mullan and Dean, 2009), which would allow for a comparison of different
downscaling methods (dynamical vs. statistical).
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5.1. Introduction
This chapter provides an assessment of the Clutha catchment’s response to 21st century
climate change. The underlying objective of this chapter is to force WaSiM with the bias
corrected and statistically downscaled RCM simulations that were produced in Chapter 4.
The two versions of WaSiM using either a conceptual energy balance method (Anderson,
1973) or a Tindex snow model (presented in Chapter 3) are both forced with the
processed RCM fields to isolate the effect of the melt routine on the hydrological change
signals (e.g. change in seasonal streamflow and snow storage). The effect of climate
change on both natural processes and major forms of water management (i.e. hydropower
and irrigation) is then investigated. The analysis will illuminate the full range of
hydrological projections and explicitly quantify the contribution of the individual model
components (GCM, emission scenario, bias correction and snow model) to the ensemble
spread.
The following sections cover the hydrological simulations and impacts that were
projected for the Clutha catchment. After a general introduction to climate change impact
modelling (5.1.1‐5.1.2) and the model chain (5.1.3), the performance of the RCM driven
hydrological simulations in reproducing the historic streamflow regime and water
balance is investigated (Section 5.2). An appropriate reproduction of the past conditions
(i.e. regime) is important as they represent the baseline for the calculation of the climate
change signal. The future impacts on seasonal and monthly streamflow are presented in
Section 5.3.1. Thereafter, the contribution of the individual model components to the
overall uncertainty in the seasonal streamflow signal is explicitly quantified (Section
5.3.2). Projected changes in seasonal snow and glacier volume are shown in Section 5.3.3.
followed by the water balance (Section 5.3.4). The last result section encompasses the
potential impacts of climate change on the hydropower potential of the Clyde and
Roxburgh schemes (Section 5.3.5). Finally, the results are discussed in Section 5.4 and the
chapter is summarised in Section 5.5.

203

Chapter 5 – Potential impacts of climate change on the hydrology of the Clutha catchment

5.1.1. Hydrological impacts of global warming ‐ inside and outside of New
Zealand
Over the last decades, climate change has had a considerable impact on the planet’s
freshwater resources (Jimé nez Cisneros et al., 2014), causing changes in the amount of
runoff (Piao et al., 2010), the timing of peak discharge (Hidalgo et al., 2009), a reduction
in glacier volume (Rosenzweig et al., 2007), and an increase in flood risk (Pall et al., 2011).
Projected impacts under 21st century climate change will affect the main processes as well
as the major storages of the water cycle. Future impacts include an increase of potential
evapotranspiration over most land areas (very likely1), a further shrinkage of glaciers and
changes in the runoff regime of snow affected basins (Jimé nez Cisneros et al., 2014).
The hydrological impacts of climate change will have important implications for water
users across the planet. The hydropower potential of Europe was found to undergo
variable changes with considerable reductions in the drier regions (Lehner et al., 2005).
Glacier retreat means that less water will be contributed to river flow, which is likely to
negatively impact the freshwater available to large cities in the tropical Andes (Vergara et
al., 2007). Seasonal changes in streamflow also have the potential to cause a conflict of
interests between different water users. Such a scenario was projected for a catchment in
the western Himalayas, where reductions in summer flow would coincide with the peak
demand for both irrigation and hydropower (Singh and Bentsson, 2004).
In New Zealand, projections related to annual runoff changes are associated with a
medium confidence level2. The general pattern of projected change in the domain of the
South Island is an increase in runoff in western regions and reductions in the north‐east
(Reisinger, 2014). In the Southern Alps increases in winter precipitation, combined with
a projected reduction in seasonal snow (Hendrikx et al., 2012), are expected to
substantially increase the winter and spring lake inflows on the leeward side of the main
divide (Renwick et al., 2010). As shown by Fitzharris (1989b) the combined effect of an
assumed warming of 3°C and an increase in precipitation (15%) means that lake inflows
on the South Island could rise by up to 40% in winter accompanied by a smaller reduction

According to the latest IPCC (AR5) guidance notes, likelihood is based e.g. on modelling or statistical
analyses. The term “very likely” corresponds to a 90‐100% probability (see Mastrandrea et al., 2010).
2 According to the latest IPCC (AR5) guidance notes, confidence levels are based on the author(s)’
judgments on the degree of evidence and agreement (see Mastrandrea et al., 2010).
1
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during summer (‐13%).
As stated by Renwick et al. (2010), such changes in the historic regimes would reduce the
amplitude of the flow regimes and consequently cause a flattening in the current seasonal
hydro‐generation capacities of some of New Zealand's largest hydropower plants. Under
the current climate, electricity demand is highest during the winter months, and therefore
increased lake inflows in the future could be interpreted as favouring hydroelectric
generation during winter. However, considering the rather complex water management of
the potentially affected hydroelectric schemes, both natural (i.e. lake volumes, seasonal
snow and glaciers) and anthropogenic controls (i.e. operational volumes of reservoirs,
seasonal flow restrictions), need to be considered in order to make a robust assessment.
Another factor worth considering is linked to potential changes in the electricity demand
under a warmer climate. As suggested by Renwick et al. (2010) the latter could potentially
manifest itself by reduced heating in winter and increased cooling in summer. Regarding
irrigation, future drying could further limit water availability in the already dry regions
located to the lee of the Southern Alps, as has been suggested for the Manuherikia
catchment (Kienzle and Schmidt, 2008). A modelling study focusing on the Waimakariri
River (central South Island) showed that towards the end of the 21st century irrigation
demand will not be met for 17% of the time during the irrigation season (Srinivasan et al.,
2011).
In addition to the findings mentioned above, relatively few studies exist that have
explicitly used a hydrological model to investigate the potential impacts of climate change
on the catchments of the South Island (Poyck et al., 2011; Srinivasan et al., 2011; Zammit
and Woods, 2011; Zemansky et al., 2012; Koedyk and Kingston, 2016). For the
Waimakariri basin, located in the central part of the South Island, Zammit and Woods
(2011) found that annual streamflow will increase at the end of the 21st century (8‐11%;
based on five GCMs and a 2°C warming scenario). On the monthly scale their projections
showed the strongest change for early spring with increases as high as 50‐70%. The work
of Koedyk and Kingston (2016) focused on the Waikaia catchment, located to the south‐
west of the Clutha, and their projections showed the most pronounced seasonal change
for winter, with increases peaking in July (up to 60%; based on twelve GCMs and A1B). As
mentioned before (Section 1.1), the study of Poyck et al. (2011), accompanied by the
follow up study of Gawith et al. (2012), constitutes the only existing modelling‐based
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climate change impact assessment for the Clutha catchment. Their study used an
ensemble of twelve GCMs (CMIP3) that were statistically downscaled (Ministry for the
Environment, 2008; Mullan and Dean, 2009) to the 5 km2 VCSN grid. The GCM runs were
based on the A1B SRES emission scenario (Nakicenovic et al., 2000) and used to force the
hydrological model TopNet. Their results projected a 6% (full range: 0‐13%) and 10% (full
range: ‐2‐20%) increase in mean annual flow at Balclutha for the 2040s and 2090s
periods, respectively. This could be explained by an increase in winter precipitation, which
at the end of this century was found to be as high as 40% in some parts of the catchment.
The seasonal changes in precipitation were found to be accompanied by a relative
decrease in the solid fraction of precipitation. The combination of the two effects led to
changes in the seasonal runoff regime with substantial increases in winter and spring,
while runoff in the remaining months experienced rather minor changes (Poyck et al.,
2011).

5.1.2. Uncertainty in the context of hydrological impact modelling
One key issue that needs to be considered by any climate change impact study is the
degree of uncertainty that is inherent to the model projections. From the driving emission
scenario and GCM, to the hydrological modelling approach that is used for the actual
impact assessment, all individual components contribute to the overall uncertainty in the
projected signals. The hydrological model is the last element in the model cascade (Figure
5.1) and as described in Section 3.1.1, hydrological models can differ substantially in their
model structure and parameterisation. Thus, the choice of the hydrological model can
have a considerable impact on the hydrological change signal. The contribution of the
individual sources to the combined uncertainty also depends on the hydrological variable
under examination (e.g. mean flow, low flow or high flow) (Muerth et al., 2012).
Numerous studies have investigated the contribution of the individual components to the
overall uncertainty (Ludwig et al., 2009; Prudhomme and Davies, 2009; Thompson et al.,
2013; Velá zquez et al., 2013). A common finding of these studies is that hydrological
model uncertainty is usually smaller than GCM uncertainty but cannot be ignored. The
selection of the downscaling method can also play an important role, especially when
comparing a multitude of techniques. The uncertainty of the latter can be in the same
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order of magnitude as the selection of the GCM (Chen et al., 2011). Outside of New Zealand,
the use of dynamical opposed to statistical downscaling was found to have a significant
impact on the climate change signal (Murphy, 2000). This has been explicitly shown for
precipitation in a study by Chiew et al. (2010), where substantial differences in modelled
runoff were caused by different downscaling techniques. Finally, the effect of bias
correction on the change signal is another source of uncertainty. As demonstrated by
Muerth et al. (2013) the artificial effect of bias correction on most flow indicators (i.e.
mean flow) is weak, but has a considerable effect on certain hydrological indicators (i.e.
the timing of the spring flood peak).

5.1.3. The model chain – from the GCM to the hydrological model
To accomplish the fourth and last objective of this study, WaSiM is forced by the bias
corrected and downscaled RCM fields (see Chapter 4). The model chain that was used to
process the raw RCM data was specifically constructed to account for as many of the
aforementioned uncertainty sources as possible (see Chapter 4). On the impact level, the
complete model chain consists of two emission scenarios, four GCMs, one RCM, two bias
correction methods, one downscaling technique (different methods used for air
temperature and the remaining variables) and two WaSiM versions, resulting in 32
hydrological model simulations. The two versions of WaSiM only differ in their snowmelt
routines (see Section 3.3.2.2 for WaSiM‐Tindex and Section 3.3.2.3 for WaSiM‐Anderson),
which allowed investigation of the impact of different model structures on the
hydrological projections. It should be noted that this constitutes the first study (globally)
where the impact of different snow models on the overall climate change uncertainty was
investigated explicitly. It is also the first study in New Zealand where a fully distributed
hydrological model is forced by statistically downscaled high resolution (1 km) RCM fields
(i.e. the resolution of the RCM is ∼27 km). Running the entire model chain allows the aim
of this thesis, which encompasses a robust assessment of the potential climate change
impacts on the Clutha catchment, to be met.
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Figure 5.1 The model cascade is depicted with the individual members of each component listed on the right.
Permuting the members of all components (Downscaling I and II are only shown for the sake of completeness)
results in a total of 32 hydrological projections.

5.2. Simulation results for the reference period
5.2.1. Reproducing the historic regimes
In this section the RCM forced hydrological simulations are analysed for the reference
period (REF; 1/4/1992 – 30/3/2011). As Chards Rd has the largest mean flow of all
undammed subcatchments, it was selected as the key site for this analysis. Figure 5.2
shows the observed regime, the modelled regime using the observed meteorology (MOD‐
METEOOBS) and the RCM driven simulations. The latter are shown for the combinations of
the two bias correction methods and the two WaSiM versions, respectively, resulting in
four ensemble groupings (a‐d). It becomes apparent that the historic simulations differ
depending on the bias correction method (QM or LT) and the snowmelt routine
(Anderson or Tindex). The RCM driven runs agree more closely with MOD‐METEOOBS than
with the observed regime. Thus, the monthly over‐ and underestimations of MOD‐
METEOOBS (compared to the observed regime) that were discussed as part of the
validation of WaSiM (Section 3.7.1) have propagated into the RCM driven WaSiM
simulations. This was expected as the RCM climate data have been tuned (i.e. bias
correction) to the station‐interpolated meteorology that was used to drive MOD‐
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METEOOBS. The main melt peak occurring between spring and summer is best captured
by QM‐Anderson. Further, the QM‐Anderson grouping shows the same overestimation in
May and the following underestimation during July and August as MOD‐METEOOBS. While
QM‐Tindex and LT‐Anderson both underestimate the main peak, the general fit of their
RCM members is still relatively close to the observed regime. The LT‐Tindex grouping
shows a substantially flatter regime, which is mainly due to too much flow being
generated between May and September, which then leads to an underestimation of the
main melt peak (November to January). Overall the LT method shows a lower skill in
reproducing the observed regime, which becomes especially pronounced in combination
with the WaSiM‐Tindex version. This behaviour points to a high sensitivity of the
hydrological model towards the bias correction method and generally speaking the
meteorological forcing. As shown in Appendix C.3, the same effect can be seen at Lake
Wanaka and at the catchment outlet in Balclutha. The results of the visual analysis are
supported by the RMSE values presented in Table 5.1. At all three gauges the lowest RMSE
values were computed for the QM‐Anderson runs (i.e. 0.23 mm at Chards Rd), while the
highest RMSE values were found for the LT‐Tindex subensemble (i.e. 0.49 mm at Chards
Rd). Hence summing up, the QM‐Anderson combination gives the most realistic
approximation of the historic observed regime, while the largest discrepancies occurred
with LT‐Tindex.
Table 5.1 Mean RMSE values [mm] between the observed regime and the historic RCM simulations of the four
subensembles for three selected gauges. The observed annual mean flow is given in brackets to allow for a
better comparison of the RMSE between the three sites.

Chards Rd (4.09 mm)
Lake Wanaka outlet (6.71 mm)
Balclutha (2.46 mm)

QM‐Anderson
0.23
0.60
0.19

QM‐Tindex
0.29
0.70
0.24

LT‐Anderson
0.29
0.74
0.21

LT‐Tindex
0.49
0.96
0.29
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(a)

(b)

(c)

(d)

Figure 5.2 RCM driven hydrological simulations for the 1/4/1992–30/3/2011 period at Chards Rd. Simulations
are compared with the observed (grey line) historic regime (WaSiM forced with observed meteorology in blue)
for the four subensembles: QM‐Anderson (a), QM‐Tindex (b), LT‐Anderson (c) and LT‐Tindex (d).

5.2.2. Reproducing the historic water balance and storages
As shown in Table 5.2, the observed annual precipitation of the Clutha basin (1427 mm)
was underestimated by both the QM (1386 mm) and the LT subensemble (1391 mm)
during the reference period. Part of that difference is caused by the shorter 360‐day
calendar of the RCM runs. The difference between the Gregorian calendar underlying the
observed meteorology and the 360‐day calendar of the RCM (5.25 days) corresponds to
approximately 20.5 mm, which reduces the negative bias to 20.5 mm (QM) and 15.5 mm
(LT), respectively. Compared to MOD‐METEOOBS, ET was modelled almost identically for
QM‐Anderson and QM‐Tindex, while under LT‐Anderson and LT‐Tindex annual ET was
reduced by 6 mm. Streamflow was underestimated by approximately ‐5 and ‐3% when
using the QM or the LT method, respectively.
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Regarding seasonal SWE volume, the QM‐Anderson runs agree well with MOD‐METEOOBS
during summer and autumn. In winter and spring, the SWE volume was underestimated
by 4 and 6%, respectively. These two errors were found to be more pronounced for LT‐
Anderson. For QM‐Tindex, the seasonal course of SWE was represented relatively
realistically, but underestimated in all four seasons. For LT‐Tindex the modelled SWE
volumes were substantially lower compared to MOD‐METEOOBS (‐25% in winter and
‐26% in spring). Thus, the poor agreement between the observed streamflow regime and
the LT‐Tindex runs (see previous section) can very likely be explained by too much melt
being modelled between winter and early spring, which then results in a reduced SWE
volume that is insufficient to feed streamflow with snowmelt between late spring and
summer.
Table 5.2 The historic (1/4/1992 – 30/3/2011) water balance terms of the MOD‐METEOOBS run compared with
the corresponding (depending on snow model) RCM ensemble means (QM and LT). The seasonal and annual
SWE volumes are also shown.

Anderson
MOD‐METEOOBS
QM
LT

SWE storage [km3]

P

ET

Q

[mm]

[mm]

[mm]

DJF

MAM

JJA

SON

YEAR

1427
1386
1391

517
518
511

905
863
877

1.05
1.05
1.00

0.28
0.27
0.28

1.84
1.76
1.47

2.79
2.61
2.24

1.49
1.42
1.25

1427
1386
1391

518
519
512

903
862
876

1.28
1.21
1.07

0.44
0.37
0.35

1.74
1.62
1.31

2.63
2.41
1.95

1.52
1.40
1.17

Tindex
MOD‐METEOOBS
QM
LT

5.3. Projected changes in hydrology
5.3.1. Impacts on streamflow
In this section the projected changes in monthly and seasonal streamflow are presented.
With the two WaSiM versions, WaSiM‐Anderson and WaSiM‐Tindex, four different
subensembles were formed: QM‐Anderson, QM‐Tindex, LT‐Anderson and LT‐Tindex.
Each of the subensembles contains the eight RCM simulations, which themselves are a
combination of the two emission scenarios and the four GCMs, resulting in a combined
total of 32 hydrological projections. As mentioned earlier, the relatively large number of
subensembles and river gauges would result in a disproportionately extensive and
repetitive analysis if all fourteen gauges were addressed and discussed individually.
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Hence four gauges were selected for the monthly impact analysis that are representative
of four distinct regions throughout the catchment, which are namely: The Hillocks (upper
headwaters), Chards Rd (upper Clutha), Ophir (central to lower Clutha) and Balclutha
(catchment outlet).
In Figure 5.3a the projected changes (2050s) in monthly streamflow are shown for the
QM‐Anderson subensemble at the catchment outlet (Balclutha). An increase in
streamflow during winter and spring (excluding November) is simulated by all of the A1B
and A2 members (except for HadCM3run2‐A2 in July), followed by a negative tendency
during the summer months. The two envelopes (A1B and A2) show a similar annual
course, but the A2 envelope has a larger spread between November and March. Regarding
the three other subensembles QM‐Tindex (Figure 5.3b), LT‐Anderson (Figure 5.3c) and
LT‐Tindex (Figure 5.3d), the monthly change signals are very similar (compared to QM‐
Anderson), whilst the A2 envelope is slightly narrower between December and January
when using the Tindex model (Figure 5.3b, d).
In the 2090s period the monthly signals are strongly enhanced in all four subensembles
(Figure 5.3e‐h). In the QM‐Anderson subensemble all members show an increase in
streamflow between June and October. The largest positive change occurs in August with
a mean increase of 1.4 mm, which corresponds to an increase of 334 m3 s‐1. The highest
increase (554 m3 s‐1 or 120%), which is almost as high as the historic annual mean flow of
570 m3 s‐1 at Balclutha, is projected by the ECHAM5‐A2 member. Decreases in summer
and autumn are less pronounced but still substantial, with the largest reduction
(ensemble mean) reaching ‐185 m3 s‐1 in January. Based on the results shown for
Balclutha the spread in the monthly streamflow signal is mainly caused by the GCM
structure and the selection of the emission scenario. Both the bias correction method and
the snowmelt approach were found to have a smaller impact on the overall range. It is
worth noticing that although encompassing a wide range of monthly flow changes, the
direction of changes in winter and early spring is robust to the choice of all four model
components (GCM, emission scenario, bias correction and snow model). The latter also
holds, albeit to a lesser extent, for the summer months.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.3 Monthly changes in specific streamflow at Balclutha are shown for the 2050s period (a‐d) and the
2090s period (e‐h). The signals are depicted for the four subensembles QM‐Anderson, QM‐Tindex, LT‐Anderson
and LT‐Tindex, respectively. In each plot the individual members are augmented by the A1B envelope, the A2
envelope and the ensemble mean (A1B and A2).
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At the three remaining (selected) gauges the differences in the monthly change signals are
also relatively small amongst the four subensembles and as it was shown for Balclutha,
both the GCM selection and the emission scenario cause most of the overall spread. The
general regime changes resemble the results shown for Balclutha with a similar increase
in winter streamflow and reduced flows during summer. Despite these similarities some
noteworthy differences were found at the three sites. For the 2050s period, differences
across the catchment are small, except at Ophir where the monthly signals average out at
a negative change (Figure 5.6a‐d). In the 2090s, both negative (spring and summer) and
positive (winter) signals have intensified at Ophir (Figure 5.6e‐h), while the annual
regime shows a marked negative shift. Ophir is also the only gauge where the strongest
increase of a particular month (July) is projected by an A1B member (CM2.1‐GFDL) and
where throughout most months the spread of the A2 members is surpassed by the A1B
envelope. At The Hillocks (Figure 5.5e‐h) the decrease in summer flow is least
pronounced, while increases in late autumn are visibly enhanced. Another interesting
feature is a very tight clustering of all the ensemble members in September, resulting in a
visibly smaller spread during that month.
The relative changes (2090s) in winter (season with largest change) streamflow were
found to follow a distinct spatial pattern. The largest increase (ensemble mean; range)
was found for The Hillocks (99%; 50‐173%), followed by Chards Rd (71%; 40‐116%). In
the remaining parts of the upper and lower Clutha, changes were less pronounced: West
Wanaka (54%; 29‐104%), Lake Wanaka outlet (56%; 34‐96%), Bowens Peak (40%; 19‐
77), Camphill Br (2%; ‐5‐9%), Ophir (21%; ‐7‐64%), Clyde (47%; 26‐82%) and Balclutha
(43%; 22‐76%). The comparatively very little change at Camphill Br can be attributed to
the management model that essentially constrains the monthly flows to the historic
regime. Based on these values it becomes apparent that the increases in winter
streamflow are largest in the north‐western part of the catchment and along the main
divide (i.e. The Hillocks and Chards Rd). Following a south‐east gradient, positive changes
are less pronounced for the Shotover (i.e. Bowens Peak) and the tributaries of Lake
Wanaka, and substantially smaller in the lower catchment (i.e. Ophir and Balclutha).
These results are consistent and thus explainable with the projected changes in
precipitation (Figure 4.17d). The wettest signal can be seen along the main divide and the
western half of the upper catchment, while the cells intersecting most of the Shotover and
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Lake Wanaka subcatchments show a weaker increase in precipitation. The smallest
relative change in streamflow at all gauges (excluding Camphill Br) was found at Ophir,
which agrees well with the generally weaker precipitation increase in the south‐eastern
parts of the Clutha catchment.
In addition to Figures 5.3‐5.6, Figure 5.7 can be used for a direct comparison between the
historic regimes and the projected uncertainty envelopes. It can be seen that the historic
peak (December) in the annual regimes of The Hillocks, Chards Rd and Balclutha is
projected to move forward. In the 2050s, the highest monthly mean flow is projected to
occur between October and November, while a further forward shift of the main peak can
be observed for the 2090s (September). The most striking transformation is the dramatic
enhancement of monthly flows during winter and spring, which encompasses an
uninterrupted increase over a 5‐months period (June ‐ October). In contrast, the historic
and projected envelopes at the Ophir site (Manuherikia River) have not visibly dissociated
during winter and spring. In contrast to the other sites, the most noticeable change at
Ophir is the decrease during late spring and summer (October ‐ January).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.4 Same as Figure 5.3 but for Chards Rd (note different y‐axis).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.5 Same as Figure 5.3 but for The Hillocks (note different y‐axis).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.6 Same as Figure 5.3 but for Ophir (note different y‐axis).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.7 Modelled streamflow during the 2050s and 2090s is compared with the historic simulations (blue) for
(a and b) Balclutha, (c and d) Chards Rd, (e and f) The Hillocks and (g and h) Ophir. All simulations are based on
the QM‐Anderson subensemble (note different y‐axes).
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In order to specifically contrast the hydrological model structure (snowmelt routine) with
the remaining sources of uncertainty, the seasonal signals in streamflow are shown
separately for WaSiM‐Anderson and WaSiM‐Tindex (Figure 5.8). The influence of the
individual sources on the overall uncertainty was found to be similar at all inspected river
gauges and is thus only discussed for Chards Rd. The site was selected because of its
relatively large proportion of snowmelt (20%) during the historic period and high mean
flow (highest undammed streamflow in the catchment).
As depicted in Figure 5.8 the influence of the snowmelt routine on seasonal flows is
comparatively small for both periods and all seasons. The most noticeable difference is an
enhancement of the decrease during summer (Figure 5.8a, e) and a more pronounced
increase during winter (Figure 5.8c, g) when using the Anderson model. A likely
explanation of this effect is the larger baseline SWE volume that was modelled by the
Tindex approach during summer and vice versa during winter (Table 5.2). Thus, for the
Tindex runs, decreases in summer are attenuated by larger contributions of snowmelt,
which arise from a larger initial SWE storage during the reference period.
Compared to the snow model the effect of the bias correction on the overall spread is more
important. Positive signals were found to be enhanced by the QM method and vice versa
for negative signals. Further, the influence of bias correction becomes visibly more
important in the 2090s (except for autumn).
While both the emission scenario and the snow model were found to contribute to the
overall spread, the GCM and the choice of the emission scenario were identified as the
predominant sources of uncertainty. In most seasons the range of the GCMs differs
substantially depending on the underlying emission scenario. In the 2050s period this
becomes especially apparent for the autumn season (Figure 5.8b), during which the A2
runs showed a much greater spread than the A1B runs. Regarding the 2090s period
(Figure 5.8e‐h) differences between the A2 and the A1B runs become more pronounced
and the most extreme signals are all represented by an A2 member. However, the ranges
of both emission scenarios still overlap in each season.
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(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.8 The uncertainty range of the seasonal streamflow signal is shown for Chards Rd. Each plot contains an
uncertainty box for WaSiM‐Anderson and WaSiM‐Tindex simulations, respectively. In each box the uncertainty
range is broken down into the two emission scenarios (LT and QM) and the two bias correction methods (red
line = median). The results are shown for the 2050s (a‐d) and the 2090s (e‐h).
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5.3.2. Quantifying the uncertainty in the seasonal streamflow signal
In addition to the visual analysis of the uncertainties associated with the projected
changes in streamflow (Section 5.3.1), the quantitative approach of Muerth et al. (2012)
was adopted here. The method, which is described in more detail in Muerth et al. (2012),
was specifically developed to evaluate the contribution of the individual components of a
model chain to the overall uncertainty of a climate change signal (e.g. change in mean
flow).
Here, the approach (Muerth et al., 2012) was used to quantify the relative contribution of
the four model components (GCM, emission scenario, bias correction and snow model) to
the overall uncertainty in the seasonal streamflow signal at Balclutha. This particular
analysis focused on the 2090s period, because the uncertainty was expected to be largest
during the far future period (as indicated in Figure 5.8). Before the results are
investigated, the approach is exemplified for the uncertainty quantification of the summer
streamflow signal (Figure 5.9a). First, a model component (e.g. GCM) is selected and all
possible permutations between the selected and the remaining three model components
are computed, resulting in 32 combinations (4 • 2 • 2 • 2). In the next step, the currently
selected component is varied (four GCMs = four circles), while the other three
components (emission scenario, bias correction and hydrological model) are fixed to a
certain combination of their members. As such, all of the four circles spanning the first bar
(Figure 5.9a, left, first segment) have the emission scenario fixed to A1B (orange quarter),
the bias correction method fixed to QM (white quarter) and the snow model fixed to
Anderson (dark‐blue quarter), while the fourth quarter corresponds to one of the four
GCM members (CM2.1‐GFDL, ECHAM5, HadCM3 and MK3.5‐CSIRO). Thus, the effect of the
GCM has been isolated by fixing the other components to one particular combination. This
step is repeated for all the possible combinations between the three remaining
components, which in this case (two emission scenarios, two bias correction methods and
two snow models) translates to a total of eight combinations (eight bars). As each of the
eight bars in the GCM segment (Figure 5.9a, left, first segment) contains four circles, all 32
possible permutations have been accounted for. The same procedure is then repeated for
the remaining three uncertainty components.
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The mean and standard deviation are calculated based on the extent of the bars
corresponding to a particular uncertainty component and set in relation to the overall
uncertainty range (Figure 5.9a, left, small segment on right side). The mean contributions
to the overall uncertainty (including the standard deviations) of the individual
components are then displayed in a radar chart (Figure 5.9a, right).
The uncertainty analysis (Figure 5.9a‐d) identified the GCM as the primary source of
uncertainty across all seasons (50‐60%). The selection of the emission scenario was the
second largest contributor (16‐44%), except for winter when the choice of bias correction
was greater (18 vs. 16%). The uncertainty induced by the emission scenario showed a
pronounced seasonal variation and was found to be largest during summer (27%) and
autumn (44%). A likely explanation for the latter are the significantly different
temperature signals under A1B and A2 (Figure 4.24), which translate to different ET rates
and consequently variable changes in streamflow. This is supported by Figure 5.9a and b
(“Emission scenario” segment), which show that the most extreme decreases in summer
and autumn streamflow occur under the A2 scenario (circles with black quarter).
The contribution of bias correction to the overall uncertainty ranged from 4% in autumn
to 18% in winter and was consistently higher than the relative contribution of the snow
model (3‐9%). As expected, the contribution of the snow model was highest for winter
(9%). Interestingly, the contribution of the snow model was still relatively high during
summer (7%), a time of year when the influence of melt processes on streamflow were
expected to be minor. As denoted in the previous section (5.3.1), this can likely be
explained by the larger SWE volume that was modelled by WaSiM‐Tindex (compared to
WaSiM‐Anderson) during the summer reference period. Thus, the Tindex SWE storage
had the potential to release more melt water (compared to baseline) under the projected
warming, which translated into an attenuation of the decrease in summer streamflow.
This is supported by Figure 5.9a (“Snow model” segment), where the negative changes in
summer streamflow are consistently less pronounced for the Tindex model (circles with
cyan quarter).
The standard deviation associated with the relative uncertainty contribution of the
individual components was clearly largest for the emission scenario and the GCM.
Further, the standard deviation (or bar width) of both components also varied seasonally
and was found to be largest during autumn and spring (Figure 5.9b, d). Thus, during these
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seasons the relative contribution of the GCM (same holds for emission scenario) to the
overall uncertainty is associated with a relatively large dependence on the other variables.

(a)

(b)
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(c)

(d)

Figure 5.9 Uncertainty by varied model component (left) and relative contribution to the overall uncertainty
(right) for the simulated changes (2090s vs. historical period) in seasonal streamflow for (a) summer, (b) autumn,
(c) winter and (d) spring. Y‐axes (figures on left side) range either from ‐50 to 50% (summer and autumn) or from
0 to 100% (winter and spring).
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5.3.3. Impacts on snow and glaciers
This section presents the results on projected changes in the snow storage and glacier
volume. A continuous or transient model run was considered an essential requirement
for a realistic simulation of the glacial processes throughout the 21st century. As the LT
method was applied periodically (see Section 4.2.3), changes in glacier volume are only
shown for the transient QM runs.
As opposed to the run forced by the observed meteorology (Figure 3.17), all eight RCM
members modelled glacier volumes that are higher than the historic volume estimates
(1994 ‐ 2010) of Willsman (2011) (Figure 5.10a). The overestimation of Willsman’s
(2011) estimates is likely caused by the combined effect of natural variability and a
relatively high climate sensitivity of the glacier model. Thus, small changes in the spatial
patterns of the downscaled RCM fields and the natural variability inherent to the RCM
runs likely led to the positive bias in glacier volume during the historic period. While the
positive bias is relatively pronounced, this also means that the projected decline in glacier
volume over the 21st century is likely rather conservative.
After the last historic volume estimate in 2010, seven of eight members show a rather
monotonic decline in glacier volume ‐ except for some short term positive fluctuations (<
5y). One A1B member (HadCM3run2) shows an opposing trend (positive) until 2020, but
then also starts to decline after that point. The A2 runs are contained within the A1B
envelope throughout most of the 110‐year period. However, there is a tendency towards
an intensification of the glacial retreat under the A2 scenario. The remaining mean volume
at the end of the simulations (1/4/2099) of the A1B and the A2 runs corresponds to 0.37
km3 (11%) and 0.22 km3 (7%), respectively (relative values are based on the ensemble
average in 2011). The simulated glacier area (Figure 5.10b) shows a nearly identical
course as glacier volume and the remaining ice‐covered area equates to 20.8 km2 (A1B
mean) and 13.9 km2 (A2 mean).
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(a)

(b)

Figure 5.10 (a) Changes in the total glacier volume of the Clutha catchment for the transient QM ensemble runs.
For comparison the historic volume estimates of Willsman (2011) are shown between 1994 and 2010 (dots).
(b) The course of the glacierized area across the 21st century is shown for the transient QM ensemble runs.

As for the changes in streamflow (Section 5.3.1), changes in the SWE storage are
presented for both WaSiM‐Anderson and WaSiM‐Tindex. The future simulations of the
monthly SWE storage averaged over the Clutha catchment are depicted in Figure 5.11. The
historic SWE storage (blue envelope) varies considerably for the four subensembles, with
the lowest and highest volumes modelled by LT‐Tindex and QM‐Anderson, respectively.
Despite these differences in the historic envelope, the relative changes are relatively
consistent between the four subensembles and thus the results are primarily analysed for
the QM‐Anderson subensemble. A general observation is that the larger spread in the
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precipitation signal of the QM runs (Figure 4.23) has clearly propagated into the
uncertainty range of the modelled SWE volume, while the LT envelopes are visibly
narrower during both time periods.
For the 2050s period (Figure 5.11a), the A1B envelope predominantly lies within the
upper and lower bounds of the A2 envelope, which shows a substantially greater spread.
The proportion between the two envelopes becomes reversed in the 2090s period, when
the A1B envelope surpasses the A2 envelope in all months (Figure 5.11e).
Although the 2090s envelopes have a relatively large overlapping area during winter and
spring, all the A2 members have a lower SWE volume than their A1B counterparts. It is
however noticeable that the A1B member MK3.5‐CSIRO has a lower SWE volume than two
A2 members (HadCM3 and CM2.1‐GFDL) that are associated with a weaker warming
signal (Figure 4.24). A closer inspection of the corresponding climate signals revealed that
MK3.5‐CSIRO‐A1B has the smallest increase in winter precipitation of the ensemble.
Consequently, the low SWE volume of MK3.5‐CSIRO‐A1B can be primarily attributed to
less precipitation, which combined with a relatively strong warming signal (strongest of
all A1B members) would have resulted in less snowfall and therefore less snow
accumulating. This indicates that despite the warming signal being a key driver of SWE
changes in the future, the precipitation signal also plays an important role.
Finally, the overall average of the four subensembles was calculated to quantify the
impact of climate change on the SWE volume. For the eight months with the largest SWE
storage during the historic period (June to January; Figure 3.14), the smallest and largest
relative change in the 2050s is projected for September (‐21% for A1B and ‐31% for A2)
and January (‐46% for A1B and ‐65% for A2), respectively. For the 2090s, changes
become more negative with the smallest decrease occurring in August (‐50% for A1B and
‐62% for A2) and the largest in January (‐75% for A1B and ‐85% for A2).
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Figure 5.11 The monthly SWE storage (km3) is depicted for the 2050s period (a‐d) and the 2090s period (e‐h). The
results are shown for the four subensembles QM‐Anderson, QM‐Tindex, LT‐Anderson and LT‐Tindex,
respectively. In each plot the individual members are augmented by the A1B envelope, the A2 envelope and the
ensemble mean (A1B and A2). The blue envelope represents the range of SWE volume simulations during the
baseline period.
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In addition to the monthly analysis the changes in SWE were investigated for their
altitudinal dependence. In Figure 5.12 the projected change in SWE is depicted for four
different elevation bands: 0 to 1000m, 1001 to 1500m, 1501 to 2000m and 2001 to
2500m. For each elevation band the four subensembles, are shown separately. During the
reference period, the relative proportions of the total SWE volume during winter were
modelled as follows for the individual bands: 3% (≤ 1000m), 35% (1001 – 1500m), 54%
(1501 – 2000m) and 8% (> 2000m). Hence the relative change of SWE between 1001 and
2000m will affect the total SWE volume more strongly than changes in the remaining two
bands. While changes above 2000m could still have a significant impact, changes in the
lowest band are clearly the least important.
In the 2050s, all medians show a substantial decrease in SWE below 2000m, with the
lower elevation bands experiencing a more negative change (Figure 5.12a‐d). The
variability between the subensembles is largest for the highest elevation band, where
during autumn, winter and spring a positive change is signalised by several members of
the individual subensembles. Further, above 2000m the strongest increases are projected
by the Tindex subensembles with QM‐Tindex showing the highest median increase
(25%).
In the 2090s period, the medians of all subensembles show a further reduction in the SWE
storage (compared to the change in the 2050s) across all elevation bands (Figure 5.12e‐
h). For the three elevation bands below 2000m the reduction has visibly intensified, along
with a reduced spread for most subensembles. Regarding the seasons with the historically
largest SWE storage (winter and spring), all the medians depict a reduction of at least
55%. Considering the cells located between 2001 and 2500m, the medians of all
subensembles show a moderate negative change (except QM‐Tindex in autumn and
winter).
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Figure 5.12 The relative change in the SWE storage is shown for four different elevation zones: low (0 to 1000m), medium high (1001 to 1500m), high (1501 to 2000m)
and alpine (2001 to 2500m). The seasonal changes are presented for the 2050s (a‐d) and 2090s (e‐h), respectively. Each boxplot contains the eight simulations
corresponding to either of the four subensembles. Figure (f) needed to be capped, as the changes of two members of the QM‐Tindex subensemble exceeded 100%
(128 and 144%). It should be noted that changes in the lowest elevation band are not shown for the summer season as the mean value during the reference period was
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(e)

(b)
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The spatially averaged results are supplemented by the SWE maps shown in Figure 5.13.
For the 2050s period the selection of the emission scenario does not have a substantial
impact on the spatial extent of SWE across the catchment. Both emission scenarios depict
a noticeable reduction in the snow‐covered area (SWE > 1 mm) during all four seasons.
For the 2090s period, the reduction in the SWE has intensified compared to the 2050s and
is noticeably stronger under the A2 scenario.
(a)

(b)

(c)
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(d)

(e)

Figure 5.13 Mean seasonal SWE maps are shown for the reference period (ensemble mean) (a), the 2050s (b and
c showing A1B and A2, respectively) and for the 2090s (d and e showing A1B and A2, respectively). Only SWE
values ≥ 1 mm are depicted. It needs to be noted that DJF and JJA correspond to southern hemisphere summer
and winter, respectively.

Finally, the impact of climate change on the proportion of snowmelt (in relation to total
streamflow) was computed for eight flow gauges. Figure 5.14 shows the proportion of
snowmelt for the selected gauges during the reference period as well as the two future
periods based on the QM‐Anderson subensemble. The results are similar when
considering the other three subensembles and their differences when compared to QM‐
Anderson are shown in Appendix C.4.
At all gauges the A2 mean shows a slightly stronger decline than the A1B mean, which
becomes more pronounced for the 2090s period. The proportion of snowmelt becomes
increasingly reduced towards the end of the century with a comparable relative reduction
at most of the individual subcatchments. Compared to an ensemble mean of 14.8% during
the reference period, the proportion of snowmelt at Balclutha was found to be
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considerably reduced to 11.4% (10.6%) under the A1B (A2) scenario for the 2050s
period. In the 2090s period the proportion of snowmelt was projected to be further
reduced to 8.0% under the A1B scenario and to 6.5% under the A2 scenario. At the other
sites the reduction in snowmelt shows a similar dependence on the emission scenario in
both time periods. The relative changes at the individual sites are contained within the
projected changes at Camphill Br and Wentworth, which constitute the largest and
smallest relative changes, respectively. At Camphill Br the relative reduction in the
proportion of snowmelt under the A2 scenario equates to ‐33% in the 2050s and ‐65% in
the 2090s period. At Wentworth, the relative reduction is smaller in both the 2050s
(‐21%) and 2090s period (‐45%). A likely explanation for the more moderate decrease at
Wentworth is a weaker warming signal in the central compared to the north‐eastern part
of the catchment (Camphill Br).

Figure 5.14 The proportion of snowmelt on total runoff is shown for selected flow sites and their corresponding
subcatchments as modelled by the QM‐Anderson subensemble. The red line corresponds to the ensemble mean
during the baseline period, while the other lines represent the four possible combinations between the emission
scenarios and future periods. The approach used for the calculations is described in Section 3.6.2.
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5.3.4. Impacts on water balance
In this section the projected impacts of climate change on the annual water balance are
presented. The mean annual totals of the water balance terms are shown in Table 5.3,
including the reference and the two future periods. Based on the QM subensemble annual
precipitation is projected to increase by 91 mm (88 mm) under the A1B (A2) scenario for
the 2050s period. Regarding the 2090s period, the increases in the catchment
precipitation equal 164 and 182 mm, respectively. Alternatively, for the LT subensemble
increases in precipitation are very similar, but approximately 1% lower in both time
periods (for both emission scenarios).
With regard to ET, the LT method is associated with a lower (compared to QM) annual ET
during all time periods (REF, 2050s and 2090s), while the change in ET is nearly identical
for QM and LT (difference <= 0.1%). In the 2050s period the influence of the emission
scenario on the modelled ET signal is small with a similar increase of 8.6 and 9.6%, for the
A1B and the A2 scenario, respectively. For the 2090s period, ET is further enhanced for
both the A1B (16%) and the A2 (21%) scenario. It becomes apparent that the increase in
ET is about 5% higher under the A2 scenario, which can be attributed to the higher
increase in temperature and precipitation.
Depending on the choice of the emission scenario the simulated annual streamflow is
projected to increase by 6.6% (A1B) and 6.3% (A2) in the 2050s period, followed by
11.6% (A1B) and 10.9% (A2) in the 2090s period. Thus, in both periods the increase is
slightly stronger under the A1B scenario, which can be explained by the higher
evapotranspiration when using the A2 scenario.
With respect to future impacts on irrigation takes, the same WaSiM internal approach that
was defined as part of the implementation of WaSiM was used (see Section 3.4.9). The
overall reduction in irrigation takes was relatively small (1‐2 mm; Table 5.3) and all the
water abstractions in the upper catchment were unaffected. At Ophir (Manuherikia River)
however, streamflow could not sustain the historic abstraction target of 10.2 m3 s‐1 during
the irrigation period. For the 2050s, irrigation takes were reduced by 21 (=2.14 m3 s‐1)
and 15% (=1.53 m3 s‐1), under the A1B and A2 scenarios, respectively. In the 2090s
irrigation takes were further confined by 33% (34%) under the A1B (A2) scenario.
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Table 5.3 The water balance terms for the reference period (ensemble mean) and the four possible combinations
between the two future periods and the two emission scenarios. The simulated water balance terms are shown
for the QM and LT bias correction methods, respectively. As the choice of the snow model did not have any
noticable influence on the annual water balance, only the results for WaSiM‐Anderson are shown.
Precipitation
[mm]
1386

Rain
[mm]
1142

Snow
[mm]
243

Evapotranspiration
[mm]
490

Abstractions
[mm]
28

Streamflow
[mm]
863

Error
[mm]
6

2050s‐A1B

1477

1281

196

532

27

920

‐8

2090s‐A1B

1550

1409

141

569

26

963

‐6

2050s‐A2

1474

1291

183

537

27

917

‐8

2090s‐A2

1568

1452

115

594

26

957

‐6

REF

1391

1156

235

483

28

877

4

2050s‐A1B

1472

1292

180

524

27

926

‐9

2090s‐A1B

1540

1416

124

561

26

961

‐8

2050s‐A2

1466

1299

167

529

27

921

‐10

2090s‐A2

1566

1465

101

585

26

963

‐8

QM
REF

LT

In order to investigate how the projected changes in the water balance components vary
throughout the catchment, the water balance is investigated and compared for the
subcatchments of the four key sites. First, some general remarks can be made by looking
at the results for The Hillocks (Figure 5.15a, b), Chards Rd (Figure 5.15c, d) and Balclutha
(Figure 5.15g, h). The range in the ET signal is small compared to the precipitation range
and the spread of the streamflow signal is thus predominantly precipitation driven. The
separate display of the QM and LT subensembles shows comparatively little impact on the
overall uncertainty of the three WB terms. However, it can be seen that the projected
range is augmented for precipitation and streamflow under the QM forcings.
At The Hillocks (Figure 5.15a, b) the absolute change in precipitation for the QM (LT)
subensemble is the highest of all four sites and equates to 497 mm (438 mm) in the 2050s,
and 1093 mmm (1029 mm) in the 2090s. The median change in streamflow is slightly
higher than the precipitation change, which can be explained by a negligible increase in
ET and potentially increased melt from seasonal snow and glaciers (The Hillocks has a
large ice‐covered proportion).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 5.15 The projected changes (mm) in the three annual water balance terms P, ET and Q are shown for the
subcatchments of the four flow sites (2050s and 2090s): The Hillocks (a and b), Chards Rd (c and d), Ophir (e and
f) and Balclutha (g and h). It needs to be noted that the scale of the y‐axis varies for the four sites. The red
boxplots contain the eight QM corrected simulations and the orange boxplots the corresponding LT corrected
simulations. As the choice of the snow model did not have any noticable influence on the annual water balance,
only the results for WaSiM‐Anderson are shown.
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Regarding the subcatchment of the fourth site (Ophir) the projected changes are quite
distinct when compared to the remaining sites. At Ophir (Figure 5.15e, f) during both time
periods the ensemble medians show a reduction in streamflow. In the 2050s period, when
the median reduction in streamflow is relatively small, the increase in ET is of a similar
magnitude as the increase in precipitation. In the 2090s period, seven out of eight
ensemble members show a reduction in streamflow. The enhanced reduction can be
explained by a further increase in ET that surpasses the positive change in precipitation
by about 20 mm. Thus, the negative impact of higher ET on streamflow can likely be
identified as the main driver behind the aforementioned reduction in irrigation takes.
In addition to the spatially aggregated results, the distributed water balance is depicted
in Figure 5.16. Here, only the simulations of the QM‐Anderson subensemble are shown,
because neither the alternative bias correction nor hydrological model version had a
significant impact on the spatial patterns of the water balance components. Beginning
with the 2050s period, the distributed water balances of A1B and A2 are very similar and
are thus discussed collectively. Precipitation intensifies over most parts of the catchment
with the largest increases to the lee of the main divide (up to 1000 mm). The increase in
ET is most dominant in the intermontane valleys of the central and upper Clutha, where
it is projected to exceed 100 mm. Further, lake evaporation has increased from 1067 mm
during the reference period to 1137 mm (A1B and A2 mean), which corresponds to a 7%
increase.
For the 2090s period the A1B and A2 signals depart further. Under both emission
scenarios the increase of precipitation in the spillover zone has intensified exceeding
2000 mm in ultimate proximity to the main divide. While changes in the upper
headwaters are rather similar for the two scenarios, A2 is associated with a larger
increase in the central areas of the upper (∼50‐120 mm) and lower Clutha (∼10‐70 mm).
Further, only the A2 scenario projects a decrease in precipitation in the approximate area
of the upper Shotover. Decreases in the eastern parts of the Lake Hawea basin are also
intensified under the A2 scenario.
Regarding ET, the positive changes (2090s) throughout the catchment are considerably
higher under the A2 scenario, which manifests itself in annual ET rates that exceed 900
mm in the intermontane valleys of the upper headwaters (e.g. Matukituki and Dart River).
The changes in streamflow largely reflect the combined effects of alterations in
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precipitation and ET. It becomes noticeable that compared to A1B fewer cells show a
negative change under A2 (47 vs. 194). Further, in areas where the absolute changes
(positive and negative) are generally largest (under both A1B and A2), the changes are
visibly more extreme under A2. This intensification could also be interpreted as an
enhanced “wet‐get‐wetter, dry‐get‐drier” mechanism under A2.
(a)

(b)
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(c)

(d)

Figure 5.16 Mean changes (from reference period) of the three distributed water balance components
(precipitation, actual evapotranspiration and runoff) are shown for the 2050s (a = A1B and b = A2) and the 2090s
(c = A1B and d = A2) periods. For a baseline comparison the historic water balance as shown in Figure 3.18 should
be used.
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5.3.5. Impacts on hydropower potential
To assess the potential impacts of climate change on the hydropower production inside
the Clutha catchment, the hydropower model (Section 3.6.1) was run using the daily
simulated streamflow of the 32 ensemble members. In order to investigate the impact of
the water management, two different management scenarios were implemented. The first
scenario, referred to as Best Fit (BF) scenario, was described in Section 3.7.4 and uses a
maximum discharge of 560 m3 s‐1 for Clyde and 530 m3 s‐1 for Roxburgh. The values were
obtained through manual calibration with the aim of best representing the actual
hydropower production during the historic period. Additionally, a second management
scenario was tested, which constantly uses n‐1 of its turbines under full load and is
referred to as Maximum Capacity (MC) scenario. Effectively that means that at all times
up to 700 m3 s‐1 and 750 m3 s‐1 can be used for power generation at Clyde and Roxburgh,
respectively. As one turbine is always inactive due to maintenance under the current
management scheme (Malcolm Taylor, Contact Energy, personal communication), the
constant use of all turbines was deemed unrealistic and thus not pursued as an additional
scenario.
With the BF scenario, the projected changes in mean annual hydropower production are
relatively small (3.7 to ‐2.6% at Clyde and 1.9 to ‐4.1% at Roxburgh) for all four
subensembles and both time periods (Table 5.4). However, changes are relatively
consistent amongst certain groupings. As such, all four subensembles show an increase
under the A1B emission scenario that becomes greater for the 2090s period. Under the
A2 emission scenario, the subensembles show only minor changes during the 2050s
period with a negative trend substantiating for the 2090s period.
Under the MC management scenario, the relative change in the hydropower production
becomes positive for all subensembles during both time periods (Table 5.5) and is greater
compared to the BF management scenario (Table 5.4). As in the BF management scenario,
the highest (lowest) increases in hydropower production under the MC management
scenario can be denoted to the A1B (A2) members during the 2090s period, during which
the relative increase ranges from 6.1 to 7.8% (1.7 to 2.2%) at Clyde and from 6.1 to 8.0%
(1.9 to 2.6%) at Roxburgh.
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Table 5.4 The simulated hydropower production [GWh] (Clyde and Roxburgh) is shown for the reference period
and the two future periods under either of the two emission scenarios (A1B and A2). The calculations are based
on the Best Fit (BF) management scenario. The relative change [%] in the production is shown in brackets along
with an arrow indicating the direction of change (“‐‐” for no change). Changes exceeding ±5.0% are marked as
bold (not applicable here).
Clyde

QM‐Anderson

QM‐Tindex

LT‐Anderson

LT‐Tindex

2069

2085

2065

2074

2050s‐A1B

2101 (↑ 1.8)

2114 (↑ 1.6)

2092 (↑ 1.5)

2095 (↑ 1.2)

2090s‐A1B

2140 (↑ 3.7)

2143 (↑ 3.0)

2122 (↑ 3.0)

2122 (↑ 2.5)

2050s‐A2

2074 (‐‐ 0.0)

2086 (↓ 0.2)

2064 (↓ 0.3)

2067 (↓ 0.5)

2090s‐A2

2036 (↓ 1.8)

2036 (↓ 2.6)

2036 (↓ 1.6)

2036 (↓ 2.0)

REF

Roxburgh
REF

1558

1571

1555

1562

2050s‐A1B

1564 (↑ 0.6)

1574 (↑ 0.3)

1558 (↑ 0.4)

1561 (↑ 0.1)

2090s‐A1B

1584 (↑ 1.9)

1586 (↑ 1.0)

1572 (↑ 1.3)

1572 (↑ 0.8)

2050s‐A2

1550 (↓ 0.6)

1558 (↓ 1.0)

1542 (↓ 1.0)

1544 (↓ 1.3)

2090s‐A2

1508 (↓ 3.3)

1508 (↓ 4.1)

1510 (↓ 3.0)

1510 (↓ 3.4)

Table 5.5 Same as Table 5.4 but with the Maximum Capacity (MC) management scenario.
Clyde
REF

QM‐Anderson

QM‐Tindex

2213

2224

LT‐Anderson
2218

LT‐Tindex
2223

2050s‐A1B

2295 (↑ 3.9)

2316 (↑ 4.4)

2297 (↑ 3.8)

2299 (↑ 3.7)

2090s‐A1B

2381 (↑ 7.8)

2382 (↑ 7.4)

2354 (↑ 6.4)

2353 (↑ 6.1)

2050s‐A2

2279 (↑ 2.8)

2280 (↑ 2.2)

2261 (↑ 1.6)

2262 (↑ 1.5)

2090s‐A2

2266 (↑ 2.2)

2270 (↑ 1.8)

2267 (↑ 1.9)

2267 (↑ 1.7)

Roxburgh
REF

1745

1752

1754

1756

2050s‐A1B

1813 (↑ 4.1)

1828 (↑ 4.7)

1816 (↑ 3.8)

1817 (↑ 3.8)

2090s‐A1B

1880 (↑ 8.0)

1879 (↑ 7.6)

1859 (↑ 6.3)

1858 (↑ 6.1)

2050s‐A2

1804 (↑ 3.2)

1803 (↑ 2.6)

1791 (↑ 1.8)

1791 (↑ 1.7)

2090s‐A2

1793 (↑ 2.6)

1796 (↑ 2.2)

1795 (↑ 2.1)

1795 (↑ 1.9)

In addition to the changes in the annual production, the impact of climate change on
seasonal production levels was also investigated. Beginning with the BF management
scenario the seasonal changes are substantial for both time periods and most pronounced
in the 2090s period (Figure 5.17). The general agreement amongst the individual
subensembles is high through all seasons. The general trend is that towards the end of the
century hydropower production decreases progressively during summer which is
opposed by a slightly smaller increase in winter and spring. The uncertainty is generally
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highest for summer and autumn opposed to a relatively consistent signal in winter and
spring. The median change during autumn is negative in the 2050s period and tends
towards zero by the end of the century. To allow for a quantification of the modelled
signal, the overall mean was calculated for each season respectively (Table 5.6). For the
2050s period under the A1B (A2) forcing, hydropower production is projected to change
by ‐7.0 (‐13.2%) in summer, ‐5 (‐2.7%) in autumn, 11 (9.9%) in winter and 6.6 (5.4%) in
spring. In the 2090s period the seasonal changes in production under the A1B (A2)
scenario are as follows: ‐14.3 (‐23.9%) in summer, 0.8 (‐8.9%) in autumn, 18.5 (18.0%)
in winter and 7.4 (6.9%) in spring.

(a)

(b)

(c)

(d)

Figure 5.17 Changes in seasonal hydropower generation (GWh) under the Best Fit (BF) management scenario for
the hydroelectric dams at Clyde (a and b) and Roxburgh (c and d), respectively. Each boxplot contains the eight
simulations corresponding to either of the four subensembles.

243

Chapter 5 – Potential impacts of climate change on the hydrology of the Clutha catchment

Regarding the seasonal results under the MC management scenario, the changes (Figure
5.18) have the same seasonal pattern as depicted for BF (Figure 5.17). The major
difference lies in an intensification of both negative and positive changes in both time
periods, which also becomes evident in the averaged signals shown in Table 5.6. The
productions in winter and spring are hardly influenced by the selection of the emission
scenario, but productions are substantially lower in summer and autumn under the A2
scenario (most pronounced in the 2090s period). As expected, the differences in the
production during summer and autumn are also reflected in the projected changes in
streamflow. As shown in Figure 5.3 (Balclutha as indicator for Clyde and Roxburgh), the
A2 envelope is shifted towards a negative change in streamflow more strongly than the
A1B envelope (except for March), which explains the higher power production under the
A1B scenario.
(a)

(b)

(c)

(d)

Figure 5.18 Same as Figure 5.17 but using the Maximum Capacity (MC) management scenario.
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Table 5.6 Relative changes [%] in the seasonal production at Clyde and Roxburgh under either of the two
management scenarios. Each value is based on the average of the four subensembles (QM‐Anderson, QM‐
Tindex, LT‐Anderson and LT‐Tindex).

Clyde

Best Fit Management
DJF MAM JJA SON

Maximum Capacity Management
DJF
MAM
JJA
SON

2050s‐A1B

‐7.0

‐5.0

+11.1

+6.6

‐6.5

‐4.9

+15.5

+11.6

2050s‐A2

‐13.2

‐2.7

+9.9

+5.4

‐15.1

‐1.0

+14.5

+9.7

2090s‐A1B

‐14.3

+0.8

+18.5

+7.4

‐16.1

+2.3

+29.1

+13.0

2090s‐A2

‐23.9

‐8.9

+18.0

+6.9

‐26.4

‐8.1

+29.9

+13.1

2050s‐A1B

‐7.1

‐5.5

+8.7

+4.6

‐6.5

‐5.3

+15.7

+11.9

2050s‐A2

‐12.4

‐3.3

+8.0

+3.8

‐15.4

‐0.9

+15.1

+10.0

2090s‐A1B

‐14.0

‐0.2

+14.0

+4.9

‐16.9

+2.2

+29.8

+12.9

2090s‐A2

‐22.9

‐9.2

+13.5

+4.4

‐27.1

‐8.2

+31.1

+13.2

Roxburgh

Regarding winter and spring, streamflow was found to be substantially increased
(compared to A1B) under the A2 scenario (i.e. from July to October), which should have
translated into higher production levels. The paradoxical result can be explained by
changes in the frequency distribution of streamflow at Clyde (also valid for Roxburgh),
which is demonstrated here for the two ECHAM5 members of the QM‐Anderson
subensemble. For the 2090s, the ECHAM5‐A1B run projected increases in streamflow of
67 and 22%, during winter and spring, respectively. For ECHAM5‐A2 the changes were
substantially higher at 82 and 52%. With regard to the hydropower production, the
surplus under the A2 run was only marginal during winter (2%) and spring (5.7%).
Regarding the distribution of streamflow events (Figure 5.19), the upper boundary (700
m3 s‐1) of the 550 m3 s‐1 class corresponds to the maximum capacity (n‐1 turbines
operating under full load) of the Clyde power station, above which any excess water has
to be spilled and becomes therefore unusable for hydropower generation. During the
reference period (Figure 5.19a), most of the mean daily flow values lie within the 550 m3
s‐1 class (range is 400 – 700 m3 s‐1), followed by the 250 m3 s‐1 class. In the 2090s period,
Figure 5.19b clearly shows a shift towards high flow events for the A1B run. This shift
becomes more distinct for the A2 scenario (Figure 5.19c), under which most flow events
occur between 700 and 1000 m3 s‐1 (850 m3 s‐1 class). Thus, under the higher emission
scenario (A2) substantial amounts of water become unusable for power generation
during winter and early spring due to a shift towards high flow events that exceed the
maximum capacity of the power plant.
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(a)

(b)

(c)

Figure 5.19 The frequency of daily streamflow events between July and October is shown for Clyde. The range of
each frequency class is 300 m3 s‐1 wide, with the class centres shown on the x‐axis (e.g. the “550” class ranges
from 400 to 700 m3 s‐1). The frequency distribution is depicted for (a) the historic ECHAM5 run (mean of A1B and
A2), (b) the 2090s ECHAM5‐A1B run and (c) the 2090s ECHAM5‐A2 run. A reddish gradient is assigned to all
classes that exceed the maximum capacity (red dashed line at 700 m3 s‐1, as defined in the MC management
scenario) of the hydroelectric scheme at Clyde.
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5.4. Discussion
5.4.1. The projected changes in streamflow
This study constitutes the first climate change impact study in New Zealand that used RCM
simulations to drive a fully distributed (grid based) hydrological model. Thus, this study
constitutes a valuable contribution to the existing impact studies in the domain of the
South Island.
Climate change was found to have a substantial effect on the flow regime in the Clutha
catchment, encompassing substantial increases from winter to early spring followed by
considerable reductions during summer. Similar changes in streamflow have been
reported for many alpine catchments globally with one of the main drivers being a
reduction of solid precipitation during winter (Kundzewicz, 2008). The latter is
predominantly caused by an increase in temperature, which leads to an earlier snowmelt
peak (Jasper et al., 2004; Kundzewicz, 2008; Kingston et al., 2011). Other studies that
projected increases in winter also reported reduced flows during summer (Leung et al.,
2004; Kingston et al., 2011; Shresta et al., 2012). The hydrological projections of this
impact study are therefore largely in accordance with the findings of previous local and
regional studies. When focusing on the snow affected global land mass, annual runoff is
generally projected to increase at higher latitudes (Jiménez Cisneros, 2014). The
projected increase is most pronounced in the high latitudes of the northern hemisphere,
while many regions in North and South America show substantial decreases (Schewe et
al., 2013). The results of this study (increase between 5.0 and 11.6%) broadly agree with
the global model study of Schewe et al. (2013), which also indicates a rather small change
in annual runoff for the domain of the South Island (‐10 to 10%).
No model based impact study exists that has coherently targeted the major catchments of
the South Island, which obviously limits any comparison to larger scale projections of the
Southern Alps. Fitzharris (1989b) used a theoretical climate change scenario based on a
warming of 3°C and a precipitation increase of 15%. Based on the Fitzharris (1989b)
scenario, lake inflows in the Southern Alps were estimated to rise up to 40% in winter
and decrease in summer (‐13%). Here, the relative change in streamflow in the upper
Clutha during winter (2090s) was projected to be substantially larger (an increase in
winter precipitation was identified as the main driver). The largest increase (65 and 77%
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for A1B and A2, respectively) was modelled for the north‐western part of the catchment
at Chards Rd (Kawarau catchment). For Lake Wanaka outlet, the increase was similar,
albeit about 15% lower (51 and 61%). The larger increases in the north‐western part of
the catchment could likely be explained by an enhancement of orographic precipitation
as part of the RCM simulations. For the 2090s summer, at Lake Wanaka outlet (Chards
Rd) the projections in this study were also more extreme with a relative reduction in flow
of ‐16% under A1B and ‐26% under A2 (‐17% under A1B and ‐32% under A2). The
substantially larger changes presented in this study stress the importance of model based
impact studies as results can differ substantially from theoretical scenarios (e.g.
Fitzharris, 1989b). However, despite the theoretical nature of the study, Fitzharris
(1989b) still came to similar conclusions in terms of seasonal direction of change.
In regard to the Clutha catchment, the study of Poyck et al. (2011) revealed similar
changes in the flow regime and annual mean flow at Balclutha (~6% for 2040s and ~10%
for 2090s). Here, the change in annual mean flow was only slightly higher in both the
2050s (6.6%) and 2090s period (11.6%). Poyck et al. (2011) used annual regimes based
on a weekly moving average, which made a direct comparison with the more common
temporal aggregation (monthly) of this study difficult. A further analysis of their
projections was carried out by Gawith et al. (2012) who focused on monthly changes in
streamflow for the Matukituki and Lindis subcatchments. The largest increases in flow at
both subcatchments were found for August, which agrees well with this study. Further, a
similar increase in flow is projected by their ensemble mean between June and
September. In both studies (Poyck et al., 2011; Gawith et al. 2012) the changes in monthly
flow were assigned to changes in seasonal precipitation and a decline in the seasonal
snow pack, with the latter being the focus of the following section.

5.4.2. Projected impacts on the snow and glacier storage
For the whole catchment (Balclutha), using an ensemble of twelve GCMs (out of which
four were used in this study) Poyck et al. (2011) calculated a change in snowmelt from
‐25 to 10% (near future) and ‐60 to 5% (far future). Here (under the A1B scenario), the
change in the proportion of snowmelt had a substantially smaller range across four GCMs,
for both the near future (‐25 to ‐19%) and the far future period (‐59 to ‐36%). The fact
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that one of the model runs of Poyck et al. (2011) projected an increase in snowmelt, that
still persisted in the 2090s period (5%), does not appear to be comprehensible under the
projected climate conditions in the domain. As demonstrated by Mullan and Dean (2009),
all of the twelve GCM runs that were used in the study of Poyck et al. (2011) showed a
substantial warming signal over the Otago region for the 2090s. Hence from a physical
perspective extreme accumulations of snow in the high elevation zones (note relatively
small area) of the upper catchment would be required to outweigh the decline in medium
high elevations (caused by the warming) and cause an overall increase of 5%. Further
analysis could be useful to identify the driver(s) behind this rather unexpected result.
In this study, by depicting the full uncertainty range of the ensemble, the A1B runs showed
an especially large spread in the 2090s, indicating a high level of uncertainty in the
modelled monthly SWE volume. While the mean reduction in the monthly SWE volume
(Figure 5.11) is similar to the results that Gawith et al. (2012) compiled for the Matukituki
(ensemble mean only), this also showcases the additional value of portraying the full
range of projections opposed to ensemble means.
In addition to the spatially averaged SWE volume, the relative change of the SWE storage
was also investigated for different altitudinal zones. The results agree with the findings of
Hendrikx et al. (2012) who investigated the impacts of climate change on seasonal snow
for all of New Zealand. Their findings showed a reduction in seasonal snow for the 2040s
and 2090s at nearly all elevations with the strongest decrease projected for elevations
< 1000m. Further, they found that across the 21st century SWE will only increase at
elevations > 2900m. However, the more regional results (Clutha vs. national) of this study
suggested that SWE may still increase in the 2050s (except summer) at elevations
> 2000m.
The numerical experiment of Marzeion et al. (2014) showed that during the early 21st
century glacier mass loss in the New Zealand region was predominantly caused by
anthropogenic climate change. Thus, a further decrease in glacier volume, as projected by
the transient 21st century simulations of this study (Section 5.3.3), was somewhat
expected considering the intensifying warming signal. In 2099, the glacier volume was
projected to shrink by 89 and 93% (compared to the ensemble average in 2011) under
the A1B and A2 emission scenarios, respectively. The continuous decline of glacier volume
agrees with the assessment issued by the Ministry for the Environment (2008), which
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stated that both volume and glacier length will continue to decrease (confidence level 3
out of 4). For the Franz Josef Glacier (west coast of South Island), Anderson et al. (2008)
projected the volume loss by 2100 to range between 26 and 58% making their projections
more conservative. As indicated by the Ministry for the Environment (2008), glaciers
along the west coast that are exposed to the projected increase in westerly air flow
(increase in orographic precipitation) are expected to have a delayed reduction. Another
explanation for the greater mass loss in this study could be related to the different forcing
data. While Anderson et al. (2008) used statistically downscaled GCM runs (as described
in Mullan et al., 2001) with a maximum warming signal of 2.1°C, the RCM based
projections of this study projected a substantially greater warming (note different
domain) under the A1B (A2) scenario ranging from 2.5 to 3.2°C (3.2 to 4°C) for Tmean.
The dramatic decline in the ice volume that was projected for the Clutha is very similar to
a modelling study that was conducted for the ice masses in Switzerland, where
approximately 90% of the country’s ice mass had melted by the end of the 21st century
(CH2014‐Impacts, 2014). In another recent study by Clarke et al. (2015) the projections
of a physically based glacier model showed dramatic reductions in the ice volume of
Western Canada, which ranged between 70 and 95% depending on emission scenario.
They also found that glaciers within the coastal region generally showed a smaller decline
(70%), while glaciers further inland had a substantially weaker resistance to climate
change (losses exceeding 90%). Considering that the “coastal” region in the study of
Clarke et al. (2015) extends more than 200 km inland, all of the glaciers within the Clutha
catchment should have a similar marine influence. However, as it was described for air
temperature (Section 2.2.3.1), large parts of the upper catchment are characterised by a
rather continental climate. Thus, glaciers located on the western flank of the Southern
Alps (e.g. Franz Josef Glacier in Anderson et al. (2008)), might also have a higher
resistance to climate change than the glaciers located on the downwind side of the main
divide. From a physical perspective, a more pronounced increase in winter precipitation
as projected for the upper Clutha (Figure 4.17) would be required. A substantial increase
in snowfall in the accumulation zone of these glaciers (i.e. west coast) could then
potentially outweigh the increased ablation (caused by the increase in air temperature)
in the medium to low elevations.
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The modelled contribution of glacial melt water only accounted for about 1.6 and 1.7% of
the total increase in mean annual streamflow (2090s) for the A1B and A2 scenario,
respectively. Thus, the contribution of the shrinking ice storage to changes in annual flow
can be considered as relatively unimportant. However, a similar decline in ice volume can
be expected to have a substantially larger effect on the flow regimes of some of the heavily
glaciated catchments located to the lee of the Southern Alps (e.g. Waitaki).
Finally, it should be noted that the degree‐day approach of the glacier model does not
consider radiative and turbulent heat fluxes, which were found to have an important
influence on the mass balance of the Brewster glacier, a representative glacier in terms of
regional atmospheric controls on mass balance in the domain of the Southern Alps
(Conway, 2013). Hence the projected changes in glacier volume and area should only be
seen as indicative.

5.4.3. Water balance
For the whole catchment (Balclutha), changes in annual streamflow were found to largely
stem from changes in precipitation. Both streamflow and precipitation signals were
associated with a large spread, while the range of the ET signal was comparatively small.
On a global scale, the study of Adam et al. (2009) also showed that changes in annual
runoff (in most regions) were predominantly caused by changes in precipitation rather
than by ET. In snow dominated catchments potential energy that could be used for
evapotranspiration is substantially reduced during winter, which causes ET to respond
only weakly to increases in precipitation (Nijssen et al., 2001). The latter explains why
most of the surplus in precipitation during that period contributes to an increase in runoff
rather than ET (Nijssen et al., 2001). Thus, as shown by Arora and Boer (2001) in large
mid to high latitude catchments, where seasonal snow is important, increases in annual
precipitation usually outweigh higher evapotranspiration totals, which leads to an
increase in runoff.
As for Balclutha, runoff changes in the upper catchment (i.e. The Hillocks and Chards Rd),
also largely aligned with precipitation changes, and ET clearly showed the smallest
variability of the three water balance terms. A different situation was found for the
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centrally located Manuherikia subcatchment (Ophir), where the range of the ET signal
was substantially larger. For the 2090s, the median ET change at Ophir exceeded the
change in precipitation resulting in a decrease in streamflow. Finally, it can be concluded
that in the upper Clutha increases in ET are overwhelmed by increases in precipitation,
while in the central to lower Clutha (as indicated by the results for Ophir) positive changes
in ET become increasingly pronounced over the 21st century causing reductions in runoff.

5.4.4. The uncertainty in the hydrological projections
As discussed by Teutschbein and Seibert (2010) several climate change impact studies
have used output from a single GCM or RCM for their hydrological impact assessments.
However, the use of more complex model ensembles has been strongly advised
(Teutschbein and Seibert, 2010), as the uncertainties associated with the individual
components of the model chain can have substantial impacts on the hydrological
projections. A robust impact assessment becomes especially important when the
projections are used to inform future water management. Hence any potential source of
uncertainty needs to be investigated and if noteworthy made transparent as part of the
projected impacts. Recently an increasing number of studies (Maurer, 2007; Prudhomme
and Davies, 2009; Bastola et al., 2011; Sulis et al., 2012; Cloke et al., 2013; Morán‐Tejeda
et al., 2014; Vormoor et al., 2015) have addressed the need of a greater transparency in
climate change impact modelling and used ensemble approaches to allow for a more
robust assessment. While previous studies in New Zealand have focused on the GCM
structure as the main source of uncertainty, this study also explored three additional
components: emission scenario, bias correction and hydrological model structure. The
hydrological impact ensemble (32 members) consisted of four GCMs, two emission
scenarios, two bias correction methods and two snow model versions.
Before the actual uncertainty assessment was carried out, the hydrological simulations
were first analysed during the reference period. Performance in reproducing the
observed regime varied depending on both the selection of the snow model and the bias
correction method. WaSiM‐Anderson was found to result in the most realistic simulation
of the historic regime, while the deficiencies of WaSiM‐Tindex became largest when
combined with the LT bias correction method (Figure 5.2). The selection of the bias
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correction method was expected to only have a minor effect on the simulated monthly
streamflow during the reference period, which made the observed sensitivity somewhat
unexpected. A potential explanation could be related to the predominant air temperature
during mature precipitation events along the main divide. At Brewster Glacier (Figure
2.12), Cullen and Conway (2015) found a concentration of air temperature around the
rain‐snow threshold during events with major solid precipitation, which led to the
conclusion that the accumulation of snow in areas along the main divide is vulnerable to
small variations in air temperature. Thus, the relatively large variability during the
reference period was seen as a first indicator for a potentially high sensitivity of the
modelled snow storage and streamflow towards climate change.
In order to investigate the importance of the individual uncertainty sources in the context
of the projected future impacts, a methodology that was developed by Muerth et al. (2012)
was used to augment the findings stemming from visual analysis. The main contributors
to the uncertainty associated with the projected changes in seasonal flow were (in
ascending order): snow model (3‐9%), bias correction method (4‐18%), emission
scenario (16‐44%) and GCM (50‐60%). This order is also consistent with other result
metrics such as monthly streamflow (Figure 5.3‐5.7) and monthly SWE storage (Figure
5.11).
In a global study Hagemann et al. (2011) found that in most catchments the GCM is the
dominant source of uncertainty. However, they also showed that in some basins (i.e.
Amazon, Mississippi, Congo, Nile and Yangtze) the effect of bias correction can surpass
the actual signal, which in this case makes the uncertainty induced by bias correction
comparable to the choice of the GCM. Here, the relative uncertainty induced by the bias
correction method was found to be important albeit smaller compared to both emission
scenario and GCM selection. Both negative and positive changes in streamflow were found
to be enhanced by the QM method (compared to the LT method), which could be traced
back to the enhanced precipitation signal when using the QM method. In the study of
Muerth et al. (2012) the influence of the bias correction method on mean flow was
comparable to the results presented here. However, Muerth et al. (2012) also showed that
the relative contribution of individual components to the overall disparity can turn out
differently for other hydrological indicators such as 7‐day low flow. In case of the latter
they identified the hydrological model as the dominant source of uncertainty, with a
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substantially greater contribution than bias correction. Future work could be undertaken
in the Clutha basin to further explore both impacts and related uncertainties for
alternative hydrological indicators (e.g. low flow and high flow).
The hydrological model related uncertainty has been the focus of numerous studies that
have either used different hydrological models (Ludwig et al., 2009; Chen et al., 2011;
Velázquez et al., 2013) or different versions of a particular hydrological model (Thompson
et al., 2014). As described by Thompson et al. (2014) different versions of the same
hydrological model (i.e. MIKE SHE) can be developed that differ in one particular routine
(i.e. potential ET) allowing for a process specific uncertainty analysis. For the Mekong
River, Thompson et al. (2014) found that the selection of the potential ET method only
had a minor effect compared to the large variation in GCM precipitation. Further, in the
New Zealand based study of Koedyk and Kingston (2016), the uncertainty of potential ET
projections was found to be primarily caused by the choice of the potential ET method
(opposed to GCM selection). However, the effect of the potential ET method on runoff was
small and superimposed by GCM uncertainty (Koedyk and Kingston, 2016). Despite these
findings, in some cases a certain potential ET method and GCM combination was found to
result in a runoff projection that lies outside the GCM induced uncertainty range (Kay and
Davies, 2008).
In the Clutha catchment, the high precipitation intensity in the upper parts of the
catchment (Section 2.3.4.3; Figure 2.18) combined with the relatively high proportion of
snowmelt (Section 3.7.2; Figure 3.16) means that the seasonal regime of the Clutha is
largely controlled by the process of snowmelt rather than ET. By using the two WaSiM
versions that only differ in their snowmelt routine the contribution of that process to the
overall uncertainty could be assessed in isolation. When compared to the large variation
in GCM output (especially precipitation), the influence of the isolated hydrological process
(i.e. snowmelt) was substantially smaller. This is in agreement with most of the potential
ET sensitivity studies (except Kay and Davies, 2008). Future work could investigate if the
selection of the snow model might play a more important role in other regions or
catchments of different size (i.e. small headwater subcatchments).
As in this study, a large body of existing hydrological impact studies also identified GCM
structure as the dominant source of uncertainty (Wilby and Harris, 2006; Graham et al.,
2007; Prudhomme and Davies, 2009; Kingston and Taylor, 2010; Hughes et al., 2011;
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Muerth et al., 2012; Teng et al., 2012; Thompson et al., 2014). Here, the emission
uncertainty was identified as the second most important source during most seasons,
while in winter bias correction was found to introduce a similar level of uncertainty.
These findings generally agree with the study of Prudhomme and Davies (2009), in which
emission scenario and downscaling (RCM vs. statistical method) uncertainty were of a
comparable magnitude, but still considerably smaller when compared to GCM
uncertainty. As recommended by Prudhomme and Davies (2009) additional GCM
simulations driven by SRES scenarios as well as RCPs should be used as part of future
work to capture the wider range of the emission uncertainty.

5.4.5. Impacts on hydropower potential and irrigation takes
Regarding irrigation, the modelled takes in the upper catchment were all abstracted from
the main river network and not implemented as individual schemes (see Section 3.4.9 for
explanation). Thus, while no limitations in irrigation takes were projected for the upper
schemes, the corresponding projections should only be used as indicative. For the
Manuherikia (Ophir), where better information on the irrigation schemes was available,
water takes (no minimum flows were set) were implemented for the upper and lower
subcatchments, respectively. At Ophir, substantial reductions in irrigation takes were
projected for both the 2050s (15‐21%) and 2090s (33‐34%) periods. These results are in
general agreement with projections for other areas outside of New Zealand that are also
characterised by a dry climate. As shown in the latest IPCC assessment (Field et al., 2014),
in wide parts of Europe and North‐America an increase in evapotranspiration combined
with seasonal reductions in runoff will likely decrease water supply for irrigation. For the
Waimakariri catchment (South Island, New Zealand) Srinivasan et al. (2011) used
different impact metrics, but the projections show the same direction of change as in this
study. In their study irrigation takes were found to be increasingly constrained, with the
number of days of irrigation restriction increasing by 5 and 17% for the 2040s and 2090s,
respectively. Future work could aim at developing a more complex representation of
irrigation schemes and related processes in the hydrological model. This would be
essential for a more robust assessment of potential future limitations on water
abstractions in the upper Clutha.
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As shown by a number of studies (Lehner et al., 2003; Koch et al., 2011; Chernet et al.,
2013) changes in the water cycle and streamflow can cause changes in both annual and
seasonal hydropower production. The study of Lehner et al. (2003), which focused on the
European domain, projected a strong negative impact (~ ‐25%) for most southern
European countries, while positive changes were only simulated for northern Europe (i.e.
Scandinavia). For a hydropower system in Norway, Chernet et al. (2013) showed that
increases in flow (11‐17%) would translate into a similar increase (9‐20%) in
hydropower generation.
Here, changes in the future production varied depending on both the management
scenario and the emission scenario. Under the Best Fit management scenario, the total
production (Clyde) during the 2090s period increased (decreased) slightly for the A1B
(A2) emission scenario by 3.0% (‐2.0%). When assuming a Maximum Capacity scenario,
annual production showed an increase for both the A1B (6.9%) and A2 (1.9%) runs. The
dependence of the changes in production on the choice of the management scenario is a
first indication that the effectively used capacity of the schemes has an impact on the
signal. It also becomes apparent that the increases in annual streamflow corresponding
to both the A1B (11.6%) and A2 (10.9%) emission scenarios did not result in an
approximately equivalent increase in production as it was shown by Chernet et al. (2013).
In a recent study, Caruso et al. (2016) investigated the hydropower potential of the
Waitaki basin using an ensemble of twelve downscaled CMIP3 (A1B) simulations (as
described in 4.1; Mullan and Dean, 2009) in combination with the hydrological model
TopNet. As in this study they found that annual lake inflows will increase causing an
overall increase in hydropower production at the end of the 21st century. Regarding
seasonal changes, their results are similar to this study with increased production during
winter and spring, followed by reductions in summer. Here, the most pronounced
seasonal changes (mean of Clyde and Roxburgh under Maximum Capacity management)
occurred during winter (29% under A1B and 31% under A2) and summer (‐17% under
A1B and ‐27% under A2). While the projected increases in winter should benefit
hydropower operators in the future, the substantial negative change in summer (i.e. ‐27%
under A2) should not be ignored, as this could implicate electricity shortages.
Caruso et al. (2016) showed that the volume of spilled water will likely increase and this
was found to be predominantly caused by a substantial surplus of lake inflows during
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winter and spring. Here, a discontinuity between changes in annual flow and changes in
annual production was discovered, which was found to be even higher in winter and
spring, and more so under the A2 scenario. Similar to the Waitaki, the capacities of the
Clyde and Roxburgh schemes were exceeded more frequently in the future during winter
and spring. To investigate this further, the modelled streamflow at the two schemes was
checked for changes in the frequency distribution. Under both emission scenarios high
flow events exceeding the maximum capacity of the schemes were found to increase,
while flows below or equal to the maximum capacity became rarer. Further, this shift in
the flow distribution was more pronounced under the A2 scenario causing a substantial
increase in spilled (unused) streamflow. Interestingly, the Norwegian study (Chernet et
al., 2013) that found a comparable relative increase in flow, reported that in the future
less water needed to be spilled. A potential explanation for this opposing finding could lie
in the different water management schemes. The study of Chernet et al. (2013) was based
on a relatively small catchment (804 km2) that is characterised by a high degree of water
management with twelve regulated reservoirs and transfer tunnels, while the Clutha
catchment only possesses one reservoir (Lake Hawea). Hence it could be speculated that
an intensively managed catchment would cope better with changes in seasonal
streamflow.
Importantly, the results of this study indicate that the current water management in the
Clutha catchment might be underdeveloped in terms of maximising hydroelectric
generation under late 21st century climate conditions. The key finding encompassed
substantial seasonal changes in the hydropower production due to changes in the
seasonal streamflow regime. While the increases during winter and spring would likely
benefit the operators (i.e. Contact Energy), the decrease in production during summer
could comprise periods when electricity demand is not met. The decline in summer
production could be mitigated by reducing the increased volume of spill water during
winter and spring (due to an increase in high flow events exceeding the capacities of Clyde
and Roxburgh), through new storages and adaptations in the water management.
Thus, the results of Caruso et al. (2016) supported by the findings of this study contradict
the assumption that increased winter flow in the Southern Alps would reduce the need
for reservoirs (Poyck et al., 2011; Hendrikx et al., 2012). As shown for the Waitaki (Caruso
et al., 2016) energy shortages could occur over summer if the projected reductions in
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hydrogeneration are accompanied by an increased electricity demand (i.e. cooling). Based
on the projections of this study, increased artificial storage (i.e. dams, reservoirs) would
be required to store some of the excess flow in winter and spring, which would then allow
for the projected decreases in summer streamflow to be compensated, and ultimately
sustain production during summer.

5.5. Chapter summary
A fully distributed hydrological model (WaSiM) has been forced with RCM simulations for
the first time in the Southern Alps of New Zealand with the aim of assessing the potential
impacts of climate change on the water resources of the Clutha River. An ensemble
approach was used to allow for a robust impact assessment. The model chain consisted of
two emission scenarios (A1B and A2), four GCMs, one RCM, two bias correction
techniques (QM and LT), one downscaling routine (different methods for temperature
and precipitation) and two versions of the hydrological model only differing in their
snowmelt routine (WaSiM‐Anderson and WaSiM‐Tindex).
The hydrological impacts largely reflected the projected changes in the climate forcings.
Precipitation was the dominant water balance term in most parts of the Clutha catchment,
where it outweighed increases in ET. Consequently, annual streamflow was projected to
increase under both emission scenarios by 6‐7% in the 2050s and by 11‐12% in the
2090s. The only decrease in annual streamflow was projected for the Manuherikia
subcatchment (location central Clutha catchment; gauge Ophir), where a moderate
increase in precipitation was surpassed by a larger increase in ET. As a direct result, the
historic volume of irrigation takes was not always met by the simulated streamflow
during both periods and by the end of the 21st century, irrigation takes in the Manuherikia
subcatchments were confined by 33% (34%) under the A1B (A2) scenario.
At Balclutha and most gauges of the upper Clutha the ensemble mean projected a
substantial decrease in monthly flows from December to March and an increase from May
to October. These changes became drastically enhanced in the 2090s period and became
most extreme during winter. The relative change in winter streamflow was found to
follow a north‐west to south‐east gradient. Increases were highest at The Hillocks (99%),
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71% at Chards Rd and further reduced at Balclutha (43%). At Balclutha, the most extreme
monthly increase was projected for August with an overall ensemble mean change of 334
m3 s‐1 (∼66%).
The historic proportion of snowmelt on total streamflow at the catchment outlet
(Balclutha) was projected to decrease by ‐23% (‐28%) in the 2050s and by ‐46% (‐56%)
in the 2090s under the A1B (A2) scenario. Consequently, the monthly SWE storage also
showed a substantial decline throughout the 21st century with the relative change in
September (month with largest SWE volume) equating to ‐50% (‐66%) under the A1B
(A2) emission scenario. Further, the SWE storage decreased during all four seasons at
elevations below 2000m. Above 2000m a moderate increase was projected for the 2050s
winter and spring seasons, while individual subensembles projected both a moderate
decrease and an increase in the 2090s. Regarding the ice volume inside the catchment, all
eight simulations showed a relatively monotonic decline across the 21st century resulting
in a residual volume of 0.37 km3 and 0.22 km3 under the A1B and A2 scenario,
respectively.
The relatively complex structure of the model chain allowed the contribution of individual
model components to the overall uncertainty to be examined. Regarding the seasonal
streamflow signal, GCM structure was identified as the main uncertainty component
(50‐60%) in the model cascade, followed by emission scenario (16‐44%), bias correction
(4‐18%), and snow model (3‐9%). While the uncertainty analysis identified the GCM and
the emission scenario as the main sources of uncertainty, it further showed that none of
the four uncertainty sources should be ignored and that their relative contributions can
vary seasonally.
To assess the potential impacts of climate change on the hydropower production of the
two major schemes, Clyde and Roxburgh, a hydropower model was externally coupled
with WaSiM. Towards the end of the 21st century, increases in annual hydropower
production (based on both schemes and the Maximum Capacity management) were
higher under A1B (6.1 to 8.0%) compared to A2 (1.7 to 2.6%). On the seasonal scale,
changes (mean of both schemes and under the Maximum Capacity management) were
more pronounced with substantial increases in hydropower production during winter
(29% under A1B and 31% under A2) and decreases in summer (‐17% under A1B and ‐
27% under A2). It was also shown that a shift in the frequency distribution towards high
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flow events during winter and spring resulted in large amounts of streamflow being
spilled. Especially under the A2 scenario daily flows exceeding the maximum capacity of
the hydropower schemes increased dramatically.
Finally, it can be concluded that a complex ensemble of hydrological projections has been
generated as part of this chapter, which allowed the fourth and last objective of this thesis
to be completed. The results are an important addition to the existing work in the domain
of the South Island and thought to be especially valuable to water users in the Clutha
catchment.
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This study constitutes the first study that used a fully distributed hydrological model
forced with RCM simulations to assess the potential impacts of climate change on the
water resources of a major New Zealand catchment. The preceding chapters
(2, 3, 4 and 5) represent the work packages that were required to realise the four main
research objectives, which were stated at the beginning of this thesis and which are
revisited as part of this final concluding synthesis:
Objective I: Generate realistic spatial estimates of air temperature and precipitation for
the historic period.
Objective II: Implement a fully distributed hydrological model (WaSiM) with robust
descriptions of the driving physical processes and with a representation of
the major water management components.
Objective III: Process an ensemble of RCM simulations using bias correction combined
with mass and energy conserving scaling techniques.
Objective IV: Force WaSiM with the downscaled RCM runs to create a range of
hydrological projections for the 21st century.
The following chapter now provides a summary and some conclusions to this body of
work.

6.1. Constructing robust estimates of the historic climatology
The first objective was to create realistic spatial estimates of the meteorological drivers
during the historic period with the main focus on the three key variables: Tmax, Tmin and
precipitation. Existing techniques were combined with novel elements to overcome
challenges such as sparse station networks and a high spatio‐temporal variability that is
inherent to the study domain. A general improvement is the cell size of the generated daily
fields, which at 1 km2 possess a substantially higher resolution than the existing VCSN
product (∼5 km2).
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A multilayer approach combining a trivariate thin‐plate spline and representative lapse
rates helped to considerably improve the level of accuracy from existing spatial estimates
(i.e. VCSN) of daily mean surface air temperature (average of Tmax and Tmin). For both
Tmax and Tmin, the thin‐plate spline interpolator was constrained to the vertical extent
of the long‐term station network (low elevations) to avoid unrealistic extrapolation.
Regarding Tmax, the use of fully distributed monthly lapse rate grids (generated by a
relative humidity based regression model) proved to be an efficient means to scale Tmax
in medium to high elevations, where long‐term temperature records were unavailable.
The accuracy (i.e. monthly bias and daily RMSE) of the resulting daily Tmax fields
constituted a substantial improvement over the existing VCSN product.
Regarding Tmin, a thorough preliminary analysis revealed that the continuous station
network, of which most sites are located at the bottom of intermontane valleys, is strongly
affected by the process of cold air pooling. As a direct result, inverted temperature
gradients in the lower troposphere were found to be the norm in the central and upper
parts of the catchment. The Tmin model was specifically constructed to account for these
processes and involved a multilayer model consisting of a thin‐plate spline base layer, an
inversion layer and negative monthly lapse rates for medium to higher elevations. While
the validation of the daily Tmin fields showed only minor improvements (at the majority
of sites) over the VCSN product, it more explicitly modelled some of the dominant
processes that control Tmin and exposed some of the key mechanisms. To further improve
the accuracy of the Tmin fields, future work could incorporate a dynamic inversion depth
and explore the effect of synoptic conditions on inversion and lapse rate processes.
It was shown here that a realistic representation of temperature gradients in both the
horizontal and vertical dimensions combined with a statistical interpolator (i.e. thin‐plate
spline) can be an effective means of generating spatial estimates of air temperature in
alpine regions with sparse station networks. The findings of this study are thought to
possess some useful implications for alpine catchments in temperate climate zones both
inside and outside of New Zealand.
The work on precipitation in the Clutha catchment involved the approximation of the
actual water balance (based on observed streamflow and modelled ET) for the
watersheds of several flow gauges throughout the catchment. First, all precipitation
records were undercatch corrected using the empirical approach as described in Yang et
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al. (1998). For the interpolation a similar approach as used by Tait et al. (2006) was
adopted involving a trivariate thin‐plate spline and a 30‐year rainfall normal surface. The
use of flow records situated in the headwaters of the catchment revealed inaccuracies in
the original normal surface with mostly positive errors in the subcatchments of the upper
Clutha. A correction factor grid was constructed, which proved to be a pragmatic and
efficient means to modify the original rainfall normal surface, and therefore helped to
substantially reduce the water balance error when using the thin‐plate spline in
combination with the adjusted surface.
The main differences between the old and the new normal surface are a substantial
reduction in orographic precipitation within the Shotover basin, an increase in
precipitation in the spillover zone of the Dart River (upper Kawarau basin) and less
precipitation in the remaining tributaries of Lake Wakatipu. A more general finding
associated with the dramatic reduction of the positive bias in the Shotover is that the
terrain on the leeward side of the divide seems to have a substantially smaller effect on
the elevation‐based precipitation intensity as indicated by the original rainfall normal
surface.
It was further demonstrated that even relatively short records that are located within the
heavy precipitation zone on the downwind side of the main divide are an invaluable data
source for climatological and hydrological modelling. This was exemplified by
withholding the record with the highest annual totals (Young River or P‐O1; Figure 2.12,
2.13) from the interpolation, which resulted in a dramatic decrease in performance at the
nearby independent Brewster site (RMSE increased by 46%). The highly valuable P‐O1
record was thus extended with a linear regression model based on two nearby weather
stations at Makarora (P‐N44 and P‐O3) to cover the entire 20‐year period.
The fields resulting from the thin‐plate spline in combination with the adjusted
precipitation surface allowed for a realistic simulation of the long‐term water balance at
all flow sites throughout the catchment. Considering that only one site (Brewster) was
available for the point based validation, which revealed a relatively low RMSE value in the
heavy rainfall area along the main divide, further validation of the performance of the
daily fields in other parts of the catchment should be attempted in the future.
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Wind speed was interpolated using an elevation‐based trivariate thin‐plate spline, while
the two remaining variables (relative humidity and solar radiation) that are based on the
corresponding VCSN data sets were bilinearly interpolated to the 1 km2 target grid. The
validation using the independent Brewster site revealed relatively large errors for all
three variables. As the Brewster site is in an isolated location close to the main divide, the
accuracy of the fields is expected to be higher inside the Clutha catchment, where the
station network is denser. In order to improve the accuracy of the generated fields, future
work could explore the potential of incorporating topographic effects into the
interpolation techniques.

6.2. The implementation of a fully distributed hydrological model
The development of a fully distributed hydrological model comprising both robust
descriptions of the driving physical processes and a representation of the major water
management components was the second objective of this thesis. The resulting
implementation of the process oriented hydrological model WaSiM (Schulla, 2012) for the
Clutha encompasses a major effort in terms of parameterisation, systematic calibration
and the description of the main water management components of New Zealand’s largest
catchment. An extensive parameterisation was carried out amalgamating remotely
sensed data with documented terrestrial observations to classify the different types of
land cover and soil. The remaining parameters of the individual submodels were then
successively calibrated combining auto‐calibration and manual optimization steps. The
performance of the model (WaSiM‐Anderson and WaSiM‐Tindex) during the calibration
(4 years) and the considerably longer validation period (up to 16 years) for both monthly
and daily time steps points to a very robust representation of the key hydrological
processes throughout the catchment. In particular the long‐term (16 years) daily flows at
Chards Rd (NSE = 0.87) and Lake Wanaka outlet (NSE = 0.87), which together account for
approximately 71% of the streamflow at Balclutha, were modelled with an accuracy that
is at this point in time unprecedented in the domain of the South Island.
This is the first time that a glacier model was used as part of a larger scale hydrological
modelling study within New Zealand. A validation using estimates of Willsman (2011)
indicated a realistic approximation of the annual glacier volume between 1994 and 2010.
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Regarding seasonal snow, the use of two different snowmelt routines allowed the
contribution of this particular process to the overall model performance to be isolated.
Interestingly, both models performed very similarly for daily and monthly streamflow.
Larger differences became apparent for the historic regime, which was found to be
approximated more realistically by the Anderson snow model. A considerable
underestimation (overestimation) of the snow storage during autumn (summer) was
found to be the likeliest explanation for the lower performance of the simple Tindex
model. The seasonal radiation melt factor and the partitioning of melt into individual
fractions (i.e. melt by radiation, sensible heat, latent heat and energy by precipitation) are
thought to be the main reasons for the superior performance of the Anderson model
(compared to the Tindex model) in terms of reproducing the historic regimes across the
Clutha catchment. Future work could involve a more direct validation of the modelled
snow pack via remotely sensed snow cover products. A suitable option would be the
MOD10 snow product, which was successfully used by Sirguey et al. (2009) to inform a
snowmelt runoff model in the Waitaki basin, located to the north‐east of the Clutha basin.
This modelling effort is also the first to model the major water management components
of the Clutha catchment. The WaSiM internal reservoir model was used to approximate
the managed outflow at Lake Hawea outlet. The actual operational management is highly
complex and the daily operation is controlled by many factors such as electricity price,
demand and forecasts. Here, only the main flow constraints were considered and the
reservoir model was set up with a primary focus to accurately reflect the historic regime.
While the latter was successfully reproduced by the model, the performance for monthly
outflows was rather limited (NSEmo = 0.41). Irrigation was modelled in a pragmatic and
conceptual way by extracting officially reported water takes (Otago Regional Council,
2008) from five different zones. For the zones in the upper Clutha constant flow rates
were abstracted from the main river network rather than from smaller tributaries. This
simplification was deemed necessary as no detailed information about the individual
irrigation schemes and their volumetric takes was accessible.
An external hydropower model was developed that computes daily hydropower
generation (using modelled streamflow as input) for the two largest hydroelectric
schemes inside the catchment, Clyde and Roxburgh. The actual production over a 10‐year
period was simulated realistically by the hydropower model with relative errors not
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exceeding ±2.5%. This first attempt in modelling the main management components in
the Clutha catchment is expected to serve as an important benchmark for future
modelling studies that may involve more complex representations of water management.
Future work could involve the implementation of the actual irrigation module that is
available in WaSiM. However, detailed information on the volumetric takes and detailed
locations of the individual irrigation schemes would be an essential requirement to make
that feasible. Regarding the Lake Hawea reservoir, a more complex management model
could be developed that integrates the various drivers affecting the operational
management of the weir.

6.3. A model framework for the processing of RCM simulations
As part of the third objective, eight RCM simulations were successfully bias corrected and
downscaled to the hydrological model grid. The RCM simulations (obtained from NIWA),
which were based on four GCMs and two emission scenarios (A1B and A2), where
processed using the MATLAB based tool BIKLIM (J. Schmid, Ludwig‐Maximilians‐
University, personal communication). Quantile mapping and linear transformation were
used to bias correct the RCM simulations resulting in 16 climate projections.
New downscaling techniques were incorporated in BIKLIM as the use of the existing
approaches, which involve constant lapse rates (for air temperature and precipitation),
would have constituted a contradiction with the findings from the historic climate
analysis in Chapter 2. Accordingly, for air temperature a similar multilayer monthly lapse
rate model as described in Sections 2.2.3.2.1‐2.2.3.2.2 was implemented. This allowed the
observed spatial and monthly variability of temperature gradients to be accounted for
within the downscaling step. For precipitation, the topographic scaling approach of Frueh
et al. (2006) was adopted.
As the downscaling techniques compromise the conservation of mass and energy,
additional correction steps as proposed by Marke (2011) were used to correct any mass
or energy mismatch. The approach uses conservative aggregation and disaggregation
routines to eliminate the mass (or energy) error between the RCM (~27 km) and the
target grid (1 km). For the mass correction (i.e. precipitation), the existing routines
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required some modification to ensure a realistic partitioning of mass at the RCM cells that
intersect with the catchment boundary (in particular along the main divide). Therefore,
the use of a catchment mass correction factor grid allowed the historic proportion
between catchment internal and external precipitation to be preserved.
Under the A1B (A2) scenario, mean temperature was projected to increase by 1.51 and
2.80°C (1.55 and 3.49°C), for the 2050s and 2090s, respectively. Regarding precipitation,
moderate increases under the A1B (A2) scenario ranged from 9 to 16% (from 7 to 16%),
for the 2050s and 2090s, respectively. While the seasonal temperature signal was
relatively uniform, the precipitation signal showed a pronounced seasonal variation with
the most extreme changes projected for the 2090s winter period (25 to 76%). It is
important to note that these increases are considerably higher than the signal of the
statistically downscaled projections used in the existing studies (Poyck et al., 2011;
Gawith et al., 2012). This difference is mostly due to the combined effect of using a
different downscaling approach (i.e. RCM), including a higher emission scenario in the
ensemble, and the use of different bias correction methods (i.e. quantile mapping and
linear transformation). The range of future changes in precipitation (particularly for
winter) that was generated here, should serve as a new benchmark for future studies.
Considering the relatively small number of RCM simulations used in this study, the
“complete” range of potential future changes in precipitation needs to be assessed further.

6.4. Ensemble based hydrological projections for the Clutha
The fourth and last objective was accomplished by forcing two WaSiM versions (only
differing in their snowmelt routine) with the processed and downscaled RCM simulations.
Driving WaSiM‐Anderson and WaSiM‐Tindex with the 16 climate simulations resulted in
a total of 32 hydrological projections.
The hydrological impacts largely reflected the projected changes in the climate forcings.
For both future periods the ensemble mean showed a decrease in monthly streamflow
from December to March and an increase from May to October. These changes became
drastically enhanced in the 2090s period and became most pronounced during winter.
The most extreme increase of any month was projected for August with an overall
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ensemble mean change of 334 m3 s‐1 (∼66%) at Balclutha. Especially during winter, it was
found that the relative increases were not uniform across the catchment and showed a
distinct north‐west to south‐east gradient with the highest increase along the main divide
(The Hillocks 99%). This is an important finding and shows how the combined effects of
increased winter precipitation and a reduced SWE storage can amplify the positive
streamflow signal in the headwaters of the catchment. Regarding the annual water
balance, positive changes in ET were overwhelmed by increases in precipitation in the
upper Clutha, which consequently resulted in an increase in annual streamflow. However,
in the historically drier parts of the central and lower catchment, positive changes in ET
became increasingly pronounced over the 21st century, which eventually led to reductions
in annual flow, as exemplified for the Manuherikia at Ophir.
From the natural storages only the snow and the glacier storage showed significant
changes in comparison to the baseline period. Under the A1B (A2) scenario the relative
change in the SWE storage during September (month with largest SWE volume) equated
to ‐21% (‐31%) and ‐50% (‐66%), for the 2050s and 2090s, respectively. The proportion
of snowmelt on runoff at the catchment outlet (Balclutha) declined from 14.8 to 11.4%
(10.6%) under the A1B (A2) emission scenario for the 2050s period. For the 2090s period
the emission scenario dependent changes became more pronounced when the proportion
of snowmelt was reduced to 8.0% (A1B) and 6.5% (A2). In 2099, the glacier volume had
shrunk by 89 and 93% (compared to the ensemble average in 2011) under the A1B and
A2 emission scenarios, respectively.
In addition to the hydro‐climatic impacts that were investigated in this study, potential
implications for water management were also considered. Regarding irrigation takes, no
shortages occurred within the irrigation zones of the upper Clutha. However, as
mentioned earlier, shortages for individual schemes in the upper catchment, where water
takes stem from small tributaries, cannot be foreclosed since the accumulated takes of
these irrigation zones were taken from the main river network (i.e. upper Clutha,
Kawarau). With regard to the Manuherikia subcatchment, considerable reductions in
irrigation takes were projected reaching 33% (34%) in the 2090s irrigation season under
the A1B (A2) scenario. It is important to note that minimum flows were not considered in
this study and therefore the Manuherikia at Ophir could potentially run dry during the
historical and the future periods. Consequently, future constraints (i.e. allocation limits
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and minimum flows) that might be imposed as part of the ORC Water Plan 6, which will
come into effect in 2021, would further reduce the amount of abstractable water. Thus,
water takes from the main river network (i.e. Clutha) combined with a complex
distribution system might be the only option to provide sufficient irrigation supply under
late 21st century climate change.
The ensemble approach enabled the relative contribution of the individual model
components to the overall uncertainty associated with the hydrological projections to be
quantified. For the first time in New Zealand some of the key uncertainty sources were
explored coherently, consisting of the following: selection of emission scenario, GCM, bias
correction method and snow model approach. The uncertainty in the projected seasonal
streamflow signals was largely composed by the GCM structure (relative contribution of
50‐60%) and the selection of the emission scenario (16‐44%). Bias correction was also
important (4‐18%), while the snow model was identified as the smallest contributor (3‐
9%).
While bias correction was identified as the third largest contributor to the overall
uncertainty, it became the second most important source of uncertainty (surpassing the
emission scenario) during winter. The larger spread induced by bias correction during
winter stemmed from the amplified precipitation signal when using the quantile mapping
approach. As stated by Gobiet et al. (2015) the enhanced signal does not necessarily
constitute a weakness of the quantile mapping technique and might actually represent the
“true” signal that was falsified by RCM internal frequency dependent model errors. Future
work should try to explicitly analyse New Zealand’s RCM for such errors.
The use of two different snowmelt routines allowed the contribution of this particular
process to the overall uncertainty to be isolated. Although comparatively small, the
contribution of the snow model to the overall uncertainty was still noticeable and had the
strongest effect on the streamflow signal during winter (9%) and summer (7%).
This constitutes the first study where the potential impacts of climate change on the
hydropower production of the Clutha River were explicitly modelled. The external
hydropower model was run for two different management scenarios (Best Fit and
Maximum Capacity). Under both scenarios, hydropower generation increased
considerably in winter and spring, and decreased in summer (no significant change in
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autumn). Despite increases in annual streamflow, annual production levels showed
relatively little change. Changes in the frequency of daily discharge were found to be the
main cause for this paradox relationship between changes in streamflow and
hydropower. A pronounced shift towards more high flow events (particularly during
winter and spring) exceeding the maximum capacity of the hydro schemes (Clyde and
Roxburgh) resulted in a substantial increase in spill water. Thus, during winter and spring
considerable amounts of spill water that could be used to mitigate the decrease in
electricity production during summer are being wasted. With a potentially countercyclical
electricity demand (less in winter and more in summer) in the future (Renwick et al.,
2010) the current management might have to undergo dramatic changes. While the dam
at Hawea would allow some of the winter flow to be redistributed towards summer, the
majority of flow would still come from the outflows of Lake Wakatipu and Lake Wanaka.
As these are uncontrolled lakes no measures would exist to counter the climate change
induced shift towards higher flows at both the daily and monthly scale that were projected
for winter and early spring.

6.5. Major achievements and future work
The model chain that was built as part of this thesis with existing and new elements to
force a physically motivated hydrological model with RCM simulations can be regarded
as an important contribution to the existing body of climate change impact studies in the
domain of the South Island. As most existing studies are based on similar model
frameworks and concepts (i.e. the meteorological VCSN fields, the hydrological model
TopNet and statistically downscaled GCM simulations) the independent and novel (in a
national context) approach used in this study offers the potential for numerous follow up
studies including model intercomparisons and complex ensemble studies. As
demonstrated for the snowmelt component, the choice of an individual process
description can have a noticeable impact on the climate change signal. To explore the role
of other hydrological key processes in the context of climate change projections and the
associated uncertainty, additional versions of WaSiM could be implemented. Of particular
interest would be the use of alternative PET methods (e.g. Hamon, 1963) and soil models
(WaSiM offers a TOPMODEL based approach). The existing subensemble consisting of two
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snowmelt routines could be augmented with a physically based energy balance approach,
which is implemented in the latest version of WaSiM (Schulla, 2015), to further explore
the uncertainty associated with the melt process.
The uncertainty stemming from the precipitation signal (especially during winter) in the
upper Clutha catchment should be the focus of future studies. Combining the limited
number of RCM simulations with sophisticated statistical techniques (i.e. the EPIC1
approach as described in Tait et al., 2016) could help to generate a more complex
ensemble (large enough for the use of probability density functions) and more fully
explore the uncertainty range associated with the precipitation signal. Finally, testing and
applying this hydro‐climatic model framework in other major catchments of New Zealand
would be the logical next step to further explore the potential impacts of climate change
on the country’s freshwater resources.

1

Ensemble Projections Incorporating Climate model uncertainty, see also http://ccii.org.nz/research‐
aims/ra1/
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Combining thin-plate spline interpolation with a lapse rate
model to produce daily air temperature estimates in a
data-sparse alpine catchment
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ABSTRACT: Insufficient availability of weather stations recording air temperature is a common problem in many alpine
regions. The low station density combined with the high variability of air temperature means that interpolated fields based
on simple or more complex interpolation techniques are unlikely to be representative of the real patterns of air temperature.
In this study, a novel method was developed to tackle this problem, following initial investigation of lapse rate variability in
the study domain: the alpine Clutha catchment, New Zealand. Owing to a series of complexities in lapse rate variability, a
multi-layer approach was adopted to produce 1 km2 daily fields of maximum (Tmax) and minimum air temperature (Tmin).
The first layer of the Tmax and Tmin models was calculated using a trivariate thin-plate spline, which was constrained to the
elevations of the continuous network to avoid unrealistic extrapolation. To compensate for missing continuous high elevation
records, two lapse rate models were implemented to scale air temperature above the first layer. The two lapse rate models
were based on the dominant processes driving lapse rate variation, which were found to be cold air ponding (Tmin) and spatial
differences in relative humidity (Tmax). Independent station records were used to assess accuracy and compare the resultant
fields to an existing product (the Virtual Climate Station Network) and a more conventional method based on a bivariate spline
and a constant lapse rate. The validation revealed that the new methods developed here have led to a substantial improvement
in producing spatial estimates of Tmax, with a mean root mean square error (RMSE) of 2.38 ∘ C, while progress in regard to
Tmin was more limited (mean RMSE of 2.93 ∘ C). As such, this work demonstrates that inclusion of the driving processes
controlling lapse rates in interpolation routines can lead to improvements in accuracy.
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1.

Introduction

In alpine regions, robust spatial estimates of air temperature are required for environmental modelling studies.
Largely due to the complex terrain, surface air temperature possesses a high degree of temporal and spatial variability (Valéry et al., 2010), which necessitates sufficient
station coverage in both the horizontal and vertical dimensions. However, several studies have highlighted the fact
that alpine regions tend to have sparse climate station networks, with most sites being located in intermontane valleys (Rolland, 2003; Stahl et al., 2006). Consequently the
production of realistic climate fields in data sparse alpine
regions is a challenging task.
A popular approach to model air temperature change
with height in an alpine environment is the assumption
of a fixed lapse rate (Singh et al., 2006; Anderson et al.,
2010; Petersen et al., 2013). The latter is commonly
described as the environmental lapse rate (ELR), with

* Correspondence to: A. M. Jobst, Department of Geography, University of Otago, PO Box 56, Dunedin 9016, New Zealand. E-mail:
andreas.jobst@otago.ac.nz
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a vertical gradient of −6.5 ∘ C km−1 (Barry and Chorley,
1987). Multiple studies have emphasized the temporal
variability of near surface lapse rates on daily, monthly
and seasonal time scales (Rolland, 2003; Blandford et al.,
2008), which makes the usability of a constant value such
as the ELR questionable.
Instead of a constant lapse rate, representative lapse rates
grouped by month (Stahl et al., 2006) or season (Tait and
Macara, 2014) can be used to scale air temperature with
height. To better represent variation in space, a series of
relatively complex geostatistical interpolation techniques
have been used. Some commonly used methods include
regression-kriging and trivariate thin-plate splines, which
are regarded as superior to two dimensional interpolation
procedures such as inverse distance weighting, as they
can incorporate an additional covariate (e.g. elevation)
(Boer et al., 2001). A number of studies have successfully
used thin-plate splines to interpolate daily (Jarvis and Stuart, 2001; Hutchinson et al., 2009; Sirguey et al., 2009),
monthly (Hutchinson, 1991; Yan et al., 2005) and annual
air temperature (Hancock and Hutchinson, 2006).
The effective choice of an interpolation technique should
largely be dependent on the data availability in the region
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of interest. In the absence of sufficient high elevation
data, more complex models (e.g. multiple linear regression
models) can be outperformed using specified lapse rates
because the regression based gradients may not be representative (Stahl et al., 2006). In order to derive representative lapse rates, a sufficient elevation range between the
sites is essential to reduce the effect of local topographic
and topoclimatic effects (Li et al., 2015). For example,
inversion processes can weaken the relationship between
air temperature and elevation (Kattel et al., 2013), causing different gradients for sites located on valley bottoms
and sites situated on slopes (Rolland, 2003). It is argued
here that the skill of even more complex geostatistical techniques (kriging or thin-plate splines) in producing realistic estimates of air temperature at higher altitudes is also
rather limited if high elevation observations are sparse.
The performance of different air temperature prediction
methods, including simple lapse rate-based models and
more complex geostatistical techniques have been tested
in several studies (e.g. Bolstad et al., 1998; Stahl et al.,
2006). However the potential of combining a geostatistical interpolator (e.g. trivariate thin-plate spline) with
estimated lapse rates representative of the regionally
prevailing intra-annual and spatial patterns of temperature
gradients has not yet been fully explored. This potential
methodological advance is investigated here using a novel
combination of a trivariate thin-plate spline (TS) with two
different representative lapse rate models, with the aim of
improving spatial and temporal estimates of daily maximum and minimum air temperature (Tmax and Tmin) for
a large data-sparse alpine catchment in the South Island of
New Zealand, the Clutha/Mata-Au. The water resources of
this catchment are important to the regional economy, with
the main types of use being hydropower and irrigation.
Four of the country’s most frequented ski fields are also
located inside the catchment. As such, there is a critical
need for a robust understanding of the drivers of water
resource availability in the Clutha. However, relatively
few studies have investigated the driving climatological
(Barringer, 1989; Cullen et al., 2012) and hydrological
(Kienzle and Schmidt, 2008; Poyck et al., 2011; Gawith
et al., 2012) processes inside the catchment. Among other
variables, realistic estimates of surface air temperature
are needed for the Clutha catchment at a sufficient spatial
and temporal resolution so that its water resources can be
more fully investigated under current and future climate
conditions.
The paper is divided into the following sections. Sections
2 and 3 contain the description of the study domain and the
meteorological data used in this study. Section 4 (Methods)
consists of two parts, first the variation of observed temperature is investigated across the domain and representative
lapse rates are estimated. In the second part, the developed
interpolation techniques (TS and lapse rate models) for
Tmax and Tmin are presented. Section 5 evaluates the
resultant daily grids using independent climate records
and compares their accuracy with an existing product
(Virtual Climate Station Network, VCSN, Tait, 2008) as
well as an alternative approach based on a bivariate spline
© 2016 Royal Meteorological Society
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and a constant lapse rate. The results are then discussed
(Section 6) and the conclusions follow in Section 7.

2.

Site description

The Clutha/Mata-Au is the largest catchment (21 680 km2 )
in New Zealand and is situated in the lower half of the
South Island, extending eastwards from the Southern Alps
(Figure 1). It has the highest average discharge of any river
in New Zealand (approximately 570 m3 s−1 ) and drains 6%
of the South Island’s water (Murray, 1975). The glaciated
area is approximately 147 km2 (Chinn, 2001) and 32.3%
of the land area is at elevations greater than 1000 m (10%
>1500 m and 0.8% >2000 m). The role of seasonal snow
is important with a relative contribution of snowmelt to
annual discharge of 11% for the entire catchment, while
the proportion of melt is thought to be substantially higher
for both the spring period and headwater subcatchments
(Poyck et al., 2011).
The climate of the South Island is largely controlled
by the circumpolar westerly windbelt (Sturman et al.,
1999). The main divide of the Southern Alps rises steeply
between 25 and 45 km off the west coast, with orographic
uplift contributing to the variability of regional weather
and climate. As a consequence, precipitation reaches very
high annual totals of approximately 12 m near the main
divide (Henderson and Thompson, 1999). East of the
main divide (i.e. into the Clutha catchment) precipitation
totals drop sharply only reaching 0.7 m at Queenstown
Aero weather station located approximately 60 km from
the main divide. However, strong westerly transmountain
winds can cause large amounts of precipitation to spill
over the main divide and into the catchments on the
leeward side (Sinclair et al., 1997).

3.

Data sources

Daily maximum and minimum air temperature data (Tmax
and Tmin) were obtained where available for a 24-year
period (1 January 1990 to 27 January 2014) from a number of sources: The National Institute of Water and Atmospheric Research (NIWA), New Zealand Avalanche Centre
(NZAC), the Otago Regional Council (ORC) and Cullen
and Conway (2015) (Table 2). The study period was
defined based on the compromise between data availability
and maximizing temporal coverage.
The NIWA records (N sites; Table 1) can be classified as
standard air temperature data, with detailed sensor and site
descriptions available in NIWA’s official climate database
(http://cliflo.niwa.co.nz). These records constitute the only
continuous long-term records in the catchment, and have
a peak station elevation within the catchment of 375 m.
Three more recently established NIWA sites (H sites;
Table 2) are located at elevations above 1000 m (part of
NIWA’s high elevation Snow & Ice Monitoring Network
(SIN; Hendrikx and Harper, 2014)). A fourth site next to
Brewster Glacier (H4; Table 2) provides a further high elevation record from 2010 onwards (Cullen and Conway,
Int. J. Climatol. 37: 214–229 (2017)
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Figure 1. Map of the catchment boundary and the weather stations used in this study, grouped by authority: NIWA (N), NIWA SIN (H), NZAC (S),
ORC (G) and AWS at Brewster Glacier (H4). The alpine fault line is shown as red dashed line. The projection of the reference grid is New Zealand
Transverse Mercator 2000.

2015). The records provided by ORC are all part of the
temporary Grow Otago network (with limited information available on: http://cliflo.niwa.co.nz), which operated
between 2000 and 2003 and covers medium-to-high elevations (G sites; Table 2). The seven NZAC stations (S
sites; Table 2) lack official site and sensor information,
and operate during the May–October winter season only,
but constitute the only long-term high-elevation records in
the study domain. The uneven distribution of sites from
all sources across the domain can be seen in Figure 1,
where most sites are located in intermontane valleys of
the central part of the catchment. No long-term records
exist for the north-western part of the catchment, with only
two sites (H1 and H4) located within the proximity of
the main divide. Additionally, relative humidity (RH) data
were obtained from Metservice for the sites N3 and N17.
Beside weather station observations NIWA produces
daily climate fields for a number of variables (Tmax, Tmin,
© 2016 Royal Meteorological Society

precipitation, RH, solar radiation and wind speed) on a
0.05∘ grid known as the VCSN. The VCSN fields cover
the whole of New Zealand and have provided input to several environmental modelling studies (Poyck et al., 2011;
Srinivasan et al., 2011; Zammit and Woods, 2011; Gawith et al., 2012; Kerr, 2013). In this study VCSN data for
the following variables have been used: Tmax (Tait, 2008),
Tmin (Tait, 2008) and RH. The Tmax and Tmin fields are
the result of a TS interpolation of NIWA’s weather station
network based on the three independent variables latitude,
longitude and elevation. The VCSN’s Tmax and Tmin data
were used as a benchmark for validation of the air temperature fields generated here. The RH product of the VCSN
is based on the same TS as air temperature, except that a
30-year rainfall normal surface was used instead of elevation (A. Tait, NIWA, personal communication). The RH
fields were incorporated into the interpolation technique
described in Section 4.2.1.
Int. J. Climatol. 37: 214–229 (2017)
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Table 1. Long-term air temperature records operated by NIWA.
Station
Dunedin Aero AWS
Milford Sound
Milford Sound Aws
Haast Aws
Balclutha Finegand
Balclutha Telford EWS
Ettrick No.2
Gore AWS
Alexandra
Roxburgh Wxt AWS
Clyde 2 EWS
Tapanui
Lumsden Aws
Cromwell 2
Cromwell Ews
Ophir 2
Queenstown
Wanaka Aero Aws
Queenstown Aero Aws
Eglinton, Knobs Flat Cws
Lauder
Tara Hills AWS

ID

Elevation (m)

N1
N2
N3
N4
N5
N6
N7
N8
N9
N10
N11
N12
N13
N14
N15
N16
N17
N18
N19
N20
N21
N22

1
3
3
5
6
11
91
123
150
160
170
180
187
213
213
305
329
352
354
365
375
488

Start date

End date

24 November 1991
01 January 1990
19 July 2000
19 January 1990
01 January 1990
16 December 2005
01 January 1990
01 January 1990
05 January 1990
14 May2010
16 June 1996
01 January 1990
01 January 1990
01 January 1990
07 April 2006
01 March 1993
01 January 1990
07 May 1992
20 June 1991
14 August 2009
01 January 1990
09 January 1990

27 January 2014
27 January 2014
30 July 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
27 January 2014
31 July 2007
27 January 2014
27 January 2014
30 July 2014
27 January 2014
27 January 2014
04 October 2013
27 January 2014
27 January 2014

Data were obtained from NIWA’s CLIFLO database between 1 January 1990 and 27 January 2014. For N3 and N17 the record was extended until
30 July 2014 to maximize the time period for the calculation of lapse rates.

4. Methods
The methods section is structured in two main parts: First,
the methodology of an initial analysis is described (Section
4.1), supported by results showing the dominant spatial
pattern of air temperature in the domain (Section 4.1.1)
and the estimated monthly lapse rates (Section 4.1.2).
Second, the interpolation methods for Tmax and Tmin are
presented (Section 4.2) based on the findings from Section
4.1.
4.1. Identification of representative lapse rates
For the common data period (i.e. June–October) of the
years 2010–2013 daily air temperature measurements
(Tmax and Tmin) of all N, H and S sites were averaged
and plotted against elevation. Via these routines, general
patterns of temperature change with height were identified, together with potential biases at individual stations
and topography-related effects such as cold air ponding.
In order to include the horizontal distribution of the sites
in the analysis, the Euclidean distance was calculated
between the sites and the alpine fault line (Figure 1), a
more or less linear feature between the main divide and
the west coast. Daily lapse rates (𝜆) were then calculated
based on suitable valley-peak station pairs (maximum horizontal distance 30 km) and their mutual data periods for
Tmax and Tmin, respectively, as:
)
(
Tt − T b
(1)
𝜆= (
)
Et − Eb
where T t is the daily air temperature of the top site and T b
the daily air temperature of the bottom site. Accordingly Et
and Eb correspond to the elevations of the top and bottom
© 2016 Royal Meteorological Society

stations. Tmax and Tmin lapse rates were then grouped
by months for the selected station combinations. In order
to further investigate observed differences between calculated maritime and inland lapse rates, linear regression
models based on lapse rates and RH were developed for
Tmax and Tmin, respectively.
4.1.1. Variation of observed air temperature with
elevation
For Tmax observations the frequently cited standard ELR
(−6.5 ∘ C km−1 ) is close to the lapse rate of best fit (LRBF )
(−6.8 ∘ C km−1 ) (Figure 2(a)). However, a steeper gradient
than the LRBF would be required to align with some of the
inland high elevation sites (S7, S6, S5), while sites closer to
the west coast (S1, S2, S3, H1, H3) would align better with
a shallower lapse rate. At site H4, situated just west of the
main divide, the maritime effect is masked by the nearby
Brewster Glacier, causing a lower average temperature.
With regard to minimum air temperature, stations of
similar elevation are generally grouped more closely and
stations below 1800 m do not follow any pattern related to
their coastal proximity (Figure 2(b)). In contrast to Tmax,
the LRBF for Tmin does not resemble the ELR, showing a
substantially shallower gradient (−4.3 ∘ C km−1 ). Some of
the low elevation sites have an average temperature similar
to some of the inland high elevation sites (S7, S1 and H1).
A likely explanation for this distribution is the effect of
cold air ponding resulting in a relatively low Tmin for most
N sites. Since most of the N sites are located further inland
than the higher elevation sites, the effect of continentality,
which is known to encourage lower Tmin in comparison
with Tmax, is assumed to be also partly responsible.
Int. J. Climatol. 37: 214–229 (2017)
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Table 2. Temperature sites (by authority) used for validation and calculation of lapse rates.
Authority

Station

ID

NIWA (SIN)

Albert Burn AWS
Mt Larkins AWS
Mt Castle EWS
Brewster Glacier AWS

H1
H2
H3
H4

1280
1900
2000
1650

Fully
Semi
Lapse rate
Fully

01 February 2008
16 May 2013
15 April 2011
25 June 2010

27 January 2014
30 July 2014
30 July 2014
10 April 2013

2188
257
1203
1021

S1
S2
S3
S4
S5
S6
S7
G1
G2
G3
G4
G5
G6
G7
G8
G9
G10
G11
G12
G13
G14
G15
G16
G17
G18
G19
G20

1250
1750
1952
1575
1640
1640
1216
1409
249
310
400
412
500
557
678
695
762
764
300
348
391
417
450
516
684
857
663

Fully
Fully
Fully
Fully
Fully
Semi
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Fully
Semi
Semi
Semi
Semi
Semi
Semi
Semi
Fully

21 June 2001
09 July 2005
11 July 2006
25 July 2004
27 June 2001
15 June 2000
21 May 2001
14 July 2000
15 August 2000
31 July 2002
29 February 2000
31 July 2002
01 February 2001
31 July 2002
31 July 2002
14 July 2000
15 August 2000
15 August 2000
18 February 2000
15 August 2000
30 April 2002
31 July 2002
30 April 2002
30 April 2002
15 August 2000
31 July 2002
31 July 2002

21 September 2013
28 September 2013
27 September 2013
27 September 2013
04 October 2013
03 October 2013
28 September 2013
19 June 2001
12 May 2001
04 August 2003
13 May 2002
04 August 2003
09 April 2002
04 August 2003
04 August 2003
19 June 2001
11 May 2001
11 May 2001
16 April 2002
11 May 2001
10 May 2003
05 August 2003
06 May 2003
06 May 2003
13 May 2001
05 August 2003
05 August 2003

863
684
466
363
956
1208
1181
341
266
370
777
370
433
370
370
341
263
263
776
265
376
371
347
372
267
314
371

Cullen and
Conway (2015)
NZAC
Treble Cone base
Treble Cone topsix
Treble Cone topquad
Coronet top
Cardrona top
Remarkables base
Coronet base
ORC
Grow Leaning Rock
Badman
Mcrae
Huff07
Mathewson
Watson
Scurr
Perriam
Waldron
Hawkdun shady
Hawkdun sunny
Huff
Paterson (Bald)
Davis
Jardine
Mac Millan
Burdon
Paterson (Halfway)
Dagg
Burdon2

Elevation (m) Independent Start date

End date

Data points

Sites are either fully independent (validation only), semi independent (lapse rate and validation) or only used to derive lapse rates. Data authorities
are: National Institute of Water and Atmospheric Research (NIWA), Otago Regional Council (ORC), The New Zealand Avalanche Centre (NZAC).

4.1.2.

Representative lapse rates

Based solely on the NIWA network (N and H) the low
number of high elevation sites combined with the relatively low station density of valley sites resulted in just
two station combinations that were suited for the calculation of lapse rates. The station pair located in the central
part of the upper catchment is constituted by Queenstown
(N17) and Mount Larkins (H2). Representing maritime
conditions at an approximate distance of 25 km to the
west of the catchment boundary, Milford (N3) and Castle Mount (H3), were selected as the second pair. The
monthly Tmax lapse rates of the maritime sites (N3-H3)
are consistently shallower compared to the inland pair
(N17-H2) with an average difference of −2.6 ∘ C km−1
(Figure 3(a)). The difference is strongest during summer
months but is still substantial during winter. In order to
get a better estimate of the long-term Tmax lapse rates
inland, additional high elevation data from the NZAC site
S6 were used. For the interpolation techniques described
in Section 4.2.1, weighted (by number of data points)
monthly averages of N17-S6 and N17-H2 were chosen to
represent inland (INLAND-LRmax ) and N3-H3 to represent maritime lapse rate conditions (MARITIME-LRmax )
(Figure 3(a)).
© 2016 Royal Meteorological Society

Compared to Tmax, the seasonal cycle of maritime
(N3-H3) and inland (N17-H2) Tmin lapse rates is less
pronounced and the two regimes are relatively similar
(Figure 3(a)). It is also quite obvious that the inland regime
of the Tmin rates is a lot shallower than Tmax, which
is likely caused by the frequent formation of temperature inversions in the central part of the catchment. This
was further investigated by combining the N sites with
the G network during the 2000–2003 mutual data period
(Table 2), resulting in six suitable pairs (with a relatively
small horizontal distance). As expected the monthly Tmin
lapse rates in this altitudinal zone (250–860 m) indicate
strong inversions during winter and weaker inversions during summer (Figure 3(b)). In order to identify Tmin lapse
rates that are not predominantly influenced by inversion
processes, two pairs (S7-S5 and G18-G1) with relatively
high bottom sites, were selected to calculate Tmin rates
above the inversion zone. For the Tmin model (described
in Section 4.2.2) the lapse rates influenced by inversion
processes were averaged, resulting in the representative
monthly lapse rates of the inversion zone (INV-LRmin ).
In addition the representative high elevation Tmin rates
(TOP-LRmin ) (Figure 3(b)) were composed of the S7-S5
rates during winter (June to August) and of the overall
Int. J. Climatol. 37: 214–229 (2017)
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b

Figure 2. Average air temperature of N, H and S sites during their mutual data period June - October (2010 – 2013) versus elevation for (a) maximum
and (b) minimum temperature. Data points are coloured with respect to their distance to the alpine fault line (as an indicator for coastal proximity).
The Environmental Lapse Rate (ELR) (−6.5 ∘ C km−1 ) and the Lapse Rate of best fit are added for comparison.

average of G18-G1 and S7-S5 (−6.7 ∘ C km−1 ) during the
remaining months.
In order to investigate the potential control of RH on
the maritime and inland lapse rates, daily and monthly
RH data measured at the two valley sites (N17 and N3)
were regressed against the corresponding Tmax and Tmin
lapse rates (Table 3). The regression was based either
on lapse rate and RH data at the same site or on the
differences of the two variables between the maritime and
inland pair (N3-H3–N17-H2). For Tmax at the inland
pair, statistically significant relationships were found for
monthly (Figure 4(a)) as well as daily (Figure 4(b)) data
and slightly weaker relationships at the maritime pair
(Table 3). When regressing differences between maritime
(N3) and inland (N17) RH values with differences in Tmax
lapse rates (N3-H3–N17-H2) the relationship was found
to be moderate (statistically significant) at the daily (0.39)
and monthly (0.43) time scale. The variability in Tmax
lapse rates at both sites can thus partially be explained by
© 2016 Royal Meteorological Society

differences in RH. All of the equivalent Tmin lapse rate
R2 values were lower and not statistically significant at the
daily timescale.
4.2.

Interpolation methods for Tmax and Tmin

In the following section, the interpolation methods for
Tmax and Tmin are presented. In order to produce daily
estimates at a horizontal resolution of 1 km2 for both variables from 1 January 1990 to 27 January 2014, a TS was
combined with the monthly lapse rates identified in the
previous section. The 1-km resolution was considered an
adequate compromise between a sufficient spatial resolution and an acceptable processing time. Results based
on numerous environmental modelling studies support the
assumption that 1 km is an appropriate resolution for meteorological fields in alpine regions (Jasper et al., 2006;
Mauser and Bach, 2009; Herrnegger et al., 2012). Vertical
layers were defined across the domain, where the lowest
Int. J. Climatol. 37: 214–229 (2017)
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a

b

Figure 3. (a) The monthly Tmax lapse rates, that are incorporated in the interpolation routines are displayed as thick continuous lines, representing
the average maritime and inland lapse rate regimes. The inland lapse rates are based on the weighted average of the N17-H2 and N17-S6 pairs,
which are also plotted separately. For comparison the Tmin lapse rates corresponding to N17-H2 and N3-H3 are also shown. (b) The boxplots are
based on the monthly Tmin lapse rates of six station pairs located in an elevation range where inversions are dominant. The red dashed line is the
mean inversion rate of the six pairs and the blue line is the mean rate above the inversion zone. Both lapse rate regimes were incorporated in the
interpolation approach of Tmin. It should be noted that the y-axis has a larger range than the y-axis in Figure 3a.

layer is computed by the TS and higher layer(s) by the representative lapse rate(s) of a particular month.
The TS is based on the independent variables latitude,
longitude and elevation, and was implemented following Sirguey et al. (2009). The TS uses a digital elevation
model (DEM) as a third variable, allowing construction of
spatially varying elevation dependent gradients. Thus, for
© 2016 Royal Meteorological Society

each time step the TS applies the fitted coefficients, effectively representing the spatial variability of lapse rates, to
the regular elevation grid (Hutchinson et al., 2009). In this
study an approach using the TS for the entire elevation
range was not considered, as the continuous station network only covers the vertical range of 1–488 m (Table 1).
It was assumed that the low elevation network would not
Int. J. Climatol. 37: 214–229 (2017)
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Table 3. Regression models and their R2 values based on lapse rates (Tmax or Tmin) and relative humidity (RH) data (16 May
2013–1 July 2014).
Variables

Sites

Time

R2

Tmax-RH
Tmax-RH
Tmax-RH
Tmax-RH
Tmax-RH
Tmax-RH
Tmin-RH
Tmin-RH
Tmin-RH
Tmin-RH
Tmin-RH
Tmin-RH

N17-H2
N3-H3
N3-H3 - N17-H2
N17-H2
N3-H3
N3-H3 - N17-H2
N17-H2
N3-H3
N3-H3 - N17-H2
N17-H2
N3-H3
N3-H3 - N17-H2

Month
Month
Month
Daily
Daily
Daily
Month
Month
Month
Daily
Daily
Daily

0.65
0.59
0.43
0.31
0.24
0.39
0.34
0.00
0.21
0.14
0.08
0.01

p Value
2.90E-04
8.97E-04
7.61E-03
1.64E-34
2.99E-24
2.33E-42
2.22E-02
9.56E-01
8.76E-02
4.47E-15
1.63E-08
9.72E-02

x1
0.11381
0.11789
0.10545
0.11288
0.07555
0.09834
0.08217
0.00200
0.06536
0.08531
0.04516
0.01076

intercept
−16.0310
−15.8720
0.6433
−15.8410
−12.1400
0.6175
−10.7760
−5.0950
−1.2332
−10.8940
−8.8112
−0.3768

Calculated for the maritime pair (N3-H3), the inland pair (N17-H2) and the difference between the two (N3-H3–N17-H2). Daily and monthly values
were used for Tmax and Tmin, respectively.

a

exist. Two distinct lapse rates models were developed to
scale air temperature above the TS layer, which are presented separately hereafter.
4.2.1.

b

Figure 4. Scatterplot of Tmax lapse rates (N17-H2) and relative humidity (N17) for (a) monthly and (b) daily data during the data period
16/5/2013–1/7/2014. The coefficient of determination and the regression
model are shown as well.

provide sufficient information for the TS to produce realistic estimates for high-altitude grid cells, based on the
analyses described in Section 4.1. Instead, the TS was constrained to an elevation layer where continuous station data
© 2016 Royal Meteorological Society

Tmax interpolation method

The first layer is based on the TS, and extends from 0 m
to a spatially variable upper boundary (VUB). The VUB
is the result of a bivariate spline interpolation dependent
on the elevation of the continuous weather stations (N
sites, Table 1). The highest site (N22 at 488 m) used in
the interpolation of the VUB lies outside the catchment
boundary (Figure 1), while the elevation of the highest site
inside the catchment is only 375 m (N21). Due to the lack
of sites in the upper part of the catchment, the interpolated
VUB reaches heights of up to 500 m in that area. In order
to get a better estimate of the optimal maximum height
of the VUB in the upper catchment, the upper limit was
further varied between 300 and 500 m in increments of
10 m. The independent site H1 (located in the highest area
of the VUB) was then used for an interim validation of the
interpolation results based on the varied maximum heights
of the VUB, with 450 m yielding the highest accuracy.
Consequently, for cells within the catchment boundaries,
the VUB used to constrain the TS varied from 9 m in
the lower catchment to 450 m in the upper catchment
(Figures 5(a) and 6).
The second layer extends beyond the VUB, with the
upper boundary corresponding to the cell values of the
DEM (Figure 5(a)). To account for the spatial variability
of maritime (MARITIME-LRmax ) and inland lapse rates
(INLAND-LRmax ) (Figure 3(a)), RH estimates were used
to determine spatial variation in lapse rates (based on the
RH–lapse rate relationship defined in Section 4.1.2). RH
data for this task were bilinearly interpolated from the
0.05∘ VCSN data set to a 1-km resolution and averaged
by month. For each month a linear function was then
developed, where the inland and maritime lapse rates
were associated with the RH values extracted for the
corresponding sites (N17 and N3). The main advantage
of this technique was that the inland and maritime lapse
Int. J. Climatol. 37: 214–229 (2017)
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a

b

Figure 5. Structure of the multilayer approach for (a) Tmax
(TS-LR-Tmax) and (b) Tmin (TS-LR-Tmin), showing the individual layers and their elevation ranges. Arrows indicate the dominant
temperature gradient in the individual layers: positive and negative (↕),
positive (↑), negative (↓). Boundaries are either constant or variable:
Variable Upper Boundary (VUB) and Variable Lower Boundary (VLB).

rates were not altered at the grid cells where they had been
physically measured. This was considered an important
criterion which would not have been met if one of the
regression models based on either the maritime or inland
regression (Table 3) had been used. Through this technique
lapse rate grids were created for each month (Figure 7),
which were multiplied for each cell with the corresponding
cell DEM height minus the VUB height to scale Tmax in
layer 2 (Figure 5(a)).
4.2.2.

Tmin interpolation method

The first layer of Tmin is computed as described for Tmax
(Section 4.2.1) using the TS. The same analytical process
was followed to find the optimal maximum height of the

VUB. A maximum elevation of 350 m resulted in the
highest accuracy for Tmin at site H1 (as opposed to 450 m
for Tmax) and was thus selected. Although there was
minimal apparent maritime influence on Tmin lapse rates
(Section 4.1, Figure 3(a)), the vertical structure of Tmin
across the domain was strongly influenced by inversion
processes (Figure 3(b)), substantially altering Tmin rates
of station pairs involving valley sites. To account for
these inversion processes a multilayer inversion model
was developed (Figure 5(b)) to scale Tmin above the
VUB of the TS. The model encompasses two layers (2
and 4) with negative lapse rates enclosing the inversion
layer (3), where positive lapse rates are predominant. After
Fitzharris et al. (1983), who conducted acoustic sounder
measurements in the central part of the catchment, the
average top height of the inversion layer was estimated to
be located at 540 m, which is used in this study as the upper
boundary of the inversion layer.
Inversion processes in intermontane valleys are often
linked to cold air ponding, where the cold air accumulates in the lowest parts of the valley. In theory, the lower
boundary of the inversion layer would align with the bottom height of an intermontane valley, where the lowest air
temperatures occur due to the process of cold air ponding. In the Clutha catchment, the elevation of the individual
valley floors varies substantially. To incorporate the varying minimum elevation of valley floors in the approach,
a variable inversion bottom grid was generated. Therefore, an algorithm to identify cold air pooling (CAP) cells
was run resulting in a boolean grid of CAP and regular
grid cells (Figure 8). The algorithm is based on downstream variations of the topographic amplification factor
and described in detail by Lundquist et al. (2008). The
whole catchment was then divided in 29 subcatchments
using the topographic routing tool Tanalys (Schulla, 2012)
and the lowest elevation value of each subcatchment was
assigned to its enclosed CAP cells. A bivariate spline was

Figure 6. Three dimensional plot of the Variable Upper Boundary (VUB) of the Tmax model. The surface was fitted to the elevation of the continuous
low elevation NIWA network (black points) using a bivariate spline. The VUB was further constrained to an upper limit of 450 m by an iterative
interim validation using the high elevation site H1 (red triangle). The VUB used for Tmin is almost identical with the only difference being the upper
limit of 350 m.
© 2016 Royal Meteorological Society
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Figure 7. The distributed Tmax lapse rate grid for March inside the study domain. A linear function based on monthly RH and lapse rate values
extracted from the corresponding inland and maritime pairs was used to produce the monthly lapse rate grids.

then run to interpolate between the heights of the CAP cells
resulting in a continuous variable lower boundary (VLB)
of the inversion layer.
The inversion layer (3) is enclosed by layers 2 and 4,
where TOP-LRmin gradients are effective. While the use of
TOP-LRmin lapse rates for the high elevation layer (layer
4) should be rather obvious, the use of these rates for a
layer located between the VUB and the inversion layer
might not seem self-explanatory. For 56% of all grid cells
the VUB of the TS is higher or as high as the VLB of the
inversion layer (3), eliminating layer 2. However, for the
remaining grid cells a gap may occur between both layers
(1 and 3), resulting in layer 2. Layer 2 exists predominantly in the higher parts of the catchment’s headwaters
and has a mean vertical extent of 85 m. Scaling Tmin in
layer 2 with TOP-LRmin was assumed to produce a better
approximation of Tmin at the cold valley bottom cells than
© 2016 Royal Meteorological Society

applying the INV-LRmin rates used in layer 3. In other
words, the negative monthly lapse rates of TOP-LRmin
were used alternatively to the positive INV-LRmin rates to
more realistically simulate the expected lower Tmin at the
bottom of high altitude valleys.
4.2.3.

Alternative interpolation methods

To allow for a comparison between the methods described
in Sections 4.2.1 and 4.2.2 with a more commonly used
method, another set of daily estimates of Tmax and Tmin
was produced involving a bivariate spline and a constant
lapse rate (McKenney et al., 2001; Sirguey et al., 2009;
Tait and Macara, 2014). For this approach measurements
of the continuous climate sites (Table 1) were adjusted
to sea level using a fixed lapse rate of −6.5 ∘ C km−1
(ELR). Then a bivariate spline (BS) was used to interpolate
Int. J. Climatol. 37: 214–229 (2017)
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Figure 8. Map showing the Cold Air Ponding (CAP) cells and the temperature network by authority: NIWA (N), NIWA SIN (H), NZAC (S), ORC
(G) and AWS at Brewster Glacier (H4). The CAP cells were modelled using the CAP algorithm after Lundquist et al. (2008).

between the adjusted observations producing the horizontal distribution of Tmax and Tmin. Air temperature was
then scaled according to elevation using the ELR. This
technique is referred to as BS-ELR.
To specifically investigate the advantage of using
spatially distributed Tmax lapse rates as opposed to
the more commonly used spatially constant monthly
lapse rates (Stahl et al., 2006; Gao et al., 2012), two
modified versions of the method described in Section
4.2.1 were also developed. These independent products
involved scaling Tmax above the VUB using either
the spatially constant inland (INLAND-LRmax ) or maritime lapse rates (MARITIME-LRmax ) across the study
domain, further referred to as TS-LR-INLAND-Tmax and
TS-LR-MARITIME-Tmax.
© 2016 Royal Meteorological Society

5. Results
In this section the accuracy of the interpolation techniques
is assessed for the daily Tmax, Tmin and mean temperature
(Tmean) fields. The individual techniques and the corresponding abbreviations are listed below:
• Trivariate thin-plate spline and monthly Tmax lapse rate
model (TS-LR-Tmax), as described in Section 4.2.1
• Trivariate thin-plate spline and monthly Tmin lapse rate
model (TS-LR-Tmin), as described in Section 4.2.2
• Bivariate thin-plate spline and constant lapse rate (BSELR), as described in Section 4.2.3
• Trivariate spline and spatially constant monthly
inland (TS-LR-INLAND-Tmax) or maritime (TS-LRInt. J. Climatol. 37: 214–229 (2017)
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Table 4. Validation matrix, showing RMSE values of the three products: TS-LR, BS-ELR and VCSN.
ID
H1
H4
H2
S1
S2
S3
S7
S4
S5
S6
G1
G2-G19
All

Elevation
(m)

Tmax
TS-LR

BS-ELR

VCSN

Tmin
TS-LR

BS-ELR

VCSN

Tmean
TS-LR

BS-ELR

VCSN

1280
1650
1900
1250
1750
1952
1216
1575
1640
1640
1409
249-857
–

2.46
2.82
2.44
2.59
3.39
3.08
2.67
2.75
3.41
3.33
2.44
1.47
2.38

3.33
4.18
5.36
2.81
3.70
3.24
2.56
3.22
4.05
3.90
3.71
1.51
2.87

4.40
6.80
3.47
5.58
6.73
4.22
5.00
6.14
4.97
8.19
3.67
4.62

2.12
3.30
3.11
2.64
3.35
3.18
2.94
3.87
3.35
4.26
3.62
2.60
2.93

2.74
4.83
4.13
3.90
4.88
4.69
4.58
5.87
5.41
6.46
5.49
3.06
4.08

2.16
2.73
2.78
3.82
4.65
2.36
2.85
3.88
3.35
3.76
2.69
2.91

1.75
2.27
2.20
2.01
2.90
2.54
1.95
2.78
2.68
3.22
2.35
1.54
2.02

2.51
2.74
3.43
2.68
3.69
3.34
2.43
3.84
3.55
4.36
2.84
1.66
2.55

2.78
3.94
2.57
4.39
5.12
2.68
3.28
4.56
3.58
5.48
2.53
3.12

The VCSN product was only available until February 2013, while TS-LR and BS-ELR were validated from 18 February 2000 to 27 January 2014
(for exact station availability see Table 2). The mean RMSE based on the data points of all sites (All) is also included. For each station and variable
(Tmax, Tmin and Tmean) the lowest RMSE is marked as bold.

MARITIME-Tmax) Tmax lapse rates, as described in
Section 4.2.3
• Tmax and Tmin data of the VCSN (Tait, 2008) based on
a trivariate thin-plate spline, as described in Section 3.
A total of 11 high (>1000 m) and 18 low elevation
(<1000 m) records (Table 2) were included for the
validation. Apart from fully independent records, the
sites that were used for the estimation of representative
monthly lapse rates were also included and are marked as
semi-independent validation sites. These records provide
coverage over the majority of the vertical distribution of
the catchment. Before the validation was carried out, the
DEM was corrected based on the actual elevation of the
weather stations. This correction step could not be carried
out for the VCSN, as it is an existing product, making a
post correction of the DEM used for the interpolation of
the VCSN fields impossible. This may introduce a small
amount of uncertainty in the comparison of the VCSN to
the fields generated in this study.
In regard to Tmax, TS-LR-Tmax clearly outperforms
BS-ELR and the VCSN, with substantially lower root
mean square error (RMSE) values at all sites but S7
(Table 4). TS-LR-Tmax RMSE values range between 2.44
and 3.39 ∘ C at the high elevation sites, while RMSEs for
the VCSN are high at all sites, with the largest error at
site G1 (8.19 ∘ C). Considering the low elevation sites only
(G2-G19), both TS-LR-Tmax and BS-ELR show a high
level of accuracy (RMSEs of 1.47 and 1.51 ∘ C), which
again is substantially better than that of the VCSN (RMSE
of 3.67 ∘ C).
The error assessment for Tmin shows that BS-ELR has
the largest errors for both low and high elevation sites
(Table 4). TS-LR-Tmin and VCSN possess a comparable skill in approximating Tmin. For certain high elevation
sites (H4, S7, S4, S6) the VCSN has lower RMSEs values
than the TS-LR-Tmin. The G sites are located in an altitudinal zone (249–857 m) where inversion processes are
expected to be most dominant and therefore particularly
© 2016 Royal Meteorological Society

suitable to assess the performance of the inversion model
of TS-LR-Tmin. While the latter has the highest overall
accuracy at these sites (Table 4), the RMSE (2.60) is still
relatively high, probably due to the large spatial and temporal variability of inversion strength and depth across the
domain. When Tmax and Tmin are averaged (Tmean),
the comparison of the three estimates clearly identifies
TS-LR-Tmean as the field with the highest accuracy. For
most sites (e.g. H1 1.75 ∘ C) the RMSE is further reduced
compared to Tmax or Tmin, where errors in both fields
have cancelled each other out.
Site H1 (Albert Burn) has the longest high elevation
record (6 years) in the study domain and offers the only
air temperature record in the upper headwaters (Figure 1).
Due to its proximity to the main divide the site is ideal for
the validation of the generated fields. Figure 9 shows the
annual course of the mean monthly bias (Tmax and Tmin)
at H1 for the individual interpolation methods. Compared
to the other methods TS-LR has the smallest monthly
bias for both Tmax and Tmin. The bias of TS-LR varies
seasonally, with a higher bias during the winter months
(June–October), but at no point exceeding ±1 ∘ C. The
bias of the VCSN remains within ±1 ∘ C between May
and August, but becomes increasingly positive during the
remaining months. The VCSN warm bias is particularly
strong for Tmax and reaches a maximum (+3.7 ∘ C) in
February. In contrast to the VCSN, BS-ELR consistently
underestimates Tmax and Tmin at H1, with the bias ranging between −0.8 and −2.5 ∘ C.
In order to investigate the effect of spatially distributed
Tmax rates on the accuracy of the Tmax fields, the
monthly bias of the alternative fields with spatially constant monthly lapse rates (TS-LR-INLAND-Tmax and
TS-LR-MARITIME-Tmax) is also plotted in Figure 9.
The shallow lapse rates (TS-LR-MARITIME-Tmax)
result in a moderate warm bias (RMSE of 2.63 ∘ C), while
the steeper inland rates (TS-LR-INLAND-Tmax) cause a
more pronounced cold bias (RMSE of 2.82 ∘ C). It becomes
evident that the incorporation of distributed monthly lapse
Int. J. Climatol. 37: 214–229 (2017)
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Figure 9. Mean monthly bias (Tmax and Tmin) at site H1 (1/2/2008
- 27/1/2014) for the individual interpolation products: Trivariate
thin-plate spline and monthly Tmax lapse rate model (TS-LR-Tmax),
Trivariate thin-plate spline and monthly Tmin lapse rate model
(TS-LR-Tmin), Bivariate thin-plate spline and constant lapse rate
(BS-ELR-Tmax & BS-ELR-Tmin), Trivariate thin-plate spline and spatially constant monthly inland (TS-LR-INLAND-Tmax) or maritime
(TS-LR-MARITIME-Tmax) Tmax lapse rates, Tmax and Tmin data of
the VCSN (VCSN-Tmax & VCSN-Tmin).

rates (TS-LR-Tmax) results in a substantially smaller bias
at H1, demonstrating that the RH-based lapse rate pattern
produces a more representative estimate of the locally
dominant Tmax gradient. The only exception occurs in
winter, where TS-LR-MARITIME-Tmax has a smaller
bias than TS-LR-Tmax. This is potentially caused by
inaccuracies in the lapse rate grids during these months
or by winter inversions persisting throughout the day
and therefore affecting Tmax. In case of the latter, the
shallower lapse rates TS-LR-MARITIME-Tmax would be
more representative of the real conditions than the steeper
TS-LR-Tmax rates.

6.

Discussion

Spatial and temporal variations in lapse rates for Tmax
and Tmin were investigated in detail for the Clutha
catchment using a combination of conventional climate
records (NIWA) augmented by unofficial (NZAC) and
short-duration (ORC) records. The results of this initial
investigation were used to inform the development of a
novel methodology for interpolation of Tmax and Tmin
across the catchment, with resultant fields comparing
favourably to existing (and more conventional) methods.
The seasonal pattern of the estimated Tmax lapse
rates of steep inland and shallower maritime gradients
(Figure 3(a)) agrees well with the results found in the
northern hemisphere: European Alps (Rolland, 2003),
Scottish Highlands (Coll et al., 2010), British Columbia
(Stahl et al., 2006) and Idaho (Blandford et al., 2008).
Stahl et al. (2006) also found that lapse rates calculated
for a maritime pair were generally shallower compared
© 2016 Royal Meteorological Society

to inland lapse rates. However, the maritime lapse rates
in their study showed a different seasonal pattern than
all of the inland regimes, which was not observed in this
study. Here differences in RH were identified as a major
driver for the spatial variability of Tmax lapse rates. This
is further supported by findings of Pepin et al. (1999),
showing that lapse rates are generally shallower in regions
with higher water vapour content in the surrounding
atmosphere.
In this study the steepest inland Tmax lapse rate was
observed during the month of December and averaged
−10 ∘ C km−1 , which corresponds to the dry adiabatic lapse
rate (Brunt, 1933). Due to the lack of alternative high
elevation data the long-term validity of this rather extreme
value could not be further investigated. However, Liley
and Forgan (2009) found that aerosol optical depths, which
have a positive correlation with RH (Ranjan et al., 2007),
are very low in the central part of the catchment, indicating
an extremely dry atmosphere. Compared to Tmax, the
monthly Tmin rates were consistently shallower, which
agrees well with findings from other studies (Rolland,
2003; Stahl et al., 2006; Blandford et al., 2008). Here cold
air ponding was identified as the driving process, which
has been reported for various alpine catchments around the
world during wintertime (Zhong et al., 2001).
The results of Norton (1985) include estimates of
seasonally representative lapse rates (Tmax and Tmin)
based on approximately 350 weather stations (average
elevation 183 m) across New Zealand. The Norton (1985)
seasonal Tmax lapse rates (valid for elevations >300 m)
range between −6.5 and −7.1 ∘ C km−1 , with an average
of −6.7 ∘ C km−1 , which equals the average of the maritime (N3-H3, −5.4 ∘ C km−1 ) and inland pair (N17-H2,
−8 ∘ C km−1 ). Thus, the Norton (1985) seasonal Tmax
lapse rates seem to describe the average Tmax gradient
across the study domain realistically, but they do not
capture the entire magnitude of the annual regime or its
spatial variability.
The Norton (1985) Tmin rates average to −3.6 ∘ C km−1
and are substantially shallower than both the maritime N3-H3 (−4.8 ∘ C km−1 ) and inland pair N17-H2
(−5.4 ∘ C km−1 ) of this study. A likely explanation for this
difference is the very strong bias of the national station
network before 1985 towards lower elevations. Consequently, the seasonal Tmin gradients of Norton (1985) are
likely affected by inversion processes, distorting the ‘true’
lapse rate representative outside the inversion zone, which
was found to be −6.7 ∘ C km−1 in this study. Hence both
the maritime and inland lapse rates (using low elevation
bottom sites) of this study are also influenced by inversion
processes, but to a smaller extent. The effectively used
monthly Tmin lapse rates (averaging to −6.7 ∘ C km−1 )
are solely based on higher elevation (S7-S5 and G18-G1)
inland measurements and could potentially vary across
the domain. However, no station pair where the lower
site would have been unaffected by cold air ponding was
found in proximity to the west coast or the main divide. As
a result, the Tmin rates could not be spatially distributed
(unlike the Tmax gradients).
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The novel combination of a trivariate thin-plate spline
and distributed monthly lapse rate grids, TS-LR-Tmax, has
proven to be an effective approach to realistically model
daily Tmax in the data-sparse alpine Clutha catchment
(Table 4). The approach maximizes the use of available
continuous temperature data and compensates for missing
continuous high elevation records with lapse rate grids.
The lapse rate patterns were produced using RH data
(VCSN) and are essentially rooted in the basic principle of dry and wet adiabatic conditions. In regard to the
validation procedure the commonly used cross-validation
was not applied, due to the lack of continuous high elevation data and the associated bias of the station network
towards low elevations. As an alternative, independent
records with a relatively large horizontal and vertical
extent (249–1900 m) were used for the error assessment
(Table 4). The novel approach (TS-LR-Tmax) clearly
outperformed both the alternative method based on a
bivariate thin-plate spline combined with a constant lapse
rate (BS-ELR) and the VCSN (which uses a trivariate
thin-plate spline to extrapolate from the continuous station
network). The validation revealed a strong warm bias in
the VCSN, as shown in existing findings (Tait and Macara,
2014). The validation of daily Tmax fields based on the
TS-LR-Tmax approach indicates a dramatic improvement
over the existing VCSN product in the domain of the
Clutha catchment and the headwaters in particular, as indicated by the independent record at site H1 (Figure 9,
Table 4).
The multi-layer Tmin model (TS-LR-Tmin) introduced here combines a trivariate thin-plate spline with a
multi-layer lapse rate model. The multi-layer approach
accounts for inversion processes in the intermontane
valleys of the catchment and uses monthly gradients unaffected by cold air ponding for higher elevations, making
the latter more suitable to scale Tmin above the inversion
layer. The validation based on sites below 1000 m resulted
in a higher accuracy for TS-LR-Tmin than that for both
BS-ELR and the VCSN. However, RMSE values in that
zone are still relatively high, especially when compared to
the performance of the TS-LR for Tmax.
The relatively short records combined with the strong
spatial and interannual variability of inversion strengths is
a clear limiting factor for the accuracy of the Tmin field.
Another limitation of the Tmin model is the assumption of
a constant inversion height (540 m). For higher elevations,
RMSE values are in a similar range for TS-LR-Tmin and
the VCSN. The errors of the VCSN are substantially lower
for Tmin compared to Tmax and its skill in extrapolating
Tmin (>1000 m) is as good as the multi-layer lapse rate
model (TS-LR-Tmin). The elevation-dependent trivariate
thin-plate spline (used for the VCSN) seems to extrapolate
Tmin more realistically from the continuous (mostly low
elevation) sites than for Tmax. It is difficult to explain
the better (worse) performance of the VCSN for Tmin
(Tmax) without detailed information on which stations
were used as input for the interpolation. In the BS-ELR
model inversion processes are ignored, which causes a
pronounced cold bias and large RMSE values at all sites.
© 2016 Royal Meteorological Society
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Potential further development of the TS-LR-Tmin model
could include grouping Tmin lapse rates by synoptic patterns instead of months and the use of remotely sensed
cloud cover data to analyse the spatial variability and
height of the inversion layer. In the current approach,
the inversion layer is temporally constant and does not
account for variable inversion depths. However, as it has
been shown by long-term radiosonde records in the interior region of Alaska (Bourne et al., 2010), inversion depth
can vary greatly on monthly and daily scales, making it an
important parameter that could be included in an inversion
model.

7.

Conclusions

In the complex terrain of the study domain, mid-to-high
elevation records of air temperature unaffected by topographic processes such as cold air ponding were found to
be essential for the development and validation of robust
interpolation techniques. In particular, lapse rates involving records measured at valley bottoms were shown to
be inadequate for scaling Tmin in the higher atmosphere
(>1000 m). Even relatively short records at mid-to-high
elevations constitute an invaluable data source for the
development of scaling techniques and their validation.
Owing to its topographic complexity, coastal proximity and the presence of substantial climatic gradients, the
study region of the Clutha catchment is considered an ideal
test-bed for the developed interpolation techniques. Based
on the findings presented here, studies in regions with complex terrain and sparse data networks should first of all
investigate the respective dominant processes controlling
the spatial distribution of Tmax (e.g. coastal proximity)
and Tmin (e.g. cold air ponding). A thorough initial investigation of the available records is recommended for the
identification and selection of station pairs used for the calculation of lapse rates. Including a basic model of the driving physical processes controlling air temperature lapse
rates in the interpolation routine can lead to substantial
improvements in the accuracy compared to interpolations
solely based on low elevation sites or a constant lapse rate
(e.g. ELR). The inclusion of dynamic components may
also be useful, for example the implementation of a variable inversion depth dependent on synoptic weather patterns, or lapse rates grouped by weather type. The resulting
improvements in the estimation of spatial and temporal
variations in air temperature will be of substantial benefit
for subsequent environmental modelling studies.

Acknowledgements
We would like to thank a number of authorities who provided the climate data used in this study. The National
Institute of Water and Atmospheric Research (NIWA) for
the continuous low elevation data and the high elevation
Snow & Ice Monitoring Network (SIN). The VCSN temperature and RH data were obtained from Christian Zammit (NIWA). Gordon Smith at the New Zealand Avalanche
Int. J. Climatol. 37: 214–229 (2017)

228

A. M. JOBST et al.

Centre for the high elevation data, which were recorded
as part of the INFOEX system for recording weather,
snowpack, and avalanche observations. We are grateful to
the Otago Regional Council (ORC) for the Grow Otago
datasets. Hourly relative humidity data were kindly provided by Robert Hamilton at MetService (New Zealand).
The aggregated DEM data is based on the original 25-m
grid obtained from Landcare Research New Zealand. This
study was funded by a University of Otago Doctoral
Scholarship.

References
Anderson B, Mackintosh A, Stumm D, George L, Kerr T,
Winter-Billington A, Fitzsimons S. 2010. Climate sensitivity of
a high-precipitation glacier in New Zealand. J. Glaciol. 56: 114–128,
doi: 10.3189/002214310791190929.
Barringer JRF. 1989. A variable lapse rate snowline model for the
Remarkables, Central Otago, New Zealand. J. Hydrol. N. Z. 28:
32–46.
Barry RG, Chorley RJ. 1987. Atmosphere, Weather and Climate, 5th edn.
Methuen, London and New York, 460 pp.
Blandford TR, Humes KS, Harshburger BJ, Moore BC, Walden VP,
Ye H. 2008. Seasonal and synoptic variations in near-surface air
temperature lapse rates in a mountainous basin. J. Appl. Meteorol.
Climatol. 47: 249–261, doi: 10.1175/2007jamc1565.1.
Boer EPJ, de Beurs KM, Hartkamp AD. 2001. Kriging and thin plate
splines for mapping climate variables. Int. J. Appl. Earth Obs. Geoinf.
2001: 146–154.
Bolstad PV, Swift L, Collins F, Régnière J. 1998. Measured and predicted air temperatures at basin to regional scales in the southern
Appalachian mountains. Agric. For. Meteorol. 91: 161–176, doi:
10.1016/S0168-1923(98)00076-8.
Bourne SM, Bhatt US, Zhang J, Thoman R. 2010. Surface-based temperature inversions in Alaska from a climate perspective. Atmos. Res.
95: 353–366, doi: 10.1016/j.atmosres.2009.09.013.
Brunt D. 1933. The adiabatic lapse-rate for dry and saturated air. Q. J.
R. Meteorol. Soc. 59: 351–360.
Chinn TJ. 2001. Distribution of the glacial water resources of New
Zealand. J. Hydrol. N. Z. 40: 139–187.
Coll J, Gibb SW, Price MF, McClatchey J, Harrison J. 2010. Developing
site scale projections of climate change in the Scottish Highlands.
Clim. Res. 45: 71–85, doi: 10.3354/cr00958.
Cullen NJ, Conway JP, Zawar-Reza P, Spronken-Smith RA. 2012.
Further assessment of the atmospheric controls on night-time air
pollution dispersion in Alexandra, Central Otago, New Zealand from
idealized modelling experiments. Air Qual. Clim. Change 46: 29–36.
Cullen NJ, Conway JP. 2015. A 22-month record of surface meteorology
and energy balance from the ablation zone of Brewster Glacier, New
Zealand. J. Glaciol. 61: 931–946, doi: 10.3189/2015JoG15J004.
Fitzharris BB, Turner A, McKinley W. 1983. Cold season inversion
frequencies as measured by acoustic sounder in the Cromwell basin.
N. Z. J. Sci. 26: 307–313.
Gao L, Bernhardt M, Schulz K. 2012. Elevation correction of era-interim
temperature data in complex terrain. Hydrol. Earth Syst. Sci. 16:
4661–4673, doi: 10.5194/hess-16-4661-2012.
Gawith D, Kingston DG, McMillan H. 2012. The effects of climate
change on runoff in the Lindis and Matukituki catchments, Otago,
New Zealand. J. Hydrol. N. Z. 51: 121–135.
Hancock PA, Hutchinson MF. 2006. Spatial interpolation of large climate data sets using bivariate thin plate smoothing splines. Environ.
Model. Softw. 21: 1684–1694, doi: 10.1016/j.envsoft.2005.08.005.
Henderson RD, Thompson SM. 1999. Extreme rainfalls in the Southern
Alps of New Zealand. J. Hydrol. N. Z. 38: 309–330.
Hendrikx J, Harper A. 2014. Development of a national snow and
ice monitoring network for New Zealand. J. Hydrol. N. Z. 52:
83–95.
Herrnegger M, Nachtnebel HP, Haiden T. 2012. Evapotranspiration in
high alpine catchments – an important part of the water balance!.
Hydrol. Res. 43: 460–475, doi: 10.2166/nh.2012.132.
Hutchinson MF. 1991. The application of thin plate smoothing splines
to continent-wide data assimilation. BMRC Research Report No. 27,
Jasper JD (ed.). Data Assimilation Systems, Bureau of Meteorology,
Melbourne, 104–113.
© 2016 Royal Meteorological Society

Hutchinson MF, McKenney DW, Lawrence K, Pedlar JH, Hopkinson
RF, Milewska E, Papadopol P. 2009. Development and testing of
Canada-wide interpolated spatial models of daily minimum-maximum
temperature and precipitation for 1961–2003. J. Appl. Meteorol. Climatol. 48: 725–741, doi: 10.1175/2008JAMC1979.1.
Jarvis CH, Stuart N. 2001. A comparison among strategies of interpolating maximum and minimum daily air temperatures. Part I: the
selection of “guiding” topographic and land cover variables. J. Appl.
Meteorol. 40: 1060–1074.
Jasper K, Calanca P, Fuhrer J. 2006. Changes in summertime soil water
patterns in complex terrain due to climatic change. J. Hydrol. 327:
550–563, doi: 10.1016/j.jhydrol.2005.11.061.
Kattel DB, Yao T, Yang K, Tian L, Yang G, Joswiak D. 2013. Temperature lapse rate in complex mountain terrain on the southern slope
of the central Himalayas. Theor. Appl. Climatol. 113: 671–682, doi:
10.1007/s00704-012-0816-6.
Kerr T. 2013. The contribution of snowmelt to the rivers of the South
Island, New Zealand. J. Hydrol. N. Z. 52: 61–82.
Kienzle SW, Schmidt J. 2008. Hydrological impacts of irrigated agriculture in the Manuherikia catchment, Otago, New Zealand. J. Hydrol. N.
Z. 47: 67–83.
Li Y, Zeng Z, Zhao L, Piao S. 2015. Spatial patterns of climatological temperature lapse rate in Mainland China: a multi-time
scale investigation. J. Geophys. Res. Atmos. 120: 2661–2675, doi:
10.1002/2014JD022978.
Liley JB, Forgan BW. 2009. Aerosol optical depth over Lauder, New
Zealand. Geophys. Res. Lett. 36: L07811.
Lundquist JD, Pepin N, Rochford C. 2008. Automated algorithm for
mapping regions of cold-air pooling in complex terrain. J. Geophys.
Res. Atmos. 113: D22107, doi: 10.1029/2008jd009879.
Mauser W, Bach H. 2009. Promet – large scale distributed hydrological modelling to study the impact of climate change on the
water flows of mountain watersheds. J. Hydrol. 376: 362–377, doi:
10.1016/j.jhydrol.2009.07.046.
McKenney DW, Hutchinson MF, Kesteven JL, Venier LA. 2001.
Canada’s plant hardiness zones revisited using modern climate
interpolation techniques. Can. J. Plant Sci. 81: 129–143.
Murray DL. 1975. Regional hydrology of the Clutha River. J. Hydrol. N.
Z. 14: 83–98.
Norton DA. 1985. A multivariate technique for estimating New Zealand
temperature normals. Weather Clim. 5: 64–74.
Pepin N, Benham D, Taylor K. 1999. Modeling lapse rates in the maritime uplands of Northern England: implications for climate change.
Arct. Antarct. Alp. Res. 31: 151–164, doi: 10.2307/1552603.
Petersen L, Pellicciotti F, Juszak I, Carenzo M, Brock B. 2013. Suitability of a constant air temperature lapse rate over an Alpine glacier:
testing the Greuell and Böhm model as an alternative. Ann. Glaciol.
54: 120–130, doi: 10.3189/2013AoG63A477.
Poyck S, Hendrikx J, McMillan H, Hreinsson EÖ, Woods R. 2011.
Combined snow and streamflow modelling to estimate impacts of
climate change on water resources in the Clutha River, New Zealand.
J. Hydrol. N. Z. 50: 293–312, doi: 10.1007/s00704-012-0711-1.
Ranjan RR, Ganguly ND, Joshi HP, Iyer KN. 2007. Study of aerosol
optical depth and precipitable water vapour content at Rajkot,
a tropical semi-arid station. Indian J. Radio Space Phys. 36:
27–32.
Rolland C. 2003. Spatial and seasonal variations of air temperature lapse rates in Alpine regions. J. Clim. 16: 1032–1046, doi:
10.1175/1520-0442(2003)016<1032:sasvoa>2.0.co;2.
Schulla J. 2012. Model Description WaSiM. Technical Report, 305 pp.
http://wasim.ch (accessed 10 June 2013).
Sinclair MR, Wratt DS, Henderson RD, Gray WR. 1997. Factors affecting the distribution and spillover of precipitation in the southern Alps
of New Zealand – a case study. J. Appl. Meteorol. 36: 428–442.
Singh P, Arora M, Goel NK. 2006. Effect of climate change on runoff
of a glacierized Himalayan basin. Hydrol. Processes 20: 1979–1992,
doi: 10.1002/hyp.5991.
Sirguey P, Mathieu R, Arnaud Y. 2009. Subpixel monitoring of the seasonal snow cover with MODIS at 250 m spatial resolution in the Southern Alps of New Zealand: methodology and accuracy assessment.
Remote Sens. Environ. 113: 160–181, doi: 10.1016/j.rse.2008.09.008.
Srinivasan MS, Schmidt J, Poyck S, Hreinsson E. 2011. Irrigation
reliability under climate change scenarios: a modeling investigation in
a river-based irrigation scheme in New Zealand. J. Am. Water Resour.
Assoc. 47: 1261–1274, doi: 10.1111/j.1752-1688.2011.00568.x.
Stahl K, Moore RD, Floyer JA, Asplin MG, McKendry IG. 2006.
Comparison of approaches for spatial interpolation of daily air temperature in a large region with complex topography and highly
Int. J. Climatol. 37: 214–229 (2017)

COMBINING THIN-PLATE SPLINE INTERPOLATION WITH A LAPSE RATE MODEL
variable station density. Agric. For. Meteorol. 139: 224–236, doi:
10.1016/j.agrformet.2006.07.004.
Sturman AP, McGowan AH, Spronken-Smith AR. 1999. Mesoscale and
local climates in New Zealand. Prog. Phys. Geogr. 23: 611–635.
Tait AB. 2008. Future projections of growing degree days and frost in
New Zealand and some implications for grape growing. Weather Clim.
28: 17–36.
Tait AB, Macara G. 2014. Evaluation of interpolated daily temperature
data for high elevation areas in New Zealand. Weather Clim. 34:
36–49.
Valéry A, Andréassian V, Perrin C. 2010. Regionalization of precipitation and air temperature over high-altitude catchments –

© 2016 Royal Meteorological Society

229

learning from outliers. Hydrol. Sci. J. 55: 928–940, doi:
10.1080/02626667.2010.504676.
Yan H, Nix HA, Hutchinson MF, Booth TH. 2005. Spatial interpolation of monthly mean climate data for China. Int. J. Climatol. 25:
1369–1379, doi: 10.1002/joc.1187.
Zammit C, Woods R. 2011. Projected climate and river flow for the
Waimakariri catchment for 2040s and 2090s. NIWA Client Report No.
CHCH2011-025, 52 pp.
Zhong S, Whiteman CD, Bian X, Shaw WJ, Hubbe JM. 2001. Meteorological processes affecting the evolution of a wintertime cold air
pool in the Columbia Basin. Mon. Weather Rev. 129: 2600–2613, doi:
10.1175/1520-0493(2001)129<2600:mpateo>2.0.co;2.

Int. J. Climatol. 37: 214–229 (2017)

Appendices

Appendix B
Parameterisation of land cover in WaSiM
B.1 Land cover class specific parameterisation
The first table (short) shows the individual sources that were used to parameterise the
land cover classes in WaSiM. The second table shows the parameters and the
corresponding keys. The WaSiM parameter “AltDep” is not shown, because the elevation
dependent phenology was not used in this study. Some of the monthly parameters were
taken from northern hemisphere studies. If these parameters had an intra‐annual
variation, then their regime was adjusted for the southern hemisphere (i.e. December →
June, January→July, etc.). If no source is defined for a parameter, then the definition (e.g.
same as another class) is shown in brackets after the name of the land cover class.
Various sources showed different parameter values for the soil resistance of grassy and
bare surfaces (partially vegetated, fully vegetated, etc.). As there was no exact match
between the land cover types in the literature and the LCDB classes used here, it was
decided to manually define (within the range of the literature 200‐400 s m‐1) the soil
resistance of all grassy or bare land cover types. As shown in Schulla (2012) the soil
resistance is lowest for areas with a low vegetation coverage, which served as a general
guideline here.
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ID

Source name

D

Default WaSiM sample controlfile
[http://wasim.ch/downloads/prog/wasim_9‐1‐0/sample_control_file.ctl]

D1

WaSiM agriculture

D2

WaSiM bushes

D3

WaSiM decidous_forest

D4

WaSiM extensive_grassland

D5

WaSiM pine_forest

D6

WaSiM pine_forest (half of D5, because regrowing)

D7

WaSiM settlements

D8

WaSiM water

L

Various Literature

L1

Menzel (1997)

L2

Wardle (1991)

L3

Campbell (1989)

L4
L5
L6
L7a

Field Station Annual Report 2007
[http://www.ffc.canterbury.ac.nz/documents/FieldStationAnnualReport2007.pdf]
Dairy farm effluent – key points for achieving compliance in Otago
[http://www.dairynz.co.nz/media/581327/effluent_compliance_checklist_otago.pdf]
Blanken et al. (1997)
Teara – The Encyclopedia of New Zealand
[http://www.teara.govt.nz/en/grasslands/page‐2]

L7b

Half of L7a

L8

Ministry for the Environment (2003)

L9

Nambiar and Sands (1992)
Practical Lucerne Grazing Management

L10

[http://www.lincoln.ac.nz/PageFiles/23598/Lucerne‐management‐guide‐Col.pdf]

L11

Watson and O'Loughlin (1985)

L12

Christidis and Samson (1991)

*

Schulla (2012), Huber et al. (1999) and Van de Griend and Owe (1994)

M

MODIS data

M1

MCD43A2

M2

15A2‐1km

()

Source of undefined parameters
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Built‐up
Julian days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

Source
15
0.13
100
5
200
1.39
1
0.2
0.2

46
0.13
100
5
200
1.25
1
0.2
0.2

74
0.13
100
5
200
0.97
1
0.2
0.2

105
0.13
100
5
200
0.79
1
0.2
0.2

135
0.11
100
5
200
0.86
1
0.2
0.2

166
0.11
100
5
200
0.71
1
0.2
0.2

196
0.12
100
5
200
0.57
1
0.2
0.2

227
0.12
100
5
200
0.67
1
0.2
0.2

258
0.13
100
5
200
1.05
1
0.2
0.2

288
0.13
100
5
200
1.40
1
0.2
0.2

319
0.14
100
5
200
1.42
1
0.2
0.2

349
0.14
100
5
200
1.31
1
0.2
0.2

M1
D7
D7
D7
M2
D7
D7
D7

Herbaceous Freshwater Vegetation
Julian Days
15
46
albedo
0.15
0.15
Stomata resistance
30
36
Interception resistance
5
5
Soil resistance
400
400
LAI
1.44
1.28
Roughness length
0.15
0.15
VCF
0.9
0.9
Rooting depth
0.4
0.4

74
0.15
42
5
400
0.88
0.15
0.9
0.4

105
0.15
48
5
400
0.69
0.15
0.8
0.4

135
0.15
54
5
400
0.59
0.15
0.8
0.4

166
0.15
60
5
400
0.45
0.15
0.8
0.4

196
0.15
60
5
400
0.32
0.15
0.8
0.4

227
0.15
54
5
400
0.35
0.15
0.8
0.4

258
0.15
48
5
400
0.51
0.15
0.9
0.4

288
0.15
42
5
400
0.80
0.15
0.9
0.4

319
0.15
36
5
400
1.13
0.15
0.9
0.4

349
0.15
30
5
400
1.33
0.15
0.9
0.4

M1
L1
D4
*
M2
L10
D4
D4

Low Producing Grassland
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.16
30
5
400
1.34
0.15
0.9
0.5

46
0.15
36
5
400
1.18
0.15
0.9
0.5

74
0.15
42
5
400
0.96
0.15
0.9
0.5

105
0.15
48
5
400
0.76
0.15
0.8
0.5

135
0.14
54
5
400
0.75
0.15
0.8
0.5

166
0.13
60
5
400
0.59
0.15
0.8
0.5

196
0.13
60
5
400
0.42
0.15
0.8
0.5

227
0.14
54
5
400
0.55
0.15
0.8
0.5

258
0.14
48
5
400
0.86
0.15
0.9
0.5

288
0.15
42
5
400
1.31
0.15
0.9
0.5

319
0.16
36
5
400
1.51
0.15
0.9
0.5

349
0.16
30
5
400
1.39
0.15
0.9
0.5

M1
L1
D4
*
M2
L10
D4
L5

Tall Tussock Grassland
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.13
158
5
250
1.04
0.5
0.9
0.6

46
0.13
158
5
250
0.99
0.5
0.9
0.6

74
0.13
158
5
250
0.77
0.5
0.9
0.6

105
0.13
158
5
250
0.59
0.5
0.8
0.6

135
0.13
158
5
250
0.46
0.5
0.8
0.6

166
0.13
158
5
250
0.35
0.5
0.8
0.6

196
0.13
158
5
250
0.24
0.5
0.8
0.6

227
0.14
158
5
250
0.25
0.5
0.8
0.6

258
0.15
158
5
250
0.35
0.5
0.9
0.6

288
0.15
158
5
250
0.51
0.5
0.9
0.6

319
0.15
158
5
250
0.78
0.5
0.9
0.6

349
0.14
158
5
250
0.91
0.5
0.9
0.6

M1
L3
D4
*
M2
L7a
D4
L3

Depleted Grassland
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.16
30
5
200
1.05
0.25
0.1
0.6

46
0.16
36
5
200
0.92
0.25
0.1
0.6

74
0.16
42
5
200
0.70
0.25
0.1
0.6

105
0.16
48
5
200
0.57
0.25
0.1
0.6

135
0.15
54
5
200
0.60
0.25
0.1
0.6

166
0.14
60
5
200
0.46
0.25
0.1
0.6

196
0.14
60
5
200
0.31
0.25
0.1
0.6

227
0.15
54
5
200
0.41
0.25
0.1
0.6

258
0.15
48
5
200
0.64
0.25
0.1
0.6

288
0.16
42
5
200
0.99
0.25
0.1
0.6

319
0.16
36
5
200
1.21
0.25
0.1
0.6

349
0.16
30
5
200
1.11
0.25
0.1
0.6

M1
L1
D4
*
M2
L7b
D8
L3

Urban Parkland, Open Space
Julian Days
15
albedo
0.15
Stomata resistance
30
Interception resistance
5
Soil resistance
400
LAI
2.11
Roughness length
0.05
VCF
0.9

46
0.15
36
5
400
1.86
0.05
0.9

74
0.15
42
5
400
1.65
0.05
0.9

105
0.14
48
5
400
1.31
0.05
0.8

135
0.13
54
5
400
1.16
0.05
0.8

166
0.13
60
5
400
0.96
0.05
0.8

196
0.13
60
5
400
0.75
0.05
0.8

227
0.14
54
5
400
1.11
0.05
0.8

258
0.15
48
5
400
1.78
0.05
0.9

288
0.15
42
5
400
2.53
0.05
0.9

319
0.15
36
5
400
2.39
0.05
0.9

349
0.15
30
5
400
2.19
0.05
0.9

M1
L1
D4
*
M2
D8
D4
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0.5

0.5

0.5

0.5

0.5

Gravel, Rock (defined assuming minimal plant cover and evaporation resistances)
Julian Days
15
46
74
105
135
166
196
227
albedo
0.13
0.12
0.11
0.11
0.20
0.31
0.40
0.43
Stomata resistance
150
150
150
150
150
150
150
150
Interception resistance
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
Soil resistance
150
150
150
150
150
150
150
150
LAI
0.45
0.42
0.35
0.29
0.24
0.22
0.20
0.23
Roughness length
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.1
VCF
0.2
0.2
0.2
0.2
0.2
0.2
0.2
0.2
Rooting depth
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.1

Rooting depth

0.5

0.5

258
0.39
150
0.5
150
0.24
0.1
0.2
0.1

288
0.35
150
0.5
150
0.26
0.1
0.2
0.1

319
0.23
150
0.5
150
0.32
0.1
0.2
0.1

349
0.16
150
0.5
150
0.36
0.1
0.2
0.1

High Producing Exotic Grassland
Julian Days
15
albedo
0.18
Stomata resistance
30
Interception resistance
5
Soil resistance
400
LAI
3.13
Roughness length
0.15
VCF
0.9
Rooting depth
0.5

46
0.18
36
5
400
2.86
0.15
0.9
0.5

0.5

0.5

0.5

0.5

0.5

L5

M1

*
M2

74
0.18
42
5
400
2.59
0.15
0.9
0.5

105
0.18
48
5
400
2.31
0.15
0.8
0.5

135
0.16
54
5
400
2.46
0.15
0.8
0.5

166
0.16
60
5
400
2.11
0.15
0.8
0.5

196
0.17
60
5
400
1.75
0.15
0.8
0.5

227
0.16
54
5
400
2.05
0.15
0.8
0.5

258
0.17
48
5
400
2.59
0.15
0.9
0.5

288
0.18
42
5
400
3.31
0.15
0.9
0.5

319
0.18
36
5
400
3.18
0.15
0.9
0.5

349
0.18
30
5
400
2.95
0.15
0.9
0.5

M1
L1
D4
*
M2
L10
D4
L5

74
0.16
100
5
400
1.11
1.5
0.9
0.65

105
0.16
100
5
400
0.88
1.5
0.8
0.65

135
0.14
100
5
400
0.82
1.5
0.7
0.65

166
0.13
100
5
400
0.64
1.5
0.7
0.65

196
0.14
100
5
400
0.45
1.5
0.7
0.65

227
0.14
100
5
400
0.71
1.5
0.7
0.65

258
0.15
100
5
400
1.16
1.5
0.7
0.65

288
0.16
100
5
400
1.58
1.5
0.8
0.65

319
0.16
100
5
400
1.41
1.5
0.95
0.65

349
0.16
100
5
400
1.27
1.5
0.95
0.65

M1
L6
D3
*
M2
D8
D3
L11

Surface Mines, Dumps (see Gravel, Rock)
Julian Days
15
46
74
albedo
0.15
0.14
0.14
Stomata resistance
150
150
150
Interception resistance
0.5
0.5
0.5
Soil resistance
150
150
150
LAI
0.79
0.79
0.67
Roughness length
0.1
0.1
0.1
VCF
0.2
0.2
0.2
Rooting depth
0.1
0.1
0.1

105
0.14
150
0.5
150
0.48
0.1
0.2
0.1

135
0.13
150
0.5
150
0.55
0.1
0.2
0.1

166
0.13
150
0.5
150
0.41
0.1
0.2
0.1

196
0.13
150
0.5
150
0.28
0.1
0.2
0.1

227
0.13
150
0.5
150
0.38
0.1
0.2
0.1

258
0.14
150
0.5
150
0.60
0.1
0.2
0.1

288
0.15
150
0.5
150
0.90
0.1
0.2
0.1

319
0.15
150
0.5
150
0.86
0.1
0.2
0.1

349
0.15
150
0.5
150
0.78
0.1
0.2
0.1

Permanent Snow and Ice (see Gravel, Rock)
Julian Days
15
46
74
albedo
0.30
0.28
0.23
Stomata resistance
150
150
150
Interception resistance
0.5
0.5
0.5
Soil resistance
150
150
150
LAI
0.13
0.13
0.14
Roughness length
0.1
0.1
0.1
VCF
0.2
0.2
0.2
Rooting depth
0.1
0.1
0.1

105
0.22
150
0.5
150
0.14
0.1
0.2
0.1

135
0.34
150
0.5
150
0.14
0.1
0.2
0.1

166
0.40
150
0.5
150
0.14
0.1
0.2
0.1

196
0.43
150
0.5
150
0.14
0.1
0.2
0.1

227
0.50
150
0.5
150
0.12
0.1
0.2
0.1

258
0.53
150
0.5
150
0.11
0.1
0.2
0.1

288
0.53
150
0.5
150
0.11
0.1
0.2
0.1

319
0.47
150
0.5
150
0.12
0.1
0.2
0.1

349
0.40
150
0.5
150
0.12
0.1
0.2
0.1

Alpine Grass Herbfield (see Gravel, Rock)
Julian Days
15
46
74
albedo
0.13
0.13
0.12
Stomata resistance
30
36
42
Interception resistance
5
5
5
Soil resistance
150
150
150
LAI
0.50
0.49
0.41
Roughness length
0.1
0.1
0.1

105
0.11
48
5
150
0.33
0.1

135
0.12
54
5
150
0.29
0.1

166
0.14
60
5
150
0.21
0.1

196
0.16
60
5
150
0.12
0.1

227
0.19
54
5
150
0.12
0.1

258
0.20
48
5
150
0.13
0.1

288
0.21
42
5
150
0.17
0.1

319
0.19
36
5
150
0.30
0.1

349
0.15
30
5
150
0.39
0.1

Orchard, Vineyard, Other Perennial Crops
Julian Days
15
46
albedo
0.16
0.15
Stomata resistance
100
100
Interception resistance
5
5
Soil resistance
400
400
LAI
1.30
1.28
Roughness length
1.5
1.5
VCF
0.95
0.95
Rooting depth
0.65
0.65
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M1

*
M2

M1

*
M2

M1
L1
D4
*
M2
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VCF
Rooting depth

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

0.2
0.1

15
0.11
100
5
1000
2.27
0.3
0.95
0.5

46
0.10
100
5
1000
2.12
0.3
0.95
0.5

74
0.10
100
5
1000
1.78
0.3
0.95
0.5

105
0.09
100
5
1000
1.39
0.3
0.95
0.5

135
0.08
100
5
1000
1.05
0.3
0.9
0.5

166
0.09
100
5
1000
0.87
0.3
0.9
0.5

196
0.09
100
5
1000
0.69
0.3
0.9
0.5

227
0.10
100
5
1000
0.78
0.3
0.9
0.5

258
0.11
100
5
1000
1.06
0.3
0.9
0.5

288
0.11
100
5
1000
1.24
0.3
0.95
0.5

319
0.12
100
5
1000
1.82
0.3
0.95
0.5

349
0.11
100
5
1000
2.00
0.3
0.95
0.5

M1
L6
D2
D2
M2
D8
D2
D2

Broadleaved Indigenous Hardwoods
Julian Days
15
46
albedo
0.10
0.10
Stomata resistance
100
100
Interception resistance
5
5
Soil resistance
1000 1000
LAI
2.77
2.35
Roughness length
3
3
VCF
0.95
0.95
Rooting depth
1.6
1.6

74
0.10
100
5
1000
1.80
3
0.95
1.6

105
0.09
100
5
1000
1.40
3
0.95
1.6

135
0.08
100
5
1000
1.55
3
0.9
1.6

166
0.08
100
5
1000
1.43
3
0.9
1.6

196
0.09
100
5
1000
1.31
3
0.9
1.6

227
0.09
100
5
1000
1.02
3
0.9
1.6

258
0.09
100
5
1000
1.20
3
0.9
1.6

288
0.10
100
5
1000
1.73
3
0.95
1.6

319
0.10
100
5
1000
2.13
3
0.95
1.6

349
0.10
100
5
1000
2.33
3
0.95
1.6

M1
L6
D5
D5
M2
D8
D5
L2

Indigenous Forest (assuming a VCF of 100%)
Julian Days
15
46
74
albedo
0.11
0.10
0.10
Stomata resistance
100
100
100
Interception resistance
5
5
5
Soil resistance
1000 1000 1000
LAI
3.50
3.19
2.57
Roughness length
3
3
3
VCF
1
1
1
Rooting depth
1.6
1.6
1.6

105
0.09
100
5
1000
2.05
3
1
1.6

135
0.08
100
5
1000
1.80
3
1
1.6

166
0.08
100
5
1000
1.58
3
1
1.6

196
0.09
100
5
1000
1.35
3
1
1.6

227
0.09
100
5
1000
1.47
3
1
1.6

258
0.10
100
5
1000
1.79
3
1
1.6

288
0.10
100
5
1000
2.26
3
1
1.6

319
0.11
100
5
1000
2.82
3
1
1.6

349
0.11
100
5
1000
2.97
3
1
1.6

Lake, Pond, River
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.1
0.1
0
0
0
0.01
0
0

46
0.1
0.1
0
0
0
0.01
0
0

74
0.1
0.1
0
0
0
0.01
0
0

105
0.1
0.1
0
0
0
0.01
0
0

135
0.1
0.1
0
0
0
0.01
0
0

166
0.1
0.1
0
0
0
0.01
0
0

196
0.1
0.1
0
0
0
0.01
0
0

227
0.1
0.1
0
0
0
0.01
0
0

258
0.1
0.1
0
0
0
0.01
0
0

288
0.1
0.1
0
0
0
0.01
0
0

319
0.1
0.1
0
0
0
0.01
0
0

349
0.1
0.1
0
0
0
0.01
0
0

D8
D8
D8
D8
D8
L12
D8
D8

Short‐rotation Cropland
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.18
30
5
400
2.44
0.05
0.95
0.5

46
0.18
36
5
400
2.02
0.05
0.8
0.5

74
0.18
42
5
400
1.79
0.04
0.7
0.4

105
0.18
48
5
400
1.69
0.03
0.3
0.2

135
0.16
54
5
400
1.85
0.03
0.3
0.15

166
0.17
60
5
400
1.65
0.03
0.3
0.15

196
0.17
60
5
400
1.45
0.03
0.3
0.15

227
0.16
54
5
400
1.63
0.03
0.3
0.15

258
0.17
48
5
400
2.17
0.03
0.3
0.2

288
0.18
42
5
400
2.65
0.04
0.7
0.4

319
0.19
36
5
400
2.48
0.05
0.8
0.5

349
0.18
30
5
400
2.41
0.05
0.95
0.5

M1
L1
D1
*
M2
D1
D1
D1

Exotic Forest
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI

15
0.14
100
5
1000
4.55

46
0.13
100
5
1000
4.13

74
0.13
100
5
1000
3.77

105
0.12
100
5
1000
3.15

135
0.12
100
5
1000
3.93

166
0.11
100
5
1000
3.50

196
0.11
100
5
1000
3.06

227
0.12
100
5
1000
3.05

258
0.13
100
5
1000
3.11

288
0.13
100
5
1000
3.70

319
0.14
100
5
1000
3.93

349
0.14
100
5
1000
4.00

M1
L6
D5
D5
M2

Subalpine Shrubland
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

M1
L6
D5
D5
M2
D8
L2
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Roughness length
VCF
Rooting depth

3
0.95
2

3
0.95
2

3
0.95
2

3
0.95
2

Fernland (ferns are often associated with Manuka, hence the latter was used for missing parameters)
Julian Days
15
46
74
105
135
166
196
227
258
288
albedo
0.12
0.12
0.12
0.12
0.11
0.10
0.10
0.10
0.11
0.11
Stomata resistance
100
100
100
100
100
100
100
100
100
100
Interception resistance
5
5
5
5
5
5
5
5
5
5
Soil resistance
1000 1000 1000 1000 1000 1000 1000 1000 1000 1000
LAI
2.80
2.52
1.99
1.74
1.35
1.15
0.96
1.13
1.44
1.96
Roughness length
1.75
1.75
1.75
1.75
1.75
1.75
1.75
1.75
1.75
1.75
VCF
0.95
0.95
0.95
0.95
0.9
0.9
0.9
0.9
0.9
0.95
Rooting depth
0.65
0.65
0.65
0.65
0.65
0.65
0.65
0.65
0.65
0.65

319
0.12
100
5
1000
2.37
1.75
0.95
0.65

349
0.12
100
5
1000
2.45
1.75
0.95
0.65

Gorse, Broom
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

46
0.14
100
5
1000
3.34
1.5
0.95
0.65

3
0.95
2

3
0.95
2

3
0.9
2

3
0.9
2

3
0.9
2

3
0.9
2

3
0.9
2

D5
D5
L9

M1

M2
D8

74
0.14
100
5
1000
2.82
1.5
0.95
0.65

105
0.13
100
5
1000
2.50
1.5
0.95
0.65

135
0.13
100
5
1000
2.55
1.5
0.9
0.65

166
0.14
100
5
1000
2.26
1.5
0.9
0.65

196
0.13
100
5
1000
1.60
1.5
0.9
0.65

227
0.13
100
5
1000
1.73
1.5
0.9
0.65

258
0.13
100
5
1000
2.09
1.5
0.9
0.65

288
0.14
100
5
1000
2.85
1.5
0.95
0.65

319
0.14
100
5
1000
2.98
1.5
0.95
0.65

349
0.14
100
5
1000
3.07
1.5
0.95
0.65

Mixed Exotic Shrubland (see Gorse, Broom)
Julian Days
15
46
74
albedo
0.13
0.13
0.12
Stomata resistance
100
100
100
Interception resistance
5
5
5
Soil resistance
1000 1000 1000
LAI
1.32
1.06
0.76
Roughness length
1.5
1.5
1.5
VCF
0.95
0.95
0.95
Rooting depth
0.65
0.65
0.65

105
0.11
100
5
1000
0.54
1.5
0.95
0.65

135
0.10
100
5
1000
0.65
1.5
0.9
0.65

166
0.10
100
5
1000
0.48
1.5
0.9
0.65

196
0.10
100
5
1000
0.32
1.5
0.9
0.65

227
0.10
100
5
1000
0.37
1.5
0.9
0.65

258
0.12
100
5
1000
0.63
1.5
0.9
0.65

288
0.12
100
5
1000
1.12
1.5
0.95
0.65

319
0.13
100
5
1000
1.45
1.5
0.95
0.65

349
0.13
100
5
1000
1.42
1.5
0.95
0.65

L11

Deciduous Hardwoods
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.14
100
5
1500
1.08
2
0.95
2

46
0.14
100
5
1500
0.96
2
0.95
2

74
0.14
100
5
1500
0.70
2
0.9
2

105
0.13
100
5
1500
0.50
2
0.8
2

135
0.12
100
5
1500
0.50
2
0.7
2

166
0.12
100
5
1500
0.39
2
0.7
2

196
0.12
100
5
1500
0.29
2
0.7
2

227
0.13
100
5
1500
0.32
2
0.7
2

258
0.13
100
5
1500
0.51
2
0.7
2

288
0.13
100
5
1500
0.94
2
0.8
2

319
0.14
100
5
1500
1.10
2
0.95
2

349
0.14
100
5
1500
1.12
2
0.95
2

M1
L6
D3
D3
M2
D3
D3
L9

Matagouri Grey Scrub
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.13
100
5
1000
1.74
1.5
0.95
1.3

46
0.13
100
5
1000
1.55
1.5
0.95
1.3

74
0.13
100
5
1000
1.22
1.5
0.95
1.3

105
0.13
100
5
1000
0.95
1.5
0.95
1.3

135
0.13
100
5
1000
0.80
1.5
0.9
1.3

166
0.13
100
5
1000
0.65
1.5
0.9
1.3

196
0.13
100
5
1000
0.51
1.5
0.9
1.3

227
0.13
100
5
1000
0.58
1.5
0.9
1.3

258
0.13
100
5
1000
0.77
1.5
0.9
1.3

288
0.13
100
5
1000
1.18
1.5
0.95
1.3

319
0.13
100
5
1000
1.52
1.5
0.95
1.3

349
0.13
100
5
1000
1.58
1.5
0.95
1.3

M1
L6
D2
D2
M2
D8
D2
L4

Manuka
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance

15
0.11
100
5
1000

46
0.11
100
5
1000

74
0.11
100
5
1000

105
0.11
100
5
1000

135
0.10
100
5
1000

166
0.11
100
5
1000

196
0.11
100
5
1000

227
0.10
100
5
1000

258
0.11
100
5
1000

288
0.11
100
5
1000

319
0.11
100
5
1000

349
0.11
100
5
1000

M1
L6
D5
D5
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15
0.14
100
5
1000
3.64
1.5
0.95
0.65

3
0.95
2

M1
L6
D2
D2
M2
D8
D2
L11

M1
L6
D2
D2
M2

Appendices
LAI
Roughness length
VCF
Rooting depth

2.21
2
0.95
0.65

1.96
2
0.95
0.65

1.51
2
0.95
0.65

1.21
2
0.95
0.65

1.32
2
0.9
0.65

1.09
2
0.9
0.65

0.86
2
0.9
0.65

0.94
2
0.9
0.65

1.16
2
0.9
0.65

1.56
2
0.95
0.65

1.91
2
0.95
0.65

1.98
2
0.95
0.65

M2
D8
D5
L11

Forest ‐ Harvested
Julian Days
albedo
Stomata resistance
Interception resistance
Soil resistance
LAI
Roughness length
VCF
Rooting depth

15
0.13
100
5
1000
3.98
1.5
0.95
2

46
0.13
100
5
1000
3.58
1.5
0.95
2

74
0.13
100
5
1000
3.26
1.5
0.95
2

105
0.12
100
5
1000
2.99
1.5
0.95
2

135
0.12
100
5
1000
3.31
1.5
0.9
2

166
0.12
100
5
1000
3.11
1.5
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B.2 The MODIS (MCD43A2) albedo product
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Appendix C
Additional processing and results of the climate change
impact study
C.1 Climate change signals of solar radiation, RH and wind speed
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C.2 Additional processing required to extend the historic
meteorological fields for bias correction and downscaling
Increasing the extent of reference meteorology
The extent of the meteorological fields needed to be extended from the catchment
domain to the target domain (see Figure 4.4). This was necessary to ensure a sufficient
overlap with the RCM domain. Some of the interpolation approaches required a DEM as
input, hence the DEM (http://lris.scinfo.org.nz/layer/127‐nzdem‐south‐island‐25‐
metre) used in this study was extended for the target domain (see Figure 4.4) using the
same spatial mean operator as described in Section 3.4.2.
Relative humidity and solar radiation
‐

The original product (Section 2.4.3.1) that was generated via cubic interpolation
of the VCSN grid (VCSNCUB) did not cover the target domain.

‐

Two more products were generated using bilinear interpolation (VCSNBIL) and
nearest neighbour (VCSNNEA).

‐

The three products were then merged based on the following order to fill no data
values:
VCSNCUB > VCSNBIL > VCSNNEA

Wind speed
‐

The same method as described in Section 2.4.3.2 was applied to the target
domain using the TS and the extended DEM.

Precipitation
‐

The same method as described in Section 2.3.3.5 was applied to the target
domain.

‐

The same adjusted 30‐year rainfall surface was used inside the catchment. For
the remaining cells of the target domain the original surface was used for land
cells, while sea cells were filled with nearest neighbour interpolation.

‐

The TS with the extended rainfall surface was then used for the interpolation.
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‐

A quality check was conducted to ensure the cell values were not altered within
the catchment domain.

Tmin:
‐

The extended inversion bottom grid was generated for the target domain using
the CAP algorithm based on the extended DEM

‐

As part of the Tmin lapse rate model (Section 2.2.3.2.2) the VUB and the VLB
were extended via nearest neighbour interpolation

Tmax:
‐

The monthly lapse rate grids were produced for the target domain using the
approach described in Section 2.2.3.2.1 based on the extended RH fields.

‐

As part of the Tmax lapse rate model the VUB was extended via nearest
neighbour interpolation
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C.3 Reproducing the historic streamflow regime at Lake Wanaka
outlet and Balclutha
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C.4 Differences in the proportion of snowmelt on streamflow
between the three subensembles (QM‐Tindex, LT‐Anderson and
LT‐Tindex) and QM‐Anderson
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