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PRELIMINARY STATEMENTS
This scoping report sets out a state of the art documentation of the effects of the space-time
dependence between the sources of Climate Related Energy (CRE) on the reliability of energy
production systems. The present draft version of the report has been submitted for thorough review to
the stakeholders associated to the COMPLEX project – namely:
Electricité de France, our project partner whose main role is to act as an “industrial expert
mirror”;
SINTEF Energy, our project partner who contributed to the redaction but who has further
internal expertise that we want to mobilize through this review;
CEDREN, Centre for environmental design of renewable energy, a joint research initiative
funded by The Research Council of Norway, the private energy industry and associated research
institutes and universities;
TrønderEnergi Kraft AS, a Norwegian energy producer involved in one of our two pilot areas;
ENEL, the Italian energy producer involved in our second case study;
ARPAV, the Veneto Regional Environmental Protection Agency, also involved in our Italian
pilot area.
According to the comments made by these “industrial” reviewers version 3.0 of this report has been
upgraded.
The many illustrations included in this report are extracted from the scientific articles that we
used. Their origin is explicitly cited but no copyright authorization has been asked from the
journals concerned. This is why the diffusion level of this report is internal, reduced to the
project partners.

EXECUTIVE SUMMARY
This report gives an overview of methods currently used for generating space-time scenarios of
multiple surface meteorological variables from outputs of climate models. Conversely to a number of
recent review publications on the topic of downscaling, the present report focuses on meteorological
variables which drive Climate Related Energies (CRE).
The Climate Related Energies considered here are presented first in an introductory section. They are
mainly wind, solar, hydroelectricity power. Requirements for generating relevant scenarios at regional
scale for those variables are highlighted. We next review the different downscaling methods,
dynamical, statistical and hybrid, as well as post-processing methods of climate model outputs. Postprocessing methods include bias correction and perturbation. Special attention is paid to statistical
downscaling methods including perfect prog methods and weather generators. We also focus on the
critical issue of multivariate and multiple site generation.
Strengths and limitations of the different methods are reviewed in the third section. A fourth section is
dedicated to methods evaluation. We present some classical evaluation approaches / scores mostly
refering/relating? to climatological evaluation. We also present chronological and impact oriented
evaluations. The critical issue of evaluating model temporal transferability for application in a
modified climated context is also treated. Specific evaluations for probabilistic predictions are also
reviewed. In section 5, we give an overview of key issues relative to uncertainties associated with
future predictions obtained from climate models and downscaling methods.
Recommendations for the potential improvement of such approaches and of the relevance of
associated generated scenarios are drawn in the conclusion.
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1. Introduction
Meteorological variables like temperature, wind or rainfall are known to fluctuate in time and space
over a wide range of scales, from minutes to decades and from local to global. Controlled by a
common set of physical processes, these variables are inter-dependent across the same range of scales.
Their joint effects influence various human activities ranging from health services, transportation,
recreation or agriculture. With respect to energy, they govern the production of different types of
renewable energy (hydropower, wind, solar and bio energies here grouped under the acronym CRE Climate Related Energies) and control a substantial part of energy consumption (heating/cooling of
buildings for instance). In consequence, they play a direct role in mitigation policies aimed at reducing
carbon emissions and will contribute materially to the low carbon economy. With respect to the total
energy production, CREs are supposed to contribute 17% of the de-carbonization expected from the
BLUE plan (see the Figure 1).

Figure 1 Key technologies for reducing CO2 emissions under the BLUE Map scenario (Figure ES.1 from
International Energy Agency, 2010).

Regional climate conditions are likely to be altered by climate change in the following decades, as
summarized in the IPCC Special Report on Managing the Risks of Extreme Events and Disasters to
Advance Climate Change Adaptation (SREX, Bates et al., 2008). The potential impact of climate
change on renewable energies could be significant depending on the region. This has been recently
summarized in the IPCC Special report on Renewable Energy Sources and Climate Change Mitigation
(Edenhofer et al., 2011), and more specifically for wind power and hydropower by Pryor and
Barthelmie, 2010 and Blackshear et al., 2011 respectively.
Future projections of regional climate are available as Global Circulation Models (GCM) outputs from
climate experiments. GCMs however cover the globe with grid resolution of the order of 104 km2. This
resolution is fine for analyzing annual climate patterns at continental scale and their long-term trend
for the next century, but it is too coarse when dealing with (infra-) daily patterns at the regional scale,
the scale at which CRE production is governed.
1.1

Objective of this report

This scoping report sets out a thorough documentation of downscaling methods and models used for
generating realistic CRE driving data at the regional scale from climate model outputs. One of its main
challenges is to focus on methods commonly used to generate meteorological scenarios for time and
space scales and for variables that are of interest to activate CRE production models.
1.2

Types of energy considered

In the term CRE, we include energies produced from wind, sun, and water. CREs cover most of what
is more classically called Renewable Energy Sources (RES) with the exception of geothermal energy.
COMPLEX Report D2.1
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We do not consider thermal solar arrays used for example for heating purposes, nor biota production
to be converted to energy via bio-fuels nor thermal plants. For sun energy, we concentrate on the two
main technologies for solar power generation: photovoltaic electricity (Ph) and Concentrating Solar
Power (CSP). For wind power energy, we focus on windmill parks that are being planned at an
increasing rate.
Regarding energies related to water dynamics, we concentrate on the terrestrial phase of the cycle –
hydropower production from dam turbines built on rivers or from run-of-the-river turbines distributed
along river streams (i.e. without storage capacity). We do not consider hydropower production from
installations using sea waves or currents. Although this production is related to climate evolutions, it is
governed by ocean fluctuations. Those of main streams are more stable and predictable than
atmospheric fluctuations. Waves may be significant,but they were not considered here because the
project is focused on terrestrial ressources.
Thus in this report we only focus on CREs that are governed by meteorological variables, that are
intermittent, fast varying and can be directly converted to electricity.
For a given region, electricity production from CREs first depends on the CRE power available for
extraction within the region; this is what is usually called the energy potential for the considered CRE.
It also depends on the number and performance of individual production means (e.g. turbines for
hydropower, windmills for wind-power) used to perform the conversion of the CRE power to
mechanical and then electrical energy. Future changes in electricity production from CREs will result
from changes in CRE potential, but also from changes in the equipment rates and changes in the
efficiency of production means. Besides these main physical and technological controls, normative
and regulation controls are important as well and may be even more significant in regions where the
competition for land use and water is already heavy. In WP2 of the COMPLEX EU project, we will
specifically focus on changes due to physical and technological controls, whilst keeping in mind the
key influence of regulation and socio-economic controls on CRE production.
Two types of impact studies have been presented in the literature: those focusing on changes in the
CRE potential and those focusing on changes in the energy production expected from CRE. The first
studies usually consider large spatial domains and only account for future changes in regional
climates. The others often focus on specific systems covering smaller spatial domains and include
scenarios of future production means (equipment development, performance improvement). For the
latter, estimated changes in production depend on the type of equipment as illustrated by Figure 21 in
Appendix 8.2 for different types of hydropower schemes.
In this report, we focus on methods used for the development of climate scenarios required for
estimating CRE power potential under present and future climate conditions.
1.3

Meteorological variables driving CREs

The energy potential of each type of CRE depends on several meteorological driving variables
(MDV), several time-space scales and several pattern characteristics.
Each CRE depends on several MDV at primary or secondary levels. Wind power potential is primarily
related to wind velocity (the energy depends on the power 3 of the velocity) but it also depends in a
secondary way on air density and icing conditions that are related to air temperature and air humidity
(Pryor and Barthelmie, 2010).
Hydropower potential is more difficult to estimate as it depends on all surface meteorological
variables via their influence on both river flow regime and extremes (floods and droughts).
Hydropower primarily depends on precipitation, the main input of hydro systems, but it also depends
secondarily on temperature, air humidity, wind, short and long wave radiations that govern important
COMPLEX Report D2.1
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factors of the watershed water balance and dynamics such as evaporation losses, precipitation phase,
snow accumulation and melt.
Global Horizontal Irradiance (GHI, W m-2) controls solar power production. GHI is the geometric sum
of both the direct normal irradiance (DNI), which is the solar (beam) radiation available from the solar
disk and of particular interest for Concentrating Solar Power technologies, and the diffuse horizontal
irradiance (DHI), which is the solar radiation scattered from the sky dome (not including DNI).
Several scales and patterns of variability control each CRE potential.
Over time, fluctuations of wind and solar energy potential are observed for sub-hourly time scales to
pluri-annual ones. For example, the first control on solar resources temporal variability results from
Earth’s revolution and rotation. These astronomic factors result in a seasonal pattern of solar radiation,
with higher values in summer, and lower in winter in the northern hemisphere, modulated with the
variation of the extra-terrestrial radiation as a function of the 11-year sunspot cycle (less than ± –
0.2%), and the annual variation of the Earth-sun distance (± –3%). Variations of solar radiation are
additionally influenced by variations in atmospheric conditions, i.e the weather (mainly cloudiness and
fog), and the temperature of the air influencing the efficiency of photovoltaic panels. Variations of
solar radiation are also influenced to a lesser extent by natural events such as forest fires, volcanic
eruptions, dust clouds from drought regions, and agricultural activity, all of this leading to the year-toyear variation in seasonal patterns. The coefficient of variation (COV) of GHI, used to quantify this
inter-annual variability is typically 8%–10%. This is generally about half, or less, of the variability of
DNI, which can be 15% or more at the 66% confidence interval (Wilcox and Gueymard, 2010). The
COV for annual averages of DNI (resp. GHI) can approach 10% (5%).
In space, wind and solar energy potential units are sensitive to rather local conditions and production
networks respond to much vaster climatic patterns. For instance, windmills obviously depend on local
wind conditions (although the size of the propellers is growing, they are of the order of tens of meters).
By their size, windmills integrate the wind turbulence spectrum over typically 100 m and 1 min, but
they are vulnerable to wind gusts or changes in the wind direction over a few seconds. Wind power
CRE production means are thus sensitive to quite “instantaneous” climatic conditions at any given
point and wind power potential is highly variable even within a single day. When windmill production
is integrated into electricity networks covering typically large fractions of continents, the
instantaneous production then integrates a considerable variety of wind conditions across the
continent. It thus usually presents a much smoother temporal evolution even if large variations are still
observed due to significant wind cofluctuations at the continental scales (see Figure 2 below taken
from Edenhofer et al., 2011where the individual production of a windmill is compared with the
production of a wind farm and to that of the entire country of Germany itself).
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Figure 2 Example time series of wind power output scaled to wind power capacity for a single wind turbine, a
group of wind power plants and all wind power plants in Germany over a 10-day period in 2006 (Taken from
Durstewitz et al., 2008 as cited by Edenhofer et al. 2011).

For solar radiation, variations in space can also be important as a consequence of weather and natural
events. Mountainous terrain or highly variable urban, agricultural, or other microclimate influences
may contribute to high spatial variability of the solar resource. Analysis of measured and modelled
data shows that correlations decrease with increasing station spacing and higher time resolution data
integration periods. For hourly data, a study of 17 sites in Wisconsin showed for example that
correlations fall from 0.995 to 0.97 as spacing increases from 5 km to 60 km. For 15-minute data,
correlations fall from 0.98 to less than 0.75 at more than 100 km (Gueymard et al., 2009; Wilcox and
Gueymard, 2010). The space-time variability of solar radiation can therefore be high as solar energy
production is obtained with solar panels grouped in farms covering typically less than one km2, but,
again, this variability is smoothed at sub-continental or continental scales.
The example of hydropower production is more complex to describe in terms of space-time scales.
Determinant space-time scales are those of the relevant MDV. They also depend on the type of
hydropower plant (run-of-the-river or hydro-accumulation) and on the characteristics of the river
catchments. Because of the branching structure of rivers that collect rainfall over watersheds of
varying (often embedded) sizes, the rainfall-to-runoff transformation first integrates rainfall
fluctuations over space with sizes ranging from a few thousands to hundreds of thousands of km2.
Where hydropower is produced from run-of-the-river plants, space integration smoothes time
fluctuations of rainfall rates, and the response times of the watersheds are related to their size through
a power law. The time resolution governing run-of-the-river hydropower production thus depends on
the size of the watersheds involved ranging from fractions of days to a few days. Where hydropower is
produced from accumulation reservoirs, high frequency fluctuations of precipitation are less important
compared to low frequency ones corresponding typically to seasonal to pluri-annual time steps. For all
types of schemes, fluctuations in hydropower potential also largely depend on fluctuations in
temperature which influence snowpack dynamics (and to a lesser extent on low flow regimes via their
influence on evaporation losses). They are therefore highly governed by the altitudinal and latitudinal
range covered by the catchment and present a time infra-annual organization (related to the seasonality
of discharges) that smoothly evolves, from the upstream high elevation parts of the catchments to
downstream lowlands in the case of mountainous catchments, or from north to south in the case of
Nordic catchments. Where this snow accumulation / melt dynamics is important, this can lead to very
severe low flow (or even drought) in winter followed by very large snowmelt floods in spring / early
summer.

COMPLEX Report D2.1
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In addition to these considerations about the scales of interest for “instantaneous” CRE production, the
reliability of the corresponding production systems depends also on the large-scale intermittency of
the governing phenomena. Systems integrating CRE at continental scale are exposed to “climatic
waves” where favourable/unfavourable conditions (wind/no wind, sun/no sun, precipitation/no
precipitation) occur over the same period across a wide area for all CRE production means. For
hydropower, this is of course the case in areas of high elevation or latitude as the driving temperatures
present a marked seasonality and are correlated over very large distances. This is also the case during
long lasting dry summer periods at continental scales (Hannaford et al., 2011).

Figure 3: Flow chart of climate change effects on stream-flows. Red indicates effects that are typically detrimental
to hydroelectric production potential, and blue indicates effects that typically improve hydroelectric production
potential (adapted from Blackshear et al., 2011).

Changes in all those MDV characteristics are expected to change the potential for CRE over a wide
range of space and time scales. A partial summary scheme is presented in Figure 1 to illustrate how
changes in mean precipitation and temperatures are expected to influence changes in hydropower
potential via changes of various intermediate hydrometeorological variables. Other possible impacts of
climate changes on wind-, sun- and hydro-power potential are listed in Appendices 8.2, 8.3 and 8.4
respectively.

COMPLEX Report D2.1
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2. Methods for generating scenarios of the meteorological variables
driving CRE
2.1

Requirements for CRE impact studies

In the introduction we explained that CRE potential is governed by multiple MDV varying over a wide
range of scales. Estimating how the CRE potential may change in the future requires future MDV
scenarios, which are classically derived from climate models under prescribed greenhouse gas
emission scenarios. To allow for relevant impact evaluations, MDV scenarios have to be realistic and
meet a number of constraints.
The first constraint on MDV scenarios is that they have to be unbiased, i.e. the mean error on each
driving variable should ideally be zero, or as low as possible if not. For CRE impact studies, a bias of
the MDV distribution is known to be classically amplified through the strong non-linearity of a
number of the response processes transforming MDV into CRE.
Wind energy is for example a cubic function of wind speed. With a change in wind speed at turbine
hub-height of 0.5 m/s (e.g. 5 to 5.5 m/s), the energy density increases by over 30% (Pryor and
Barthelmie, 2010). It is also noticeable that a turbine only captures a portion of that available energy.
Rotors start extracting energy from the wind at speeds of roughly 3 to 4 m/s (cut-in speed) and
turbines are usually stopped for high wind speeds to prevent structural damage to components (20 to
25 m/s; cut-out speed). For both reasons, even a moderate average shift of wind speed distribution can
lead to a significant can introduce uncertainties in the corresponding wind energy resource.
The same bias amplification operates for hydropower in the many non-linear or threshold hydrological
processes (Lafaysse, in press). This is the case of rainfall-to-runoff processes – especially Hortonian
ones, for which a bias in precipitation leads to non-relevant estimates in the different components of
the water balance at the soil-vegetation-atmosphere interface. In high latitude or altitude areas, biases
can be critical for meteorological variables controlling precipitation phases and melting processes for
snow or ice. A 1° or 2°C average difference in surface temperatures could result in a significant
discrepancy between observed and simulated snowpack dynamics and hydrological regimes.
As discussed previously, the space-time variability of CREs is a major feature of the energy potential
of a given region. Due to the same non-linearities as those outlined above, the space-time variability of
the different MDV in the scenarios has therefore, also, to be realistic enough across a large range of
space and time scales (e.g. Vischel and Lebel, 2007; Ines and Hansen, 2006, in Ehret et al., 2012;
Maraun et al., 2010). For example both the intra-annual variability and also the inter-annual variability
of river discharges are determinants for hydropower production from accumulation reservoirs, and
used for both seasonal and pluri-annual water storage.
Another critical requirement is that meteorological scenarios have to be available at the space and time
scales of the studied processes. For instance for hydrological impact studies in mountainous regions,
space resolutions down to a few kilometers are classically required for a relevant simulation of
hydrology (Strasser and Etchers, 2005; Lafaysse et al., 2011). In this environment, important space
variations of hydrological processes and variables actually derive from the large space variations of
MDV induced by topography. This is the case for temperatures, for radiation driving variables and
also for precipitations that usually present strong dependence on elevation, hillslope aspect and
position with respect to the main direction of humidity fluxes.
MDV scenarios can be directly extracted from outputs of General Circulation Model (GCM)
experiments. GCM outputs actually include fields of surface variables such as precipitation,
temperature, humidity, radiations and wind. Increasing confidence is being given to the GCM outputs.
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GCM are actually based on established physical laws (conservation of mass, energy and momentum)
and many oceanic/atmospheric processes are modelled according to a number of observations. Next,
GCM have proven to be able to simulate well many important features of the recent observed climate
and even of past climates. Despite considerable progress in recent years, many of the requirements
mentioned above for MDV scenarios are, unfortunately, not fulfilled because of the complexity of the
oceanic/atmospheric processes.
The resolution of GCMs is still very rough and prevents the simulation of realistic MDV for CRE
potential estimation. This is well known for precipitation, for which some important triggering
processes cannot be represented at the low GCM space resolution. It is for example extremely difficult
to simulate realistic orographic precipitation, especially in regions with important relief contrasts,
because of the very crude and inaccurate representation of topography (Giorgi and Mearns, 1991; Frei
et al., 2003). The simulation of realistic spatial patterns of precipitation (Salathe, 2003) and daily
precipitation variability (Burger and Chen, 2005) usually fails. The bias of different meteorological
variables can also be an important factor. This is particularly the case for major MDV such as
precipitation and temperature. These limitations preclude a direct use of GCM outputs for impact
studies (Maraun et al., 2010).
To produce high resolution and unbiased MDV for climate change impact studies from GCMs
experiments, various methods have been proposed over the last two decades. A number of publications
have been produced to review such downscaling methods, including Hewitson and Crane, 1996;
Wilby and Wigley, 1997; Zorita and von Storch, 1999; Xu, 1999; Prudhomme et al., 2002; Wilby et
al., 2004; Fowler et al., 2007; Hingray et al., 2009; Maraun et al., 2010; Pryor and Barthelmie, 2010 or
Hanssen-Bauer et al., 2005 – many of these references are extensively analyzed by Maraun et al.,
2010. Pryor and Barthelmie, 2010 focus on methods applying to the inter-/intra-annual variability of
wind resource. Maraun et al., 2010 focus on methods for precipitation. Fowler et al., 2007 or Hingray
et al., 2009 focus on methods used for hydrological impact studies. Luo and Yu, 2012 recently focused
on methods used for agricultural impact.
The common methodology relies on Bias Correction or downscaling methods as illustrated by Figure
4 adapted from Hingray et al., 2009. Bias Correction methods were proposed with the aim of
removing biases in main statistical characteristics of MDV outputs from GCM (mean, distribution) so
that corrected characteristics fit with observed ones. Downscaling methods are designed to produce
local surface meteorological variables over a region from large-scale atmospheric climate model
outputs. Two types of downscaling methods are used. Dynamical ones, such as Regional Climate
Models (RCMs), allow for increasing the resolution in a physical way. Statistical ones are based on
statistical relationships identified in the recent climate between large scale atmospheric variables and
the MDV that are locally needed.

COMPLEX Report D2.1

11/85

COMPLEX – Scoping report on downscaling of climate model outputs

Figure 4: Typical scheme for the production of climate-change scenarios at the spatial and temporal
resolutions required for CRE impact assessments. AOGCM refers to GCMs combining atmospheric and oceanic
circulation models. DDM refers to dynamic downscaling models, SDM to statistical downscaling models and BC to Bias
Correction methods, all are described in Sections 2.2, 2.3 and 2.4.

In this review, our intention in reading the existing literature is to establish that the proposed methods
are able to produce the appropriate MDV at the appropriate scales for CRE potential estimation, and,
most importantly, that the methods keep the correct properties of space-time variability and correlation
between the different variables through scales. The ability of commonly used methods to reproduce
such features is actually not necessarily evaluated in scientific papers. We therefore paid special
attention to works dealing with such critical issues.
Table 2 in Appendix 8.1 gives some main features of the methods and corresponding evaluations of
recent climate change impact studies on wind power, hydropower and solar energy. For hydropower,
Table 2 compiles the results of previous reviews carried out by Paiva et al., 2010 and Boogen, 2011
and was complemented by numerous references published over the last 2 or 3 years. Most of them
focus on actual hydropower production; some, however, on hydropower potential only either for
specific hydrosystems (e.g. Graham et al., 2007a,,b) or at the global scale (e.g. Hamududu and
Killingveit, 2012). In the case of wind power and solar potential energy, Table 2 mentions a number of
recent studies,– however to our knowledge, the number of these is much smaller than that of studies
focusing on hydropower.
Another critical issue in future MDV scenario development is the characterization of the uncertainty
associated to future projections and to the choice of a scenario generation method. Important
uncertainty sources relate to future emissions of greenhouse gas, to limitations, and especially, the
potentially poor time transferability of the different models applied in the climate change impact
simulation chain (GCM + RCM/SDM/correction). The relative contribution of each uncertainty source
to the total uncertainty is a challenging question as well as the question of the significance of
estimated changes with respect to the natural variability of climate. We try to review some recent
results and findings relating to these points.
2.2

Dynamical downscaling of CRE driving meteorological variables

Dynamical downscaling is conducted using Dynamic Downscaling Models (DDM), either Regional
Climate Models (RCMs) or Variable Resolution General Circulation Models (VR-GCMs). DDM use
better representations of sub-grid physical processes than those employed in GCMs (for instance non
hydrostatic processes in DDM are expected to lead to a better representation of vertical acceleration
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and then of precipitation triggering processes) and have a higher resolution for the target region of
interest. RCMs cover limited regions of the globe and are constrained on their lateral boundaries, and
for the ocean boundary conditions, by AOGCMs (see the Swiss CHRM model – Vidale et al., 2003
and the Swedish RCAO model – Räisänen et al., 2004). VR-GCMs cover the entire globe but with a
higher resolution for the region of interest, comparable to that of regional models (e.g. around 0.5°,
corresponding to approximately 50 km in temperate regions). They are also constrained by AOGCMs
for the ocean boundary conditions. This is the case with the French models ARPEGE and LMD-Z
(Dufresne et al., 2006).
Dynamical downscaling is theoretically preferable to statistical downscaling: it allows for producing
MDV at high resolution in a physically consistent way and it can be carried out for any location,
especially for those with no available observations. For the representation of regional surface winds
and cyclogenesis, the benefits of DDM have been highlighted in a number of studies, for instance,
Flaounas et al. (2013). However, DDM suffer from the same limitations as GCM as they also require
parameterizations to represent unresolved processes (e.g. sub-grid scale processes). Thus although
DDM can, in principle, respond in physically consistent ways to external conditions that did not
happen during the learning period, empirical constants used in the parameterizations are based on
observations in the domains in which the models were developed and may not be fully transferable to
other climate regimes and/or regions (Takle et al., 2007). The best subgrid parameterizations are also
expected to be different from one region to another. Although DDM resolve terrain and coastlines
better than GCMs, they are dependent on the quality of lateral boundary information provided by the
GCMs in which they are nested. They produce higher spatial variability over complex topographic
features, and may be of particular utility where high spatial variability results from fine-scale
dynamical processes, such as mesoscale circulations.
Concerning the European climate, PRUDENCE (Christensen and Christensen, 2007, Déqué et al,
2007) and ENSEMBLES (ENSEMBLES, 2006 - http://ensembles-eu.metoffice.com/index.html ;
Hewitt et al., 2009) are central experiments in terms of RCM use. To drive simulations of future
climate, the PRUDENCE project downscales ensembles from a suite of atmosphere-only general
circulation models (AGCM – resolution less than 150 km) using ensembles from nine regional climate
models (RCM – resolutions of 12 to 50 km) and by using two different SRES greenhouse gas
emissions scenarios. The RCM used are deterministic non-h drostatic meteorolo ical models
R E E ibelin and équé
; C R
idale et al.
; C
teppeler et al.
;
HadRM3H and HadRM3P (Buonomo et al. 2007; Jones et al. 1995); HIRHAM (Christensen et al.
1998; PROMES (Castro et al.
;R C
enderin et al.
; RC
and RC
ones et al.
; eier et al.
;
scher et al.
; Re C
ior i and earns
1), and REMO (Jacob
2007)]. A brief summary of each of the models can be found in équé et al. (2007).
Very high-resolution MDV scenarios may also be produced with very high resolution RCMs. For the
specific case study of Victoria, Australia, Huva et al. 2012 applied the Weather Research and
Forecasting Model (WRF – http://www.wrf-model.org/index.php) to downscale MDV variables
(temperature, wind and insolation) at the 1.5 km space resolution needed to simulate the CRE
production of the region (and also the consumption indexing the load on the temperature and the time
of day). Due to computational constraints, such experiments are however usually limited to one
representative year, or to a decade at best, for a couple of forcing experiments. For example, Huva et
al. (2012) could not run WRF for a full calendar year but only for four time periods of 5 days each,
one for each season, which was assumed to be representative enough of intra-annual co-variability
between variables.
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DDM offer a promising way of deriving meteorological scenarios for impact assessments. For wind
power especially, the spatial variability of wind makes high- and very high-resolution models
particularly valuable when compared to outputs of GCMs.
Direct use of the RCM data for impact studies is still somewhat delicate. The performance of RCM
depends strongly on the bias inherited from global models, which can be considerable (van Ulden and
van Oldenborgh, 2006). Moreover, their ability to represent the effect induced on a regional scale by
topography or the heterogeneity of the Earth's surface (land/sea separation, vegetal cover) is still very
limited. Parameterization is required for sub-grid processes such as those related to convective
precipitation. RCM therefore still suffer from bias in the main MDV required for CRE impact studies
and do therefore still require some post-processing bias correction like those required for GCMs.
As a consequence, outputs from RCMs are rarely used without adjustment for impact studies (e.g. de
Lucena et al., 2009 for a hydropower application), but much more commonly after some statistical
corrections of bias (see section 2.5).
DDM outputs have been used for many impact studies on CREs. For hydropower, if specific RCMs
have been chosen for specific studies, others made use of RCM projections resulting from
international intercomparison projects like PRUDENCE (e.g. Graham et al., 2007a,b) and
ENSEMBLES (e.g. Hänggi et al., 2011a, 2011b; Finger et al., 2012). For wind potential, different
models were applied. For example the mesoscale model Eta was used over Brazil by Pereira et al.
2013, to downscale HadCM3 outputs from the original 2.5°×3.75° resolution down to 40 km × 40 km
ground resolution and 38 vertical layers. Time series observation data from ground stations were also
employed to validate the Eta-HadCM3 model for the 1960–1990 period.
Studies focusing on solar radiation for CRE are very few to our knowledge except those using solar
radiation as an input to cereal production models (e.g. Kalaa et al., 2011 for an application in southwestern Australia).
Segal et al. (2001) investigated changes in wind power in the US under future atmospheric conditions
with increased CO2 by using the RegCM2 RCM driven by the Hadley Centre GCM HadCM2. They
concluded that over most of the US, wind power would decrease by 0–30 % on a seasonal basis, with
a few small areas seeing increases of the same magnitude. The authors noted that due to the sensitivity
of the results to the particular GCM used, the outcomes should be considered ‘exploratory’.
Focused on UK wind energy production, Harrison et al. (2008) and Cradden et al. (2012) specifically
studied the climate change effects on surface wind changes modeled by the Hadley Center RCM
(HadRM3). The study of Cradden et al. (2012) showed that whilst there is evidence in the scenarios
considered to suggest some future strengthening of the seasonal pattern of wind speeds (mean wind
speed may increase in winter and decrease in summer), the overall effect on the annual production is
likely to be smaller. Nevertheless, as mentioned by Segal et al. (2001), the authors pointed out the
need to use an ensemble of runs of multiple C ’s to cope with the uncertainty associated with the
GCM and scenarios that may produce potentially disparate results. Very few studies are based on
DDM outputs where covariations between multiple CRE variables are considered. The very high
resolution DDM applied by Huva et al. (2012) is one of those. The authors assert that DDMs are
valuable because they preserve covariation between the meteorological variables to optimize the
combined use of different CREs but no evaluation of the relevance of simulated covariation was
presented.
PRUDENCE and ENSEMBLES outputs contain more than such seasonal changes. In term of CRE
production, one can think about using more detailed series of precipitation, wind and insolation data.

COMPLEX Report D2.1

14/85

COMPLEX – Scoping report on downscaling of climate model outputs

To the best of our knowledge, no preliminary study about the statistical adequacy of these data as far
as space-time patterns and cross-variable correlations are concerned has been proposed.

Figure 5: Times series of surface temperature, wind speed and solar irradiance (extracted from Huva et al.
2012).

Other limitations of DDM approaches are mentioned in section 0. Strengths and limitations of DDM
approaches with respect to SDM and CM approaches are summarized in section 3/ Error! Reference
source not found..
2.3

Statistical downscaling models (SDM)

Given the a priori choice of the COMPLEX project to use statistical downscaling, this review devotes
more space to statistical downscaling. Statistical Downscaling Models (SDMs) are widely used for the
generation of MDV scenarios for impact studies. Quite easily tractable and requiring no more
computational time than DDM, SDMs can be (and are commonly) used to downscale a large number
of climate model outputs, from either GCM or GCM/RCMs experiments.
They were developed based on the following twofold rationale: 1) local atmospheric variables are
known to be strongly influenced by the state of the atmosphere and its circulation on the synoptic
scale. Although the relationship between local-scale and synoptic-scale meteorological variables is not
unequivocal, it is generally sufficiently strong to consider that, from a statistical viewpoint, two
atmospheric situations that are similar on a synoptic scale lead to meteorological situations that are
similar on a local scale. 2) Synoptic-scale atmospheric variables related to the dynamic parts of
climate models are considered better simulated by climate models than local meteorological variables.
SDM are therefore expected to offer a promising alternative to DDM for the production of future
meteorological scenarios suitable for impact assessments. They are based on various empirical
relationships established for the control period, and, classically, for a daily time step, between a
selection of large scale atmospheric variables (provided by meteorological re-analyses such as
NCAR/NCEP or ERA40) and the required local meteorological variables. Physical processes on
intermediate scales are ignored.
Downscaling is mostly applied for the development of time sequences of daily variables. It can also be
applied to different characteristics of particular variables, i.e., different precipitation indices or
probability distribution functions of given variables. For example in Pryor et al., 2005b, the approach
is based on downscaling the Weibull parameters of wind speed probability distributions from
AOGCM-derived 500 hPa relative vorticity and sea-level pressure gradients. The two parameters of
the Weibull distribution are used to compute an “expected” ener densit . For multiple CRE impact
studies however, downscaling synthetic statistical indices (e.g. indices of extremes of precipitation) or
downscaling the probability distribution functions of the variable seems to be of little interest, as
cofluctuations in different CRE are a key factor for the estimation of energy potential and especially
its space-time fluctuations across scales.
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Figure 6: The principle behind two statistical downscaling approaches for generating future scenarios. a) Synopticscale fields of atmospheric variables simulated by the climate model for the present and future climates. These fields
provide the input variables for downscaling methods. b) Time series of weather patterns extracted from these fields
and generation of local meteorological variables by a generator conditioned by weather patterns. Parameters of the
weather generator are weather pattern dependent. c) Time series of different atmospheric circulation indices derived
from the fields and generation of local meteorological variables by a statistical transfer function (extracted from
Hingray et al., 2013).

A large number of statistical downscaling methods were presented in the two last decades. Fowler et
al. 2007 and Maraun et al. 2010 proposed some attempts at classification. A classification is however
not straightforward as frontiers between approaches are often fuzzy and a significant number of SDM
are hybrid approaches. Nonetheless, SDM include analog methods, statistical transfer functions and
weather generators. Most SDM approaches were applied in the generation of precipitation and
temperature time series as main meteorological variables for hydrological applications. Over recent
years, even more papers present SDM focusing on other meteorological variables, relevant for agro
and biometeorology, and thus also partly relevant to CRE (relative humidity, wind speed, potential
evaporation, solar radiation).
2.3.1

Perfect Prog SDM

Perfect Prog approaches (PP) are intended to reproduce the time variations that would have been
obtained for local scale surface MDV (e.g. observation for the same recent climate period) from time
variations of large-scale variables(e.g. pseudo-observations of the recent climate). Different methods
belong to this type of SDM. Among them, we focus here on those based on transfer functions or
analog resampling.
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Transfer functions are quantitative relationships that directly link weather variables to relevant
circulation variables or to relevant mathematical transformations of these variables. Transfer functions
include nonlinear regression techniques, principal component analysis (PCA)/canonical correlation
analysis (CCA), and artificial neural network (ANN) (e.g. Wilby et al., 1998; Garcia-Bustamante et
al., 2012). Generalized linear models (GLMs) (Nelder and Wedderburn, 1972), first proposed by Coe
and Stern, (1982) for the generation of precipitation, extend multiple regression models to nonnormally distributed variables. Usually suited for downscaling most MDV (precipitation (occurrence
and amount), temperature, humidity variables and potential evapotranspiration), they have become
very popular in recent years (Chandler, 2005). The Generalized additive model (GAM) (Hastie and
Tibshirani, 1986, 1987), where the linear dependence is replaced by nonparametric smooth functions,
extend GLM and are also applied as SDM (e.g. Beckmann and Buishand, 2002). For precipitation,
transfer functions are usually two-part empirical models giving an expression of precipitation
occurrence probability (expression often conditioned on previous weather state wet/dry) and of the
expected mean or the full distribution of precipitation amount (given a wet day).
SDM based on transfer functions initially developed for a single-site can be extended to multisite
versions using, for example, correlated driving random variables. As they use autocorrelated large
scale atmospheric variables as predictors, transfer functions are reported to produce realistic levels of
inter-annual variations of aggregated weather variables when compared to many other stochastic
weather generators (Wilks and Wilby, 1999).
Non-parametric SDM based on the K-nearest neighbor (K-nn) resampling approach have been widely
used in recent years for the generation of multisite daily weather variables (e.g. Buishand and
Brandsma, 2001 or Gangopadhyay et al., 2005). Analogs of a state vector for the current generation
time step are searched for on the basis of similarity criteria in the historical database. The state vector
used for this identification is based on atmospheric and/or surface weather variables. The
necessary/required surface variables observed for one of the K-nn are then used as a weather scenario
for the generation time step. The approach is known as the analog method when the nearest neighbor
is selected for each time step as a scenario (Zorita and Von Storch, 1999). A number of variants for the
K-nn approach have been presented in the last decade. The differences result from 1) the vector of
large scale predictors (e.g. (i) given fields of synoptic variables or vector of synthetic indices extracted
from these fields via Principal Components Analysis (PCA) (Zorita and Von Storch, 1999), or (ii) a
Canonical Correlation Analysis (CCA) (Fernandez and Saenz, 2003)), 2) the distance criterion used to
identify the nearest neighbors (e.g. Euclidean, Mahalanobis, Teweless Wobus) and 3) the method for
estimating the predictand from these K-nn (estimation from nearest neighbor, one of the K-nn
randomly selected, median value of the K-nn, weighted averaged of K-nn). A probabilistic distribution
of predictands is sometimes also proposed when all K-nn are retained.
The skill of statistical relationships between large-scale predictors and surface meteorological
variables is expected to improve when predicted variables are averaged in space and/or in time
(Gangopadhyay et al., 2004; Buishand et al., 2004; Chardon et al., 2013). It also depends on the
predictands, the link being usually much weaker for precipitation than for other variables. As a result,
even when a single scenario has to be generated, the generation has to account for the corresponding
uncertainty. In state to the art SDM, the expected value obtained from transfer functions is therefore
perturbed by a random correction factor obtained from the distribution of the residual noise. A K-nn
approach is preferred to the analog one for the same reason. Simple SDM disregarding this uncertainty
are expected to generate scenarios that underestimate the variance of observations.
For hydropower applications, different parameterizations of different GLMs and K-nn approaches
were used by François (2013) for a mesoscale alpine catchment; SDSM was applied by Ospina-
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Noreña et al. (2009); Conditional Random Fields were used by Raje and Mujumdar (2010). Koch et
al. (2011) applied a k-nearest neighbor approach at the weekly time scale over the Upper Danube
Basin. A much larger set of studies was proposed for hydrological applications (e.g. Wilby et al.,
1999; Salathe, 2003; Dubrovskỳ et al., 2004; Burger and Chen, 2005; Chen et al., 2011; Bourqui et al.,
2012).
Statistical downscaling of wind is generally restricted to wind speed for wind energy application (e.g.
De Rooy and Kok, 2004; Gutiérrez et al., 2004; Pryor et al., 2005a) and is not developed to produce
wind components. However Salameh et al. (2009) used GAM with splines to downscale near-surface
wind in southern France. The six-hourly, daily and weekly average surface wind components (u,v) are
explained by near surface pressure gradient, low-level winds at 925 and 850 hPa, geostrophic wind at
700 hPa, relative vorticity and geopotential at low levels. To obtain this set of explanatory variables
containing both large-scale upper air and surface atmospheric fields, the authors use both statistical
and physical (steady equation describing the dynamical evolution of the near-surface wind) tools.
Garcìa-Bustamante et al. (2012) recently applied canonical correlation analysis (CCA) to downscale
components of surface wind over a complex region in the northeastern Iberian Peninsula. CCA is a
multivariate statistical technique developed by Hotelling (1935) that detects linear associations
between sets of predictor and predictant variables that are optimally correlated. The raw data are
projected onto their principal components to remove noise and reduce the number of degrees of
freedom. Six large scale predictors are used by Garcìa-Bustamante et al. (2012) to predict monthly
mean of wind components in the Comunidad Foral de Navarra : sea level pressure, 850 and 500 hPa
geopotential heights, 10-m height zonal and meridian wind components and 500-850 hPa thickness
data. Sailor et al. (2008) used the tree-structured regression (TSR) of the rule-based classification
technique called CART (Breiman et al., 1984). In regression trees, the groups are generated
automatically during the classification process. TSR was chosen because it can handle categorical
predictors (e.g month or julian day) and it is relatively easy to implement. The chosen predictors were
zonal, meridian and total wind speeds, maximum and minimum air temperatures and sea level pressure
of four GCMs (GISS, MRI, GFDL, ECHAM5). The application was carried out to predict wind power
generation potential in a region composed of five states within the Northwest United States (Idaho,
Montana, Oregon, Washington and Wyoming).
2.3.2

Weather generator (WG)

Weather generators are not, strictly speaking, downscaling techniques, but are often used in
conjunction with other techniques outlined in this section. A weather generator is a statistical model
used to generate realistic temporal sequences of weather variables — precipitation, maximum and
minimum temperature, solar radiation, relative humidity, etc (see Wilks and Wilby, 1999, for a
review). The temporal resolution of generated data can be substantially shorter than the one used in
other downscaling techniques – for instance, hourly simulations are not uncommon (Ivanov et al.,
2007).
A number of weather generators (WG) have been developed. For precipitation, they range from very
simple series (e.g. Semenov et al., 1997) and Markov chain based models (Richardson, 1981) to
sophisticated approaches based on the observed hierarchical organization of rainfall and on raincell
space and time-clustering processes (e.g. Onof et al., 2000; Ivanov et al., 2007; Kilsby et al. 2007). For
non-precipitation variables, which present a more convenient statistical behavior, simple
autoregressive processes are usually applied (e.g. radiation, temperature, wind) e.g. Hanson et al.,
1998. The generation of some weather data might be conditional on a driving weather variable:
precipitation sequences can, for example, be generated first, and other weather data sequences derived
using statistical relationships between these weather data and precipitation, with different relationships
used for different precipitation states (wet and dry days for example). Another example is that
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cloudiness is sometimes used to condition the simulation of radiation, temperature and dew point
temperature (e.g. Ivanov et al., 2007).
For the generation of weather scenarios under the future climate, WG following two main approaches
are used. In the first one, WG are conditional, most often on weather type. In this case, WG parameters
are estimated separately for a discrete number of weather types identified from a classification of
large-scale atmospheric circulation (Qian et al., 2002; Stehlik and Bardossy, 2002, Xu et al., 2007).
The classification uses classical classification techniques (e.g. k-means clustering approaches,
Kohonen self-organizing feature maps (SOM), artificial neural networks, fuzzy rules, etc.) applied to
meteorological fields themselves (fields of geopotential heights for example) or on synthetic and local
variables extracted from these fields (Hartigan and Wong, 1979; Wilson et al., 1998; Buishand and
Brandsma, 1997; Zorita and von Storch, 1999; Bardossy et al., 2002; Boulanger et Penalba, 2010). To
improve model performance, the identification of weather types sometimes also includes some
information on the predictant itself (Buishand and Brandsma, 1997; Bates and al., 1998; Bardossy et
al., 2002; Boé et al. 2007; Najac et al., 2009).
In the second approach, WG are non-conditional. This approach is often referred to as statistical
downscaling even though it is not really based on the same principles. In this case, the WG parameters
are usually estimated on the basis of certain key statistical characteristics of the predictand (e.g. mean,
variance of aggregated variable for different time scales). For the control period, these characteristics
are estimated from observations. For the future period, they are estimated from observations and the
outputs of "control" and "future climate" experiments produced by climate models. Often, the term
‘factor of change’ expresses the difference between statistics of climate variables computed for the
two scenario periods. The factors of change are subsequently applied to the statistics derived from
observations to re-evaluate the parameters of the weather generator.
For hydropower applications, Minville et al. 2010a and 2010b used the delta method to parameterize
the WeaGETS weather generator (Caron et al., 2008). Rivarola Sosa et al. (2011) applied the LARSWG weather generator (Semenov, 1997).
Solar radiation is simulated in a number of generators as a weakly stationary, autoregressive process,
sometimes together with other weather variables such as temperature and wind (e.g. GEM, Hanson
and Johnson, 1998). Different semi-empirical estimation schemes can also be used based on air
emissivity and sky cover estimation obtained in a previous step from other appropriate schemes
(Marthews et al. 2012). The cloudiness variable can be estimated based on the precipitation variable
(e.g. Ivanov et al., 2007; Fatichi et al., 2011; see section 2.3.3). Marthews et al., 2012 compared the
long-wave flux estimated from different combined schemes (cloudiness + radiation) with hourly
observations from a flux tower at Caxiuan in Brazil. Of all schemes tested, the Dilley-Kimball
emissivity scheme combined with Kasten and Czeplak's sky cover scheme during the day and Dilley
and O'Brien's model B scheme at night proved to be the most reliable, yielding estimates of LW flux
generally within 20 W/m2 of measurements across all time points. To our knowledge, no methodology
has already been proposed to account for fog. Fog reveals itself however to be a predictor of solar
production as important, if not more so, as cloudiness in some regions. It is moreover not necessarily
limited to cold months when radiation availability is limited.
2.3.3

Multivariate and multisite downscaling

SDM and WG developed for the generation of weather scenarios for multiple weather variables are
very few. They are also usually limited to the generation of times series at multiple sites within the
region of interest. A number of critical issues arise here. They all relate to the possibility of generating
relevant scenarios with respect to 1) space-time correlations between sites for each weather variable
and 2) relevant space-time correlations between different weather variables.
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For a number of multivariate WG, a classical approach is to adopt a “rainfall centered” vision of the
climate (Wilks and Wilby, 1999 or Ivanov et al., 2007). Non-precipitation variables are simulated
conditionally, based on precipitation scenarios generated in a preliminary step from one of the
numerous existing precipitation generators. This approach is, for example, the one used by the wellknown LARS-WG (Semenov and Barrow, 1997; Haris et al., 2010), ClimGen (Mckague et al., 2003
or Stockle et al., 2004) and AWE-GEN (Ivanov et al., 2007; Fatichi et al., 2011). These weather
generators are frequently used for applications in hydrology, ecology and agriculture. For the
generation of non-precipitation variables, empirical regressions, expected to maintain both the crossand auto-correlations between and within each of the variables, are developed conditionally on
precipitation (usually wet/dry state) for the current and sometimes previous generation time step (e.g.
(Kilsby et al., 2007)). The relationships can also account for some description of the underlying
physical phenomena of the process. As an example, the approach retained for AWE-GEN uses the
cloudiness dependence on precipitation, the dependence of temperature range, long- and short-wave
radiation on cloudiness, the dependence of mean temperature on radiation, the dependence of air
humidity via dew point temperature on minimum daily temperature and daily temperature amplitude,
etc (see Appendix 8.5 for an extended summary of the structure). Solar radiation levels have actually
been reported to be lower on a wet day, due to increased cloud cover, compared to a dry day when
clear skies are more probable (Richardson, 1981). The daily range of temperatures is also correlated to
cloudiness, higher for clear sky conditions than for overcast days. Such an approach is sometimes
presented as a hybrid approach between empirical WG and physically based methods. To cope with
seasonality, removing its calendar mean and standard deviation classically normalizes each secondary
variable. As reported by Dubrovskỳ et al., 2004, annual cycles may also be represented by using
smoothed curves of daily statistics (Dubrovský, 1997), by Fourier series (Spirkl and Ries, 1986;
Semenov and Barrow, 1997), by high-degree polynom (Gutry-Korycka et al., 1994) or by a simple
harmonic wave (Peiris and McNicol, 1996).
SDM based on circulation-based transfer functions have been widely used for the stochastic
generation of different weather variables at a single site or for area averages. They can be easily
extended to multivariate and multiple sites (or even true spatial) generators as they can be fitted and
used for multiple locations and multiple variables simultaneously (e.g. Rossler et al., 2012a,b). The
use of common large-scale predictors induces some spatial correlation between generated scenarios.
Some temporal autocorrelation is also obtained resulting from the significant persistence of driving
atmospheric indices used as predictors (Buishand et al., 2004). However, the level of correlation
obtained either in space or time is not enough unless the generation at individual sites is forced by
spatially and temporally correlated random-number forcing (e.g. Wilks and Wilby, 1999; and
Mezghani and Hingray, 2009).
K-nn resampling approaches, where analogs are identified based on some large scale atmospheric
information, were mainly applied to the generation of multisite scenarios of precipitation or
precipitation and temperature (e.g. Buishand and Brandsma, 2001; Gangopadhyay et al., 2005). A
number of recent works have extended their application to the generation of a number of covariates
(e.g. precipitation, temperature, relative humidity, long and short wave radiation, and wind speed in
Boé et al., 2007; Lee et al., 2012; Lafaysse et al., 2013). The major advantage of K-nn resampling
approaches is that they do not make restrictive assumptions concerning the joint distribution of the
different variables. Therefore, they can be easily applied to non-normally distributed data. As surface
weather variables are sampled simultaneously from historical records, generated fields are physically
realistic and consistent (because already observed) within each day. Generated weather variables are
then expected to reproduce not only the observed distributions but also cross-correlations between
variables and sites much better than parametric models (e.g. Mehrotra and Sharma, 2007 or Lee et al.,
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2012 or Boé et al., 2007). This applies to the generation time step (usually daily), to aggregated time
steps and also to sub-daily time steps (for example hourly if such resolution is available in the archive)
e.g. Mezghani and Hingray, 2009. The only limitation to the number of covariates generated and to
space-time resolution of generated time series is the limitation of the available data in the archive of
observations.
2.4

Hybrid downscaling models

Some hybrid downscaling approaches have been proposed in recent years.
Most of them combined different SDM. Yang et al., 2010 presented a stochastic model that
downscaled multisite daily precipitation from a continuous atmospheric predictor, moisture flux, in
addition to classified atmospheric circulation patterns. Similar methods combining weather typing and
transfer functions are presented by Boé et al. 2007 and Najac et al. 2011 in respect of precipitation and
wind downscaling over France. Wilby et al., 2002 developed the Statistical Downscaling Model
(SDSM), a hybrid of stochastic WG and regression methods. It uses circulation patterns and moisture
variables to condition local weather parameters, and stochastic methods to inflate the variance of the
downscaled climate series. SDSM has been widely used over the last decades in hydrological impact
studies (Wilby et al., 2002). Mezghani and Hingray (2009) proposed a combined SDM model (d2gen)
based on 1) a suite of GLMs for the stochastic prediction of daily regional indices of precipitation and
temperatures from atmospheric indices and 2) a k-nearest neighbor resampling scheme for their spacetime disaggregation to hourly and multiple site variables. The main drawback of the Analog method is
that it cannot extrapolate outside the range of observations - which is not suited to a context of climate
change projections. Imbert and Benestad (2005) developed a combined SDM coupling an Analog
method and a linear model. Similar combined models were proposed afterwards using Artificial
Neural Networks (ANN) (Cannon, 2007), machine-learning algorithms such as Random Forests and
Multiple Linear Regression (MLR) (Ibarra et al., 2011).
Another approach combining SDMs with DDMs (e.g. Burger et al., 2011 or Diez et al., 2005) found
that such an approach offers an improvement over the use of either statistical or dynamical approaches
alone. As an example, the DDM might be used for a physically coherent downscaling of high
resolution multiple variables for a limited set of atmospheric configurations, and the SDM might be
used for the generation of time series from this information. It is sometimes assumed that the local
climate can be characterized by the occurrence frequency of a limited number of meteorological
situations. This approach holds if the modification of climate only results from a modification of
frequencies associated with the situation. Some studies such as Hsu and Zwiers, 2001 or Stone et al.,
2001, could validate this strong hypothesis. The large-scale atmospheric circulation is therefore
classified in a number of weather types characterized with the composite fields of different
geostrophic variables. The classes are defined at a scale that is well resolved by the GCM/large-scale
analysis. A mesoscale model is then run with boundary conditions associated to each weather type,
resulting in fields of different variables at the mesoscale. For climatological evaluations of the target
predictand, the mesoscale model output obtained for each weather type is weighted with the respective
frequencies of the weather types as estimated for the studied climate period. This gives the regional
distributions of the predictand (e.g., mean values, variances, frequency distributions) corresponding to
the global climate represented by the large-scale data.
In principle, this type of downscaling has its origin in methods that were used to estimate mesoscale
wind statistical characteristics through geostrophic wind statistics. For example, Frey-Buness et al.
1995 and Fuentes and Heimann, 2000 used such an approach to estimate the winter wind, temperature
and precipitation in the Alpine region; Goubanova et al., 2011 to estimate the sea surface wind over
the Peru-Chile region, a region favorable for upwelling, and Najac et al., 2011 to produce high
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resolution maps of wind distribution over the whole of France in the present climate and in some
future climates. This method is usually recognized to require significantly less computer resources
than dynamical downscaling methods. Moreover, the method is not limited to regions where sufficient
data are available as required in statistical downscaling methods.
Other limitations of SDM approaches are mentioned in section 0. The strengths and limitations of
SDM with respect to DDM and CM approaches are summarized in section 0/ Error! Reference
source not found..
2.5

Post-processing model outputs: Bias correction and perturbation methods

From a statistical point of view, the notion of bias is very clear and precise. The bias of an estimator is
the average (expected) difference between the estimator and the truth. For weather forecast
verification and according to WMO (WWRP 2009-1, 2009) the bias relates to the difference between a
mean forecast and a mean observation averaged over a certain domain and time. In the context of
climate change impact studies, the definition is not so rigorous and varies according to the scope of the
study. It is generally used for addressing any deviation of interest (with respect to the mean, variance,
correlation, proportion of dr da s… of the model from the correspondin observation considered as
the “true” value . Chen et al.
a) and Haerter et al (2011) define bias as the portion of the error
that occurs at all times (called the time-independent component of the model error). What are the main
causes of biases? The most obvious reasons for biased model output of GCM are imperfect model
representations of atmospheric physics (Maraun, 2010), incorrect initialization of the model or errors
in the parameterization chain (e.g. the parameterization of aerosol-cloud-precipitation microphysics,
Doherty et al., 2009). If we consider RCM, errors can be introduced by incorrect boundaries provided
by reanalyses, or GCMs, or inconsistencies between the physics of GCMs and RCMs. Another source
of bias relates to the inconsistency between the reference data sets the “truth” used for model
parameterization and the validation. Hydrological models using meteorological output from RCMs
add other sources of bias. RCMs include hydrological components to compute land-surfaceatmosphere interaction. An assumption is made on the comparability of the land-atmosphere feedback
functioning of the hydrological model and of the RCM. According to Rojas et al. (2011), this
hypothesis is usually not fulfilled. Finally if the spatial or temporal resolution of the GCM/RCM input
is inadequate for the hydrological model, another bias occurs. For a more detailed discussion of the
physical causes of bias the reader is referred to Ehret et al. (2012, section 2.2).
The magnitude of bias can be very large. For example Johnson and Sharma (2012) found that the
annual rainfall obtained from raw output of a GCM (CSIRO Mk3.5) and RCM (MIROC) is overestimated by up to 200% in the interior of Australia while it is underestimated along the coasts.
Based on the above considerations, the use of bias correction methods is necessary. Recently several
bias correction approaches have been developed ranging from simple scaling methods to rather
sophisticated approaches. BM are also sometimes referred to as Model Output Statistic approaches
that establish a statistical link between precipitation by the climate model (either GCM or RCM) and
the local scale “real” precipitation. uch methods, applied in numerical weather forecastin for a lon
time (Antolik, 2000; Gangopadhyay et al., 2004), are currently also being developed for the correction
of climate model outputs. Another strategy to cope with GCM bias is the use of so-called delta-change
or perturbation approaches. Their principle is illustrated in Figure 7. It is discussed hereafter.
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Figure 7 -Two simple schemes for local scale weather scenario development from GCM outputs. A) RCM Bias
correction scheme and b) perturbation method (Taken from Teutschbein, C. and Seibert, J., 2010).

Teutschbein and Seibert (2012) exposed a recent review of bias correction for temperature and
precipitation. Amongst all the scaling methods, the linear scaling method used by Lenderink et al
(2007) is the simplest one. This approach is able to remove the bias in the mean and can be applied to
both precipitation and temperature in order to deal with the bias in the wet-day frequency method (Lee
et al., 2012). While correcting for the mean is standard, correcting for variability is less common,
albeit equally important. In order to adjust the second order moment (variance) of a precipitation time
series, Leander and Buishand (2007) and Leander et al. (2008) use a power transformation of
precipitation. A corresponding method to correct both the mean and the variance of temperature time
series was developed by Chen et al. (2011 a,b). This approach is called variance scaling of
temperature. Another more sophisticated approach is to correct the distribution function of simulated
climate values to correspond with the observed distribution function. This method is referred to as
distribution mapping, probability mapping (Block et al. 2009; Ines and Hansen, 2006), quantilequantile mapping (Wood et al., 2002; Boé et al, 2007; Déqué et al., 2007; Johnson and Sharma, 2012;
Sun et al., 2011) or histogram equalization (Rojas et al., 2011; Sennikovs and Bethers, 2009). Usually
the gamma distribution is used for precipitation while the normal distribution is applied for
temperature. Figure 8 taken from Teutschbein and Seibert (2012) illustrates the principles of
distribution mapping. Structure of bias might be different from one calendar season to the ext, from
one weather-type to another. For all CM, the correction is often applied conditionally, on an annual,
seasonal, or monthly basis.
Another scenario development method, close to BM methods, is the widely used perturbation method.
In this case the future scenario is obtained from the observed series, with some perturbation applied on
each day of the observed series based on changes simulated by the climate model for a number of
statistics between the control and the future. The same approaches as those described previously for
CM are used. The widely applied Delta–change correction considers changes in mean and sometimes
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variance and is often applied for the correction of precipitation and temperature (Lettenmeier et al.,
1999). Distribution mapping, or perturbation, based on some probabilistic model adjusted to the
variable of interest, are also examples of Delta-change correction methods (e.g. power transformation
of 10 days precipitation is used by Shabalova et al., 2003 and Schaefli et al., 2007). The perturbation
method is convenient as it can be quickly applied to several GCMs in order to produce a few climate
scenarios. It is often applied for preliminary sensitivity analyses.

Figure 8 - An example of the distribution mapping. Left: The Gamma distribution of RCM-simulated daily
precipitation (dashed gray) was shifted towards the Gamma distribution of the observations (black circles). Right: The
Gaussian distribution of RCM-simulated daily mean temperature (dashed gray) was shifted towards the Gaussian
distribution of the observations (black circles). Taken from Teutschbein and Seibert (2012, figure 6).

Thanks to their simplicity, the vast majority of studies for hydropower used perturbation methods,
usually on a monthly basis for changes in precipitation and temperature (and possibly others, see for
example, Lofgren et al., 2002). Schaefli et al., 2007, also accounted for changes in mean and
variability for both variables. A number of studies applied the method based on GCM outputs. Lund et
al. (2003) and Tanaka et al. (2006) for example performed a statistical interpolation of GCM outputs
with the PRISM method (Miller et al., 2003). Markoff and Cullen (2008) used a direct interpolation of
GCM outputs to the target resolution before computing change factors. The delta method has also been
applied to RCM outputs, either in its classical version (Graham et al., 2007a,b) or in a version
allowing smooth daily changes (Bosshard et al., 2011;Hänggi et al., 2011a, 2011b).
Studies applying BM to GCM or RCM outputs are also numerous. Minville et al. (2009) applied some
kriging and bias correction schemes to RCM outputs(LOCI, Schmidli et al., 2006 for precipitation). Is
‘; for precipitation’ supposed to be in the brac ets? Finger et al. (2012) applied a quantile mapping
technique to RCM outputs (Themeßl et al., 2011). The most commonly used statistical downscaling
method in US studies is the Bias-Correction and Statistical Downscaling (BCSD) method developed
by Wood et al. (2004). It has been applied directly to GCM outputs (Payne et al., 2004; Van Rheenen
et al., 2004; Christensen et al., 2004; Christensen and Lettenmaier, 2007; Vicuña et al., 2011) and to
RCM outputs (Payne et al., 2004). It has also been applied over the Nile Basin (Beyene et al., 2010). A
variant has been furthermore developed by Vidal and Wade (2008a, 2008b) and applied in France
(Paiva et al., 2010; Hendrickx and Sauquet, 2012).
To our knowledge, few studies evaluate the sensitivity of the method results. Teutschbein and Seibert
(2012) compared six BC methods for precipitation (no correction, linear scaling, LOCI, power
transformation, distribution mapping, delta change) and five BC methods for temperature (no
correction, linear scaling, variance scaling, distribution mapping and delta change) simulated by 11
different RCMs.
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CM is also commonly used for the correction of large-scale atmospheric predictors of SDM. Although
they are sometimes mentioned when used for the correction of MDV required for impact studies, they
are rarely mentioned when used for the correction of SDM input. They are however also applied in
this context for all type of series used as input to SDM: e.g atmospheric indices such as potential
vorticity by Wilby et al., 1998; coordinates on the EOFs retained for the description of explanatory
atmospheric fields (e.g. Boé et al., 2007; Najac et al., 2009); and also full bi-dimensional fields on
given spatial domain (e.g. for analog methods based on shape similarity between fields; Lafaysse et al.
2013). Wilby et al., 1998 mentioned that without bias correction, the airflow indices (vorticity and
flow strength), used as input to a transfer function based SDM of precipitation, would have led to a
slight bias in lower probabilities of precipitation occurrence and wet-day amounts for the scenarios
under study. Again, all methods mentioned previously for the correction of MDV outputs of climate
models are possible, from simple bias/variance CM, to distribution mapping CM (e.g. Figure 9).

Figure 9 - Mapping correction functions (x: climate model output; y: correction) for different atmospheric
indices used as predictors in a GLM based SDM (climate data are re-gridded outputs of MPIEH5C-run1 from an
ENSEMBLE –STREAM2 experiment; observation data are NCEP reanalysis data). From left to right and top to bottom:
meridian (u) and zonal (v) geostrophic flux at 700hPa; specific (q) and relative (r) humidity and air temperature (ta)
at 700hPa ; mean sea level pressure (slp) (from Hingray et al. 2013).

Other limitations of SDM approaches are mentioned in section (3). Strengths and limitations of SDM
approaches with respect to DDM and CM approaches are summarized in section 3/ Error! Reference
source not found..
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3. Comparing the different approaches for CRE production modelling
The choice of the COMPLEX project is to use statistical downscaling. Nevertheless we saw that DDM
is also used for CRE production studies. This section briefly analyses the positive and negative aspects
of each method regarding CRE production modelling. It expands elements given by Hingray et al.,
2009. More detailed discussions on this can be founded in Fowler et al. 2007 and Maraun et al. 2010.
A summary of the strengths and limitations of the different methods is given in Error! Reference
source not found..
3.1

Limitations of dynamic downscaling models

Like general circulation models, regional climate models are imperfect representations of reality. This
is the result of incomplete knowledge of certain key atmospheric and oceanic processes, of the
necessity of simplifying the description of the environment and of complex meteorological
phenomena. Consequently, large systematic errors may exist between the observed and simulated
fields of various atmospheric variables obtained for the standard control period (1961-1990). This is
particularly the case for the main MDV required for CRE impact analyses. For surface temperature
and precipitation, for example, systematic errors between control and climatological data for
continental Europe were on the average around 2°C and 1 mm/day at the beginning of the 2000s
(mean results obtained from state-of-the-art versions of 13 European models within PRUDENCE ;
Déqué et al., 2007; Jacob et al., 2007).
Note also that the quality of simulations of the present by RCMs decreases with the temporal and
spatial scales. Although such models can roughly reproduce the spatial distributions of mean variables
on a continental or sub-continental scale, their performance is much more modest at the regional and
especially catchment scales. Consequently, certain climatologists recommend that results produced at
the grid scale should not be used, even though they correspond more or less to the scale required by
hydrologists (C. Frei, personal communication). Spatial pooling, whereby precipitation data from
neighboring grid cells are concatenated, is expected to improve the signal to noise ratio and thus
provides improved statistics of precipitation, especially heavy ones (e.g. Kendon et al., 2008). There is
also a minimum temporal scale on which RCMs can provide meaningful information. Moreover, even
if the simulation time step of GCMs and RCMs is in the order of several minutes, the reliability of the
output from the model is very modest for time steps less than a month (Prudhomme et al., 2002; Luo
and Yu, 2012). Sub-daily precipitation and the diurnal cycle of convection are for example not
captured by current RCMs (Brockhaus et al., 2008; Lenderink and van Meijgaard, 2008). The
statistical characteristics (frequency, intensity, distribution) of precipitation are relatively poorly
reproduced (Frei et al., 2006; Boroneant et al., 2006). This is even more critical for seasons during
which precipitation is produced mainly by local atmospheric processes that require parameterization
for modeling convection. Moreover, orographic precipitation being among the most difficult variables
to simulate using climate models (Giorgi and Mearns, 1991), these problems are also particularly
important in regions with marked relief as illustrated by Frei et al. (2003) for five regional models
evaluated for different European regions including the Alps. The simulated space-time variability of
MDV and their spatial autocorrelations and cross-correlations are also not necessary realistic, or at
least not necessary more realistic than those obtained by some appropriate SDM. Boé et al., 2007
showed that a DDM with bias correction was less skillful than a weather type based SDM in
reproducing precipitation persistence properties and the spatial autocorrelation of precipitation and
temperature. For precipitation, the probability of wet days is often significantly overestimated by
DDM. The resulting large underestimation of precipitation intermittency and dry spell lengths
significantly modifies the dynamic of water and energy balance at the soil-vegetation-atmosphere
interface and in turn river low flow discharges regimes. For wind, the reliance of scenarios at the
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regional scale is not guaranteed, as DDM depends highly on boundary conditions driven by GCM
output that is known to be suspect near the surface (Sailor et al., 2008).
This is also the case with dynamical downscaling. Even if not often discussed, the first/primary
assumption in dynamical downscaling is that the physical parameterizations of the RCM remain
applicable to climate change conditions. This is not necessarily the case as those parameterizations
result from some anterior tuning, especially for RCMs that have been developed for a specific region.
More confidence in the validity of this critical hypothesis can be placed in RCMs that have been
shown to perform well for multiple regions [Christensen et al., 2007]. nother “stationar assumption’
also underlies DDM approaches when used after the application of any bias correction method; that
the correction function established for present climate is still applicable to the altered climate.
All this makes it difficult to directly use local meteorological variables produced by these models for
the future climate scenarios required for impact assessments. This is reinforced by the fact that the
differences between the results for future and control periods are lower for certain variablesthan the
differences between control and climatological data.
3.2

Limitations of statistical downscaling methods

The use of statistical downscaling methods to generate future meteorological scenarios is based on
important assumptions: 1) Concomitant series of reliable observations or pseudo-observations are
available for the identification of the downscaling link between local scale weather and large-scale
atmospheric variables. 2) The variables used to describe synoptic-scale atmospheric conditions? are
properly simulated by the climate models. 3) These variables are physically pertinent for the prediction
of the local meteorological variables and have a strong predictive power. 4) These variables can be
used to fully describe the climate change simulated by the climate model. 5) The scaling relationships
identified between the local and synoptic variables for the current climate situation will not be
modified in the future.
These assumptions also concern dynamic downscaling methods; however to a lesser extent.
The first point constitutes a major limitation of SDM as such concomitant data are required for a
preliminary calibration step of the model. Surface variables are unfortunately not available for many
regions worldwide, often as a result of a decline in ground-based observations in the last decades. A
reliable downscaling depends on the quality of data (especially their time homogeneity) and also on
the length of the series, that should ideally cover several decades to ensure that the statistical link is
able to cope with some decadal variability of climate. Such an ideal configuration is unfortunately not
frequent.
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Figure 10 - Seasonal bias in mean and standard deviation of the westerly component of wind in different GCM.
Extracted from Van Ulden & Van Oldenborgh (2006)

The second assumption greatly limits the choice of possible predictors and favors the use of synoptic
variables related to the dynamic parts of models rather than certain thermodynamic variables that
could be more pertinent. In particular, a predictor that appears to be unimportant for the present
climate can become essential in a climate-change context. For example, it is probable that future
surface temperature changes will be more related to changes in the radiative properties of the
atmosphere than to changes in circulation. On the other hand, synoptic variables related to dynamic ??
there should be a nou here to o with the adjective ‘d namic’ are not necessarily well simulated as
pointed out in some recent publications (e.g. Van Ulden and Van Oldenborgh, 2006; Figure 10).
The “stationar assumption” is in fact impossible to validate or invalidate given that available data sets
that can be used for this purpose are 1) often not homogenous enough in time to allow for this
evaluation (e.g. Yang et al., 2006, Lafaysse et al., 2013) and 2) presently cover a wide range of
atmospheric situations that are a priori little representative of those that could be observed in the future
(see section 4.2.4).
Additionally, each type of statistical downscaling method has its own specific limitations. Potential
limitations of resampling schemes have often been discussed in the literature [e.g., Young, 1994;
Yates et al., 2003; Beersma and Buishand, 2003]. Simulations from analog models are unable to
produce events not observed in the historical database and thus unable to make extrapolations outside
the range of observed values (Imbert and Benestad, 2005). Moreover, the historical database is often
not long enough to be representative of all possible meteorological situations. Such a limitation may
cause under-generation of events that are extreme in their frequency and magnitude (Lee et al., 2012).
A perturbation of observed values, based sometimes on a random inflation factor, has been proposed
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to overcome this problem (Young, 1994; Imbert and Benestad, 2005; Mezghani and Hingray, 2009;
Lee et al., 2012). Besides, the resampling procedure may underestimate the temporal autocorrelation
of weather variables as for example the persistence of wet / dry sequences (Apipattanavis et al., 2007;
Buishand and Brandsma, 2001). The standard deviations of variables can also be underestimated
because of a “selection effect” that leads to a s stematic under-selection of non-frequent days,
particularly at the margin of the selection domain. Another drawback of analog methods and of
methods conditioned by weather patterns is that it is assumed that the future synoptic-scale
atmospheric situations have already been observed today, which is not likely to be the case. For
example, the expected warming of the atmosphere will increase the capacity of the atmosphere to store
water vapor and therefore increase the specific humidity of the air masses. In this light, possible
changes to local meteorological variables, in particular precipitation, will not be solely related to
modifications concerning the frequency of weather patterns observed today (Hewitson and Crane,
2002).
The main limitation of methods based on transfer functions is that the predictors often used only
describe part of the variability of local meteorological variables. The percentage of variance explained
by a precipitation occurrence model (or respectively precipitation depth model) is for example often
less than 50% (respectively 40%). Moreover, the scenarios generated for the future are highly
dependent on the chosen predictors and transfer functions (e.g. Lafaysse et al., 2013). Most transfer
functions were developed for the generation of scenarios for a given weather variable at a given site.
The simultaneous simulation of different variables and/or the simulation of weather variables at a
number of sites is less widely used because it's less tractable. The major difficulty is to reproduce the
spatial dependence observed between sites and/or variables even if part of this dependence is induced
when using common predictors such as atmospheric circulation indices (Katz et al., 2002). A classical
extension to the true spatial or multisite model uses the generation principles of the Richardson WG
(Richardson, 1981), where all variables are generated using the point model at each site by driving the
local models by spatial fields of random numbers, generated with latent multivariate Gaussian
processes exhibiting appropriate spatial correlations (Wilks, 1999). A limiting point is that autocorrelation and cross correlation functions may significantly vary throughout the year and from one
weather type to another, which contradicts the use of constant matrices in the autoregressive forcing
models (Dubrovskỳ et al., 2004). Also, transfer functions have typically been developed to generate
weather variables at a daily time step whilst a smaller time step is needed for many hydrological
applications. This requires temporal disaggregation methods, which is again a source of major
difficulties in the case of multisite generation.
This disaggregation step is conversely usually not required with Weather Generators as they can
achieve a temporal resolution substantially shorter than the one used in other SDM techniques – for
instance, hourly simulations are not uncommon (Ivanov et al., 2007). Due to their construction,
multivariate WG usually perfectly simulate the statistical distribution of daily values for each period of
the year and the correlation between variables at the generation time step as well. An appealing
characteristic of WG is that they are able to generate extreme events that are not included in the
observed time series. However, if the statistical relevance of such extreme events is ensured when
appropriate statistical models are used, it is not clear if the physical relevance of generated scenarios is
guaranteed. The relevance of generated weather sequences can be also questioned. According to
Hutchinson, 1986 (cited by Kilsby et al., 2007), it primarily depends on the relevance of generated
precipitation scenarios. Kilsby et al., 2007 thus argue that a number of recent multivariate weather
generators, especially those based on first order Markov chains, are suboptimal because they are not
realistic enough with respect to the space – time clustering nature of observed precipitation. WG can
also lack realism for the representation of other variables. As far as we can judge, this is for example
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the case with AWE-GEN in terms of wind description which is assumed to follow an Autoregressive
Moving Average process AR1 independent from the other hydrometeorological variables, including
rainfall – the master process of this simulation method. Besides this, WG are also expected to
underestimate the inter-annual variability of weather as long as the processes are usually assumed to
be stationary. This was extensively reported in the literature for precipitation, but the same occurs for
other variables such as temperature (e.g. large ill-estimation of heat wave duration properties in Kilsby
et al. 2007). An additional forcing model is sometimes used for inflation of this inter-annual
variability. For example, a preliminary generation of a monthly or annual average precipitation series
is sometimes obtained with an AR(1) forcing model (Dubrovskỳ et al., 2004; Fatichi et al., 2011). The
application of WG in a climate change context is finally not straightforward as it requires the
estimation of a factor of changes (usually on a monthly basis) for a number of weather statistical
characteristics. Some of them can be estimated by comparing a specific control scenario with a
specific future scenario but the required information is not necessarily available from model outputs
(Fatichi et al., 2011). Some simplification assumptions are thus required, such as those relative to the
autocorrelation structure of annual precipitation which is assumed to be the same as that in the
observations (e.g. Kilsby et al. 2007). Finally, the main limitation of these “rainfall centered”
multivariate models is that they were developed for point simulation. Wilks (2012) reviews some
multisite extensions of Richardson type WG. The possibility of generating relevant multisite or spacetime series of precipitation is already a critical challenge. One can refer to the review of Hingray and
Musy (2003) that presents existing methods and associated limitations including non-parametric
models (e.g. Buishand and Brandsma, 2001), empirical models mainly based on Markov Chains (e.g.
Wilks and Wilby, 1999), models based on a cluster representation of rain cells (e.g. Onof et al. 2000),
and models based on Meta-Gaussian fields (e.g. Pegram and Clothier [2001a]). A classical extension
of multivariate WG to true spatial or multisite models again uses the generation principles of the
Richardson WG (Richardson, 1981) where point models at each site are driven by spatial fields of
correlated random numbers. s far as we understand this, it is not clear how the “rainfall centered”
vision proposed in the above mentioned generators, can preserve at the same time, in a multisite or
true spatial extension, both the ‘at site’ relationships between rainfall and other variables and the space
correlation between sites. To our knowledge, such extensions are very few, suggesting possibly either
the complexity of the generalization or the questionable relevance of generated scenarios.
3.3

Limitations of Correction Bias methods

Teutschbein and Seibert, 2012 pointed out the importance of the assumption of stationarity in bias
correction procedure: “For simulations of future climate… the fundamental assumption that bias
correction procedures are stationary has to be made. This is the main weak point of any bias
correction method and emphasizes the need to either find new ways of accounting for RCM bias or to
improve the RCMs in order to reduce biases in the first place”.
Teutschbein and Seibert (2012) also consider the effect of applying a bias correction method for
conditions different to those used for calibration of the method. “Therefore, one can argue that the
performance skills during the calibration period can offer some valuable information about the
performance of an independent data set”.
Ehret et al., 2012 discussed which assumptions are made when applying bias correction methods.
They distinguished:
-

Reliability: The assumption is that a GCM/RCM producing biased outputs is nevertheless able to
simulate the effects of climate change.

-

Effectiveness: The applied bias correction approach is effective, meaning that it corrects all biases
of interest without introducing other biases.

COMPLEX Report D2.1

30/85

COMPLEX – Scoping report on downscaling of climate model outputs

-

Time invariance: This assumption relies on the fact that the chosen bias correction method
parameterized for a finite period of time also holds under varying forcing and extreme climate
conditions.

-

Completeness: This hypothesis is related to time invariance. It means that the finite length control
period used to estimate the parameters of the bias correction method covers the entire spectrum of
the variable of interest.

-

Minor role of spatio-temporal field covariance. Applying bias correction methods assumes that the
effect of spatio-temporal field covariance (e.g. the direction and magnitude of temperature
gradients) is either not significantly affected by bias correction or of minor importance.

-

Minor role of feedbacks among variables: This hypothesis states that the feedbacks between the
meteorological states and fluxes are of minor importance. This means that the resulting fields can
be corrected after modeling the process.

-

No bias due to offsets: A lot of existing bias correction methods identify a bias by comparing
model output and observations for the same regions in space and the same points of time during a
reference period. So any model deficiency that leads to a spatial or temporal offset is falsely
interpreted as an offset in magnitude, i.e. a bias (Haerter et al., 2011).

-

Bias can be associated with typical timescales: most existing bias correction methods estimate and
correct bias for one or a few aggregated times of interest (month, season), thus assuming that bias
can be attributed to effects at this particular time scale.

Among all of them, the stationary assumption is actually a critical one. In spite of this, its validity is
however never completely assessed.
The bias structure is complex because biases are functions of time, space and meteorological variables.
Moreover they are spread in a non-uniform way through the distribution of the variables. The
complexity of bias structure results from the complexity of the interactions between hydrometeorological atmospheric and land-surface processes. Thus Ehret et al.
said “The question is
then whether or not the application of bias correction, which is essentially a post-processing
neglecting these complex interactions, is suitable and valid to make GCM/RCM output usable for
climate change impact studies”.
With the exception of some recent work (e.g. Buerger et al., 2011), Bias Correction in the multivariate
case is rather poorly treated. A frequent assumption usually made for CM application, is the
independence of corrections between different variables even when correlated (e.g. Figure 11).
Univariate correction schemes lead, however, to a general distortion of the multivariate covariance
structure and the physical consistency of corrections is not necessarily preserved. On the other hand,
deficiencies of temporal / spatial correlation and of correlation between variables cannot be corrected
with univariate correction schemes. For example, Boé et al., 2007 mention that too short wet spells
and precipitation inter-arrival time in the regional model may still exist after the correction.
Another limitation is related to the choice of the reference control period over which the differences
between the model and observations are identified for the CM development. The 1960-1990 referenceperiod is usually chosen for this. However, due to the intrinsic variability of GCM, the statistical
distributions of GCM outputs from this period have no real reason to correspond to those of the
observations for this period. Any other 30 years period of a GCM control experiment covering the past
1860-1999 period could have been compared to the 30 years observation of the 1960-1990 period.
Perturbation methods suffer also from a number of drawbacks. Firstly by assuming that GCMs more
accurately reproduce relative change than absolute values, the method makes the hypothesis that the
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bias is constant through time (Fowler et al., 2007). Secondly they only scale the mean, maxima and
minima of climatic variables. This ignores change in variability and assumes the spatial pattern of
climatic variables will remain constant (Diaz-Nieto and Wilby, 2005). Moreover, the temporal
structure (in terms of occurrence, persistence and internal structure of the different meteorological
events) of the perturbed series cannot be different from the observed series (e.g. Hingray et al., 2009).
Thus these types of methods fail when the objective is to model the change in frequency, intensity and
duration of a phenomenon. This is for example the case of the temporal sequences of wet days for
precipitation affected by climate change. The same limitations are true concerning aspects related to
the spatial variability. According to Hingray at al., 2009 perturbation methods should be applied only
for rough assessments (sensitivity analyses) of potential impacts of climate change such as
modification of water resources in terms of volume and seasonality of flows. Perturbation methods can
particularly not be applied in an assessment of changes in extreme hydrological events.

Figure 11 - Evolution 1860-2100 of 20 year means of different atmospheric predictors used in different SDM
(corrected and uncorrected. Upper Durance River. Hingray et al. 2013) GCM = MPIEH5C-1 from project RIWER2030
(http://www.lthe.fr/RIWER2030/ )
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Table 1. Advantages and disadvantages of the main methods used to produce future scenarios at the impact
assessment scale (adapted from IPCC, 2001, and Hingray et al., 2013b; modified and expanded).
Advantages

Disadvantages

Dynamic
downscaling

 Provides a better description of atmospheric processes
and the Earth's surface than GCMs (2)
 Provides information with a higher resolution than
GCMs (2)
 Physically plausible scenarios for the different local
atmospheric variables considered (2, 3)
 Considered to better represent extremes (2, 4)
 Can account for feedback processes (1, 2)
 No calibration theoretically required (5)

Statistical
downscaling

 The only limitation for time and space resolution is
that of the observed variables in the historical data
base (3)
 Can address variables not simulated by RCMs and at
various spatial resolutions, from point scale to
catchment scale (3)
 Easy to develop and implement (5)
 Fast application to RCM or GCM outputs (4, 5)
 Uses input data that is better simulated by RCMs than
local meteorological variables (2)
 Suitable for sites with limited computational resources
(5)
 Can supply a large number of scenarios for a single
RCM (4, 5)
 Delivers transient climate change scenarios at a/the
daily time scale (3)
 Allows for evaluation of changes in temporal
sequencing in meteorological events (3)
 Easily tractable for sensitivity, uncertainty on
projections and significance of change analysis (4, 5)

Bias Correction

 Very easy to implement (5)
 Provides easy access to climate change scenario data
for the mean and variance of main local
meteorological variables (3)

 An expert scientist (climatologist) is required to
implement the models (5)
 Number of scenarios limited by long computing times
(4, 5)
 Uncertainty analyses limited by number of scenarios
available (4,5)
 Simulation quality strongly dependent on GCM
boundary forcing (2)
 Requires post-processing bias correction for variables
of interest (2)
 Simulated variables depend on the GCM and the RCM
parameterizations used (1, 2)
 Very limited performance for precipitation and for fine
spatial and temporal resolutions (2, 5)
 Time resolution excludes high frequency singularities
(e.g. gusts)
 The only limitation for time and space resolution is
that of the observed variables in the historical data
base (3)
 Difficulty in allocatig resources to non instrumented
areas (interpolation problem) (5)
 Calibration / verification requires long concurrent
series of explained and explanatory variables (5)
 RCM and GCM data required for estimation of the
explanatory variables are not always available (5)
 Requires pre-processing bias correction of predictors
from climate models (2)
 Climate system feedback not included
 Potentially non realistic scenarios if extrapolation to
situations not observed in learning period
 Stationarity assumption does not necessarily hold (1,
2)
 Explanatory capacity of scaling relationships
potentially limited (eg. for precipitation) (2)
 Different predictors are usually required for different
predictants (2)
 Space time coherence between sites / variables not
ensured; Multiple site generation not straightforward
for many SDMs (2)High sensitivity of projections to
model structure and predictors (2)
 Stochastic generation process required >> involves
working with multiple stochastic realisations (5)
 Difficult to allocate resources to non instrumented
areas (interpolation problem) (5)
 For most BC methods, the temporal and spatial
structures of the observed series used for scenario
development cannot be modified (2)
 Cannot consider changes in extreme events (frequency,
duration, intensity) (4)
 Cannot consider changes in inter-annual variability (1,
3)
 Stationarity assumption does not necessarily hold (1,
2)
 Space time coherence between sites / variables not
ensured (2)
 Restricted to time-slice scenarios

Numbers in parentheses under Advantages and Disadvantages indicate that they are relevant to one of the 5 following criteria: (1) Consistency at regional level
with global projections; (2) Physical plausibility and realism; (3) Appropriateness of information for impact assessments; (4) Representativeness of the potential
range of future regional climate change; (5) Accessibility for use in impact assessments.

COMPLEX Report D2.1

33/85

COMPLEX – Scoping report on downscaling of climate model outputs

4. Evaluations
4.1

Evaluation / validation / observational context

Evaluating the performance of downscaling approaches is mandatory to ensure that generated
scenarios are suitable for impact studies. The term “validation” is frequentl used to describe all
methods and measures used to check the performance of models. We prefer the term “evaluation” as a
model cannot be valid as it is an imperfect representation of reality (a model can but be continuously
improved, thus invalidating its previous versions). Any validation would then require data of an
adequate, high quality and quantity. This applies to both output data of DM and to data used as input
by the models. For example, validating DDM precipitation outputs would require continuous
observation fields of areal precipitation for the same space discretization as the model. High-resolution
precipitation data sets (often including other surface meteorological variables) have been developed in
recent decades at the global scale (e.g., Haylock et al., 2008) or countryside or regional scale (e.g.
Vidal et al., 2010). Such analyses are of course of high interest to/in a number of studies but are not
necessarily relevant for model validation. The relevance of these pseudo-observations of precipitation
is highly dependent on the density of underlying rain gauges, on the quality of at site measurements
(quite low due to under-catching problems for windy and snow conditions) and also on the model used
for their spatial interpolation.
Pseudo-observations are also typically non-homogeneous in time due to drift in device quality, change
in device equipment, assimilation of new signals (e.g. radar precipitation), change in station density
(especially in regions with high space heterogeneities for the considered variable). Validating outputs
of DM with non-homogenous pseudo-observations as input and/or outputs is therefore fairly
intractable. The relative weakness of reference data sets used for evaluation, even if rarely discussed,
is therefore expected to be critical in a number of studies. This is the case when both SDM and,
perhaps more critically, DDM have to be evaluated, as pointed out for wind climate by Prior et al.,
2012 for example.
Finally, assessing the performance of any model cannot be exhaustive. Performance is always partially
estimated for a selection of designated important characteristics of simulations that have often been
identified with respect to the interest of some end-user. Performance assessment for other simulated
phenomena, other variabilities across other space and/or time scales could lead to identification of
some unknown model deficiency.
Different kinds of evaluation can be carried out. The objective of this section is not to review the
whole panel of existing evaluation methods and metrics but to point out some important evaluation
issues. We also attempt, when possible, to focus on evaluations usually done for the downscaling of
MDV for CRE.
Downscaling models are driven by some large-scale information extracted from either pseudoobservations of recent climate or from outputs of climate models for some past, recent or future
climate context. These two different configurations require appropriate evaluations (e.g. Boé, 2007).
DM are developed based on space-time variations observed (or pseudo-observed) in the past decades
and centuries for a number of atmospheric / meteorological variables (with the exception of MOS,
although in this case the principles retained for the corrections are inherited from past observations).
Performance of DM has therefore to be evaluated first within the pseudo-observational context. In this
configuration, simulated and observed weather events and sequences can in principle be directly
related to each other. This is not the case when DM are driven by GCMs even for climate experiments
produced for recent decades. In this configuration, and with a number of restrictions that will be
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mentioned later on, one can however evaluate the ability of the full GCM/DM chain to reproduce a
number of statistical characteristics of weather derived from pseudo-observations over past decades.
This evaluation is not seen as mandatory but should probably be considered such because it allows for
checking the relevance of the whole simulation chain, which is not necessary ensured.
4.2

Evaluation in a pseudo-observational context

The pseudo-observations of the recent climate frequently used for driving DM are atmospheric
reanalysis data, such as NCEP/NCAR (Kalnay et al., 1996)and ERA40 (Uppala et al., 2005). They are
surrogates of observations. They are obtained from a large variety of observation (sounding, at site or
remote sensing observations from terrestrial, airborne or satellite devices) with high-resolution
meteorological models used as physically consistent interpolators
Due to the frequent assimilation of new types of observations and to changes in observational devices,
reanalyses are not homo enous in time especiall between the pre and post 8 ’s periods where a
number of remote sensing data became available (e.g. Sturaro, 2003; Sterl, 2004).
When DMs are forced with reanalyses, their evaluation can be either climatological or chronological.
It should also be impact- and application- oriented. For the latter and for the present analysis context,
the evaluation should test the applicability of the DM for the generation of scenarios in a modified
climate context.
4.2.1

Climatological evaluation

A climatological evaluation consists of evaluating the ability of the model to reproduce some relevant
statistical characteristics of the considered variables. A number of metrics have been proposed for this.
First of all they focus on mean, variability (e.g. variance and higher-order moments), given percentiles
of the variable, sometimes on its probability distribution for extreme values (e.g. Lee et al., 2012).
For example, Pryor et al. (2005) compared the downscaled wind speed probability distributions at
Copenhagen for five AOGCMs with those derived using ECMWF data. Sailor et al. (2008) used the
index of agreement (IOA) to evaluate the downscaled GCM performance in reproducing monthly
wind speed. Willmott et al. (1985) introduced the IOA as the ratio of the total RMSE to the sum of
two differences: 1) between each prediction and the observed mean, and 2) between each observation
and the observed mean. For the mathematical definition of this quantity, the reader is referred to Sailor
et al. (2008, eq. 2). This metric gives the advantage of summarizing the differences between model
estimates and observations for all sites and for a given time period into one statistical measure. The
classical root mean square error (RMSE) was already used as a criterion of evaluation of monthly
wind speed.
Temporal characteristics relate to autocorrelation function, seasonality, inter-annual and pluri-annual
variability (e.g. Boé et al 2007, Maraun et al., 2010). For precipitation, this includes statistical
characteristics related to wet/dry state (wet/dry days occurrence / transition probabilities, statistical
distribution of wet or dry spells durations) (e.g. Semenov et al., 1999).
The relevance of spatial statistical characteristics includes the reproduction of spatial nonhomogeneities, usually presented with spatial patterns or in relation to elevation (Figure 13), but also
the reproduction of geo-statistical properties such as spatial correlations or variograms (Figure 12).
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Figure 12 - Spatial correlations (between site X2 and all other sites in the studied domain) observed (x-axis) and
simulated (y-axis) from one SDM (left) and one DDM after bias correction with a quantile mapping technique.
Top: precipitation; bottom: temperature. From Boé et al., 2007

Figure 13 - Multiscale (spatial) climatological evaluation of 3 different SDM models. Observed and simulated
mean inter-annual precipitation for 1981-2005 as a function of elevation for the whole catchment and 2 subcatchments (from Lafaysse, 2011). Simulated characteristics correspond to 5, 50, 95th percentiles from an ensemble of
100 stochastic generations

Taylor diagrams (Taylor 2001) give a convenient method for visualization of several statistics to
compare spatial datasets: correlation coefficient, root mean square difference and ratio of simulated to
observed variance of data. They are frequently used to evaluate the ability of DDM to reproduce
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spatial patterns of atmospheric variables (e.g. geostrophic wind fields used as a proxy of surface wind
fields) when compared to those of atmospheric reanalyses (e.g. Cradden et al., 2012; Pryor et al.,
2012).

Figure 14 - Taylor diagrams of the spatial fields of (a) Mean, (b) 50th percentile, (c) 90th percentile (d) 95th
percentile, (e) 20-year return period and (f) 50-year return period wind speeds in simulations conducted
with the specified RCM nested within NCEP-2 (solid symbols) and each of the AOGCMs (open symbols) versus
fields computed from the NARR data set for 1979– 2000. The statistics were computed only for RCM data points
where the grid cell centroid is within 19 km of a centroid in NARR. (Extracted from Prior et al., 2012).

Evaluations should also test the ability of the model to reproduce relevant space –time correlation
between different predictants (e.g. Mezghani et Hingray, 2009; Lee et al., 2012). Such evaluations are
unfortunately very rare to our knowledge.
Ideally, evaluations should be carried out for a number of temporal / spatial scales (Figure 15).
Mehrotra and Sharma, 2007 and Mezghani et Hingray, 2009 evaluated for example the ability of their
multisite weather generator to reproduce daily to aggregated higher time scale rainfall characteristics
at individual locations, including the spatial distribution of rainfall over the region. For DM oriented
toward energy resource, variability of wind speed has to be estimated from sub-daily and local scales
relevant for the production potential estimation to the pluri-annual and sub-continental scales relevant
to the resource / demand balance issue. Such multiscale evaluations are still relatively uncommon, but
can highlight some important model deficiencies. Contrary to what could be expected, a good
performance for high-resolution characteristics does not necessarily involve a good performance for
lower resolutions (e.g. Figure 15). Underestimation of monthly variability is for example frequently
reported for WGs (Wilks, 1999; Srikanthan and McMahon, 2001; Qian et al., 2002). This limitation
can be partly reduced with WG conditional on Weather Type (Qian et al., 2002).
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Figure 15. Multiple scale (temporal) climatological evaluation of a SDM model for specific humidity (top),
wind (bottom). Observed and simulated cumulative distribution functions of daily (left) and monthly (right) mean
MDV at the catchment scale for 1981-2005 (from Lafaysse, 2011). Simulated characteristics correspond to 5, 50, 95 th
percentiles from an ensemble of 100 stochastic generations.

The seasonal dependence of DM performance should be also considered. The performance of DM is
usually expected to depend on the type of weather. In the northern hemisphere for example, the skill I
don’t thin this is the ri ht word of precipitation SDM and DDM is known to be higher in winter than
in summer due to the nature of precipitation in both seasons (resulting mainly from a large scale
dynamic in the first case and from convective processes in the second one) (Figure 16).
For SDM, climatological evaluations are in principle rather permissive. By their construction, SDM
usually perfectly reproduce the mean climate and a number of statistical properties: for instance, this is
guaranteed via the learning process of regression-based methods. When the evaluation applies to the
generation time step, this is also guaranteed by any analogue resampling method not conditioned on
large-scale atmospheric circulation (that would therefore correspond to a simple bootstrap in the data
archive). More challenging issues are therefore the reproduction of space–time variability across
scales, cross and auto-correlations among the variables and sites, low and high frequency properties,
especially in relation to extreme events and inter-annual variability. For instance, most weather
generators underestimate the temporal dependence at time scales longer than a few days (e.g. Mehrotra
et al., 2006), monthly variability (Wilks, 1999; Srikanthan and McMahon, 2001; Qian et al., 2002),
inter-annual variability and extremes (Dubrovskỳ et al., 2004; Hansen and Mavromatis 2001; Fatichi
et al., 2011).
For non-bias corrected DDM, a good skill relative to climatological evaluations is not necessarily
guaranteed, even for basic statics such as seasonal and spatial patterns of mean variable. For a bias
corrected DDM, a climatological evaluation necessarily presents a perfect skill as soon as it is applied
to the statistical characteristics used for the correction and/or perturbation, and as soon as the
evaluation is carried out on the same period as that used for the identification of the correction
functions. This may not be the case when the evaluation is carried out for other variables and statistics
or when it applies to other time periods. For example, a variance scaling based BC applied to daily
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precipitation is not expected to correct bias in high order percentiles, in the probability of wet days or
in the inter-annual variability of monthly precipitation. Similarly, a quantile–quantile mapping BC
method does not correct the temporal properties of the model. For example, if the simulated wet spells
are too short, they remain too short after correction. Similarly misestimated cross- and autocorrelations between variables would not be corrected after BC (e.g. Boé et al., 2007; Figure 12). The
climatological skill may thus also depend on the CM used (e.g. Teutschbein and Seibert, 2012).
4.2.2

Chronological evaluation

An increasing number of SDM and DM are intended to reproduce the time variations that would have
been obtained for local scale surface MDV (e.g. observation for the same recent climate period), from
time variations of large-scale variables (e.g. pseudo-observations of the recent climate). This is the
case for Perfect Prog SDM and DDM when driven with meteorological reanalyses. In this context, a
chronological evaluation is more demanding than the climatological one mentioned previously, as it
consists of evaluating the ability of the model to reproduce the high-resolution temporal variations of
the variable observed over the last decades.
Chronological evaluations are commonly applied to the evaluation of hydrological models but are
surprisingly rather infrequently applied for the evaluation of DM.
Classical metrics are correlation coefficients between observations and generated scenarios, explained
variance or coefficient of determination (e.g. Bal et al., 2009; Boé et al., 2007; Dobler et al., 2012).
Scatter-plots can also be used to show the goodness of fit between observations and predictions (e.g.
Salameh et al., 2009 for six-hourly, daily and weekly averages of wind components (u,v); ’onofrio et
al., 2010 for daily precipitation, wet and dry spell durations).
Taylor diagrams (Taylor, 2001) give a convenient method for visualization of several statistics of time
series datasets. In this case, they thus summarize both the climatological and the chronological
performance of the model (Ibarra et al., 2011) (Figure 16).

Figure 16 - Seasonal dependence of SDM performance. Taylor diagrams for the inter-annual time series of
seasonal basin precipitation (1959-2006): the norm gives the ratio between simulated and observed standard
deviation (climatological evaluation); the angle gives the correlation coefficient between simulated and observed time
series (chronological evaluation). A perfect scenario is referred to as REF in the plot. The colours correspond to 5
different SDMs. For each SDM, 100 times series were generated and evaluated (from Lafaysse, 2011).

Other metrics are related to binary events (e.g., wet/dry) where simulated binary sequences are
compared to observed ones. Here criteria are taken from weather forecasting verification methods
including: hit rate, false alarm rate, frequency bias, log odds ratio (e.g. Jolliffe and Stephenson, 2003;
Wilks, 2006; Stephenson, 2000 cited by Maraun, 2012), and also probabilistic criteria such as the
Brier Score (e.g. Garcia-Bustamante et al., 2012 for wind predictions; and ’onofrio et al.,
for
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precipitation predictions). The Continuous Rank Probability Score and its decompositions into
reliability/resolution/uncertainty are also used for stochastic SDM (e.g. Gangopadhyay et al., 2005 for
precipitation aggregated over different space and temporal scales).
Again a multiscale evaluation is required. The skill of DDM and PerfectProg SDM is usually observed
to increase with temporal aggregations, e.g. from daily to monthly time steps as a result of persistence
in large-scale predictors (Buishand et al., 2004; Burger and Chen, 2005; Boé et al., 2007). The same
applies to spatial aggregations of up to ca. 10,000 km2 as a result of a reduced noise in the response of
the local weather to the large-scale situation (Gangopadhyay et al., 2005; Mezghani et Hingray, 2009;
Chardon et al., 2013). A multiscale evaluation can however highlight temporal frequencies, especially
low ones, for which the DM does not work (Figure 17). As discussed later on, a good reproduction of
low frequency variations and trends is required for climate change impact applications (Busuioc et al.,
2001; Wilby et al., 2002; Boé et al., 2007). Many authors reported the difficulty or inability of weather
generators in capturing the inter-annual variability of rainfall (Wilks and Wilby, 1999; Fowler et al.,
2007). For example, long periods of dry years and long periods of wet years have been observed over
past decades but most models are unable to simulate these low-frequency variations.
A critical point has to be mentioned here. For a number of regions worldwide, surface meteorological
variables present a very marked seasonality. In such a case, the good skill with respect to lowfrequency variations could be misleading because it is partly (or sometimes even mainly) induced by
this seasonality if this latter is not removed from the observed and simulated time series (Burger et al.,
2011). In a number of cases, a simple prediction model defined from the seasonal cycle of predictants
may already present a reasonable skill. It is therefore worth evaluating if the skill of the model is
related to a skill in simulating the seasonal cycle or in capturing the temporal variations in
observations associated with the temporal variations in the atmosphere. Such an evaluation can be
easily obtained comparing the skill of the model with that of a benchmark seasonal model (e.g.
’onofrio et al.,
.
For wind power, the distribution of wind speed and its intra-annual, inter-annual and inter-decadal
variability is of primary interest. For example, wind climate shows a high seasonality for northern
Europe, (Rockel and Woth, 2007), and significant inter-annual and inter-decadal variability in the midlatitudes (Pryor et al., 2009). The ability of climate models to accurately reproduce these past
conditions is the subject of intense research (Stoner et al., 2009).

Figure 17 - Multiple scale (temporal) chronological evaluation of a multivariate SDM model for mean areal
temperature (left), wind (middle), precipitation (right) at the catchment scale. Correlation coefficient between
observed and simulated daily series as a function of temporal aggregation level (in days). Red, green, red lines
correspond to 5, 50, 95th percentiles from an ensemble of 100 stochastic generations. The blue line corresponds to the
median time series scenario developed from 100 generations (from Lafaysse, 2011).
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4.2.3

Impact oriented evaluation

A large number of climate change impact studies have been presented in the last decades based on
scenarios downscaled from climate model outputs (e.g. the review of Fowler et al., 2007 on studies
focusing on hydrological impacts). Only some of them evaluated the relevance of downscaled
scenarios for the impact under consideration. However, an extensive climatological and chronological
evaluation of weather scenarios might not be sufficient to explore the relevance of the DM in impact
studies. No DM is able to perfectly reproduce all the statistical characteristics of the observed series. A
number of studies in past decades have highlighted this. Very little is known, however, about the
importance of these imperfections once they have been input or assimilated by a nonlinear
hydrological model. Unfortunately, an inaccurate reproduction of some of those characteristics may
critically degrade the relevance of outputs from (usually non-linear) impact models fed by these
scenarios. This is, for example, the case for low-frequency variability, which is often underestimated
by the generators, and has a big influence on the outputs of a number of systems (e.g. crop yields,
hydroelectricity production from large accumulation dams with pluri-annual storage capacity).

Figure 18 - Typical scheme for the evaluation of DMs. A critical point is the ability of the model to simulate
relevant space-time cofluctuations of MDV at the relevant frequencies for the impact study. As mentioned in the
introduction section, the large non-linearities in factors governing the CRE potential and cofluctuations are important
requiring scenarios of CRE MDV to present relevant space-time cofluctuations.

An impact-oriented evaluation therefore aims to assess how the enerator’s imperfections affect
outputs from the model (hydrological model, wind power model) when fed by weather series
scenarios. For such an evaluation, outputs of the impact model (wind power, streamflows) obtained
from generated weather series are compared to output of the model obtained from observed weather
series (Figure 18). The advantages of such an evaluation are potentially multiple: 1) to increase
confidence in the downscalin model’s capability to simulate scenarios that are relevant to the
application; 2) to show that some deficiencies in weather scenarios do not result in poor impact
outputs and that the DM does not necessarily require improvement; 3) conversely to highlight some
DM deficiencies not identified during the meteorological evaluation step, that significantly degrade
the relevance of impact outputs.
For hydropower, the hydrological regimes of alpine and nordic catchments are mainly determined by
cofluctuations between precipitation and temperatures, which fully condition the dynamic of the
snowpack. In this case, to ensure the reproduction of relevant hydrological scenarios, a hydrological
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evaluation of generated MDV can be carried out (Salathe, 2003; Hay and Clark, 2003; Dubrovskỳ et
al., 2004). It can be climatological, focusing on statistical characteristics of behavior and discharge at
multiple locations in the river network) (e.g. Dubrovskỳ et al., 2004; Chen et al., 2011a; Diaz-Nieto
and Wilby, 2005; Mezghani et Hingray, 2009). It can be also chronological, focusing on space-time
variations in hydrometeorological variables (e.g. Wilby et al., 1999; Hay and Clark, 2003; Boé et al.,
2007; Bourqui et al., 2013; Chen et al., 2013; Dobler et al., 2012). Such evaluations might highlight
DM deficiencies not identified during the meteorological evaluation step. A slight underestimation in
wet day and dry day persistence can translate to a large underestimation of hydrological characteristics
such as intensity / duration of low-flow discharges sequences (Figure 20).

Figure 19 - Daily discharges for the Seine Basin at Paris for the 1982–1991 period as simulated with SAFRAN
analysis (CTRL, thin black line), downscaled ERA40 forcing (ERA40, black dotted line) and as observed (grey).
From Boé et al., 2007.

Figure 20 - Hydrological evaluations of SDM scenarios. Climatological evaluation: cdf of minimum annual 30days average discharge (black: reference, gray lines: cdfs from 100 hydrological scenario) (from Bourqui et al., 2012).
Hydrological reference (resp. scenarios) is (are) obtained via hydrological simulation with observed meteorological
variables, resp. with meteorological scenarios from a k-NN resampling SDM (Obled et al., 2002).

An impact-oriented evaluation of different BC methods for temperature and precipitation was
presented by Teutschbein and Seibert (2012) where statistical characteristics of daily runoff time
series, simulated with the conceptual hydrological model HBV from bias corrected outputs of 11
RCMs, were compared to the same characteristics from observed runoff time series (monthly mean
streamflow, frequency distributions of spring and autumn flood peaks). This climatological evaluation
showed that distribution mapping was the best correction method for their application.
For multiple CRE impact studies, the ability of the scenarios to reproduce relevant space time
cofluctuations of CRE potential from the whole set of CRE variables (wind, solar, hydropower) should
also be assessed across a large number of space-time scales. No such evaluation has been proposed by
recent CRE studies to the best of our knowledge.
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Conversely, a number of works provide an evaluation oriented to crop growth models. Such works are
worth mentioning as crop models use all variables that are of interest for CRE potential estimation, i.e.
solar radiation, humidity, wind, precipitation, cloudiness, temperature. In this scenario, the variability
of daily values, inter-annual variability and frequency of extreme events, such as droughts, frosts, and
heat waves are of main interest as they significantly influence the mean and inter-annual variability of
the yields (e.g., Riha et al., 1996; Mearns et al., 1997; Dubrovskỳ et al. 2000; Mavromatis and Hansen,
2001 cited by Dubrovskỳ et al., 2004). A number of works thus focused on the possibility of improvig
the SDM for a better reproduction of such characteristics (e.g. Dubrovskỳ et al., 2004). A number of
crop growth oriented evaluations were presented, belonging either to the climatological type (e.g.
Castellvi and Stockle, 2001 focusing on reference evapotranspiration), or to the chronological one
(Stockle et al., 2004).
A number of hydrological evaluations have been applied for SDM and/or DDM approaches for a
variety of catchments worldwide. In a number of cases, when scenarios from both methods are
compared, the statistical approach performs better than an even bias corrected DDM. For snowdominated catchments that are significantly regulated by temperature, Hay and Clark, 2003 found this
arises from the fact that the snowpack integrates individual precipitation events throughout the winter
season and that the errors in daily precipitation from the SDM, tend to cancel each other out
throughout the accumulation season. In contrast, for rainfall-dominated basins, the hydrological skill
mainly derives from the skill of capturing discrete precipitation events. In the case of the Seine
Catchment studied by Boé et al. 2007, the reason for the best SDM skill was its better efficiency in
reproducing the temporal and spatial autocorrelation properties of precipitation and temperatures.
If an impact-oriented evaluation were carried out more extensively for the assessment of climate
scenarios, it could obviously not be a substitute for a more classical evaluation carried out directly on
generated meteorological scenarios. Burger and Chen, 2005 show for example that great complication
arises from the superposition of spatial and temporal correlation errors in the downscaled fields, and
the possibility that both cancel each otherout in the runoff simulation.
4.2.4

Evaluation of temporal transferability

For a number of SDMs, evaluation is often only climatological. As discussed previously, a good score
under climatological evaluation cannot guarantee that the model can be applied in a modified climate
context. The temporal transferability of SDM has thus to be evaluated. Note that such an evaluation
should be carried out for any part of the simulation chain used for scenario development, including
RCM (evaluation of parameterizations), or for BM used in pre- and post-processing of climate and / or
MDV and also for impact models (CRE productions models, hydrological ones). We focus here on the
issue of temporal transferability evaluation for DM.
The temporal transferability can at least be tested by evaluating the DM performance when applied to
a period in the recent climate that is different from the learning period (e.g. Roessler et al., 2012). A
perfect transferability between two periods of the second half of the 20th century is of course not
evidence of applicability in the future because the expected climatic changes could be much larger
than the variations, observed in previous decades, from one period to the other (Prudhomme and
Davis, 2009). The reverse would however preclude its application in future climate conditions.
An indirect evaluation of temporal transferability is sometimes carried out with the leave-one-year-out
approach, where the DM is evaluated independently for each year using parameters derived from
observed data from all other years in the archive ( ’onofrio et al.,
). To account for the influence
of possible autocorrelation between years, Eden et al., 2012 applied a leave-seven-years-out approach
in which the parameters of their DM for a given year are derived using data from all the other years
except the 7-yr period centered on the year to be estimated. Such evaluations ensure that the good skill
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of the DM for a given year does not result from the fact that the specific year was in the calibration
data set. However, the calibration accounts for a large number of years covering a large range of
possible large-scale / local-scale configurations that are likely to include most (if not all)
configurations found in each evaluation year. The chance that the DM is evaluated in a very different
climate context to that used for calibration is therefore a priori small.
Another indirect way to assess DM temporal transferability is to carry out a chronological evaluation
at climatological temporal scales, focusing on the ability of the DM to reproduce low-frequency
variations of recent climate, like trends or pluri-decadal oscillations (Zorita and von Storch, 1999; Boé
et al., 2007). They can actually be considered as a sort of ‘‘natural’’ climate chan e where time
variations are those of the decadal or pluri-decadal means of surface variables. A similar approach is to
check that the residuals of the DM are stationary over the whole simulation period. However, in both
cases, the duration for which concomitant predictors and predictants are available is classically much
smaller than the time scale that would be required for the evaluation.
Temporal transferability evaluation is thus difficult to carry out and usually not possible due to the
limited length of available data. Previous analyses can give a first insight but are limited for the
reasons already mentioned. The evaluation can be troubled by time heterogeneities in pseudoobservations, either large-scale atmospheric predictors or surface weather predictants (e.g. Lafaysse et
al., 2012). As already mentioned, these heterogeneities are well known in NCEP and ERA40
atmospheric reanalyses (Sturaro, 2003; Sterl, 2004; Pohlmann and Greatbatch, 2006) as well as in
meteorological reanalyses (e.g. SAFRAN (Vidal et al., 2010)). An estimated poor temporal
transferability in a DM could just be the result of significant temporal heterogeneities in observations
(e.g. Lafaysse et al., 2013).
Alternative evaluation strategies should be better explored. A first possibility is to estimate the spatial
robustness of the DM, based on the fact that increasing confidence can be put in models that present
higher space transferability (e.g. Boé et al., 2007). Another possibility consists of using the
simulations of a Regional Climate Model as pseudo-observations to calibrate and/or evaluate SDMs
(Frias et al., 2006; Gutmann et al., 2012; Von Storch et al., 2009). This method does not suffer from
data heterogeneities and could allow the exploration of a larger variability of climate contexts than that
contained in the past few decades. As an example, Frias et al., 2006 tested two statistical methods to
downscale seasonal winter precipitation in the surrogate climate (covering the 1000-2100 time period)
of a GCM in two climatically different regions. Results were similar for both SDMs, highlighting their
limited applicability in the Scandinavia region when using SLP as the only predictor. In this case, the
errors of rainfall estimations were found to be strongly correlated with area-averaged relative humidity
in this region, suggesting that this predictor should also be included in statistical downscaling in the
real world.
4.2.5

Scenarios ensembles and probabilistic evaluations

Most SDM, such as regression based models or analog based models, produce scenarios with a far too
small space-time variability when compared to the observed one. This leads to non-relevant impact
scenarios as soon as considered systems present non-linear behaviors. A number of stochastic
techniques were proposed to overcome the imperfection of variability such as randomization, inflation,
and expanded downscaling (e.g. Von Storch, 1999 or Burger and Chen, 2005). An ensemble of time
series scenarios can then be produced as a result of this stochastic generation process (Roessler et al.,
2012).
Some downscaling approaches presented in section 2.3 predict distributions rather than individual
valuesad these distributions account for the uncertainty in the downscaling relationship. Such
scenarios cannot be used directly as input in impact models (a hydrological model cannot be driven by
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a probabilistic series of precipitation). In this case, the time series required for the impact model are
usually simulated day to day from these distributions with a stochastic generator (e.g. Mezghani et
in ra ,
; ’onofrio et al.,
; afa sse et al., 2013). This again results in an ensemble of time
series scenarios.
Note that a large number of DM include a stochastic component in the process of scenario generation.
This is the case for all DM including a stochastic generator (WG conditioned on Weather Types,
stochastic process to generate a scenario from the distribution of residuals of the statistical
downscaling relationship). This is also the case for DM including a stochastic process for the
selection, for each generation time step, of a scenario from a pool of candidates (e.g. k-nearest
neighbors resampling schemes, resampling from all days belonging to a given weather type). In all of
these cases, different runs of the DM result in different scenarios. In a number of works presented in
the last decades, the DM performance is unfortunately only carried out for a single scenario. The
variability in performance criteria between scenarios can however be high and a single scenario
evaluation might lead to a significant ill-estimation of the DM performance (e.g. Lee et al., 2012,
Lafaysse et al., in revision - see Figure 16). When ensembles of scenarios are generated, or when they
could be generated, the evaluation (climatological or chronological) should be made for a sufficiently
large panel of scenarios. Otherwise, it cannot be considered robust.
Classical metrics used for probabilistic forecasts evaluation are also applicable to the evaluation of
ensembles of scenarios. Probabilistic evaluation is done with probabilistic scores such as the Brier
Score for binary events (Brier, 1950), the (continuous) ranked probability score for continuous events
(Epstein, 1969; Hersbach, 2000) with their useful decompositions in reliability and resolution, or
graphical plots as in a reliability diagram or an ROC diagram. Such evaluations have been presented
for a number of meteorological variables, but mainly for precipitation e. . ’onofrio et al.,
.
Ensemble based evaluations and evaluation using probabilistic scores can also be impact oriented as
presented by Burger and Chen, 2005, and multiscale as presented by Gangopadhyay et al., 2005, or
Chardon et al. (2013). Chardon et al. (2013) show that the CRPS skill score of precipitation
predictions from a benchmark analog SDM increases continuously with space aggregation from high
space resolution data (64 km2) to mesoscale
’
km2). Surprisingly and in spite of this, the quasiperfect reliability obtained at high resolution degrades with aggregation. The same twofold behavior is
obtained with temporal aggregation up to seasonal time scales.
4.3

Evaluation of DMs driven by GCMs

DMs are first evaluated in a pseudo-observational context where large-scale information is derived
from atmospheric reanalyses and local scale weather variables from surface observations. DMs are
mainly developed for the generation of weather scenarios from GCM outputs.
It is thus important to assess whether predictors used to drive DM are correctly simulated by GCMs.
As predictors are classically extracted from large-scale geopotential fields, evaluations often focus on
the ability of GCMs to reproduce the main statistical properties of those fields. The reproduction of
spatial patterns in shape and variability for different variables in different seasons or months is a
common test. Taylor diagrams are frequently used for this (e.g. Pryor et al., 2005 for the monthly
means of the relative vorticity and sea-level pressure gradient). For temporal evaluations, a convenient
approach is to use a weather type approach and to check that the model is able to reproduce observed
occurrence frequencies for each WT in a limited set (of WT), statistical distributions of duration for
each WT and transition frequencies from one WT to another (e.g. Boé et al., 2007).
The whole chain of simulations, that is the GCM/DM chain, also has to be evaluated. In this case,
simulated and observed weather sequences are independent. They have a priori no reason to present
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the same space-time variations. Therefore, the evaluation is limited to a climatological one where the
GCM/DM chain is evaluated on its ability to reproduce the statistical characteristics of observed
variables for a reference period (e.g. Burger et al., 2011). The evaluation can be oriented toward local
scale weather variables and can be also impact-oriented. Significant discrepancies may be obtained
between observations and scenarios simulated with DM driven by GCM. One reason is that GCMs
simulate predictors with differing accuracy and that the corresponding errors translate to the
predictants via the DM. A poor performance in a DM might be inherited from a poor performance by a
GCM in the simulation of large scale driving variables. Such limitations can be partly solved when BC
is applied to GCM outputs before application of DMs. However, no good practice has actually been
suggested for this, especially when corrections have to be made to multiple predictors and / or to fields
of atmospheric variables when used as predictors in a multivariate case. BC schemes applied to
multivariate predictor sets are therefore still expected to lead to significant deficiencies in simulated
scenarios.
In such an evaluation exercise, a critical issue is related to the internal variability of the climate
system, that is, to the natural fluctuations that arise in the absence of any fluctuation of the radiative
forcing of the planet. Evaluations focus here on the ability of the model or of the chain of models to
reproduce the statistical characteristics of the observed variables for a given reference period, i.e. often
1960-1990. For most evaluations, the simulated characteristics that are compared to the reference ones
are also those obtained for the same reference period (e.g. 1960-1990). Due to the internal variability
of the climate system and to the internal variability of GCM, there is no reason why the simulated
1960-1990 period should correspond to the 1960-1990 observed one. The bias reported in many
publications for a number of large-scale variables, and in turn for a number of surface weather
variables, is therefore not a proof of model deficiency. Lafaysse et al., in revision, showed for example
that the significant differences, obtained between observed and simulated occurrence frequencies over
the 1960-1979 reference period for four different weather types over Western Europe, cannot be
assigned to GCM errors as their internal variability simulated over the 1860-2000 period is expected to
be of the same magnitude.
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5. Uncertainty
Different sources of uncertainty are reported in the literature. Greenhouse gas emissions scenarios
(GGES) and GCMs are generally considered to be the two major sources of uncertainty in quantifying
climate change impacts. GGES causes uncertainty in future radiative forcing and hence climate,
different models simulate different changes in climate in response to the same radiative forcing. Most
recent studies are conditional on only one emission scenario. In such a context, the use of projections
from a single climate model is known to ignore a significant source of uncertainty. Uncertainties
associated to GCMs are thus accounted for via multi-models or multiple runs analyses (i.e. runs from
the same GCM with different initial conditions) (Chen et al. 2011 cite Graham et al., 2007a,b; Maurer
and Hidalgo, 2008; Minville et al., 2008; Christensen and Lettenmaier, 2007; Hamlet and Lettenmaier,
1999).
In recent years, other sources of uncertainty have been getting more and more attention, especially
those related to DMs. Due to their physically based structure, DDM present a promising way to
produce weather scenarios from GCM outputs. However, due to the high sensitivity of weather spacetime fluctuations to model structure and parameterization, different DDM forced by the same GCM
can also lead to different climate projection at the regional scale. To support climate impacts analysis
with multiple RCMs, several international initiatives have been developed in recent years (the
European founded research projects PRUDENCE (Christensen and Christensen, 2007; Déqué et al.,
2007) and ENSEMBLES (ENSEMBLES, 2006; Hewitt et al., 2009), the North American Regional
Climate Change Assessment Program (NARCCAP) (Mearns et al., 2009).
The main objective of PRUDENCE was to check how representative of the overall set a particular
regional experiment is in terms of seasonal values of temperature and precipitation for 8 European
regions (see Figure 5). The driving AOGCMs are usually expected to contribute to regional climate
change uncertainty resulting from different AOGCM/RCM experiments. Despite the physically based
feature of dynamic downscaling, it turns out that RCM inter-model differences can contributed
substantially to the total variance of changes especially for precipitation in summer (e.g. Hingray et
al., 2007).
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Figure 21 - Seasonal changes of mean seasonal temperature and precipitation as simulated by PRUDENCE
RCMs. (extracted from Christensen and Christensen, 2007).

A number of recent impact studies used outputs from these multi-model experiments. (e.g. Graham et
al., 2007; Hänggi et al., 2011a, 2011b; Finger et al., 2012 for hydropower applications).
Uncertainties related to SDMs, and/or CMs, were until recent years usually ignored. From a panel of
56 studies reported by Lafaysse et al. 2013, only 6 studies are based on several SDMs. Moreover,
when this uncertainty source is considered, SDMs methods are often as simple as perturbation or bias
correction methods. Despite this, some recent studies suggest a large dispersion of projections due to
the choice of downscaling method (e.g. Coulibaly, 2009; Teutschbein et al., 2011; Chen et al., 2011;
Lafaysse et al., 2013). The same applies in the case of the same SDM using different large-scale
atmospheric variables as predictors (e.g. Lafaysse et al., 2013 for hydrological predictions; GarciaBustamante et al., 2012 for wind predictions). The uncertainty related to BC method is also potentially
significant (Chen et al. 2011 cite Quintana Segui et al., 2010).
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In recent years, some studies considered uncertainties relative to GCM, DM including DDM, SDM
and/or BC methods, impact models with the aim of estimating the contribution of each source of
uncertainty to the total amount of uncertainty predicted (e.g. Chen et al., 2011).
The results of most studies show that the choice of GCM is consistently a major contributor to
uncertainty. However, other sources of uncertainty, such as the choice of a downscaling method
(structure / parameterization) and the GCM initial conditions, also have a comparable or even larger
uncertainty for some hydrological variables. Uncertainties linked to GGES are somewhat less than
those related to GCMs and downscaling techniques. Uncertainty related to the impact model (structure
/ parameterization) are also considered in some publications but they are said to be often much smaller
than those related to GCMs, and often smaller than those related to DMs (Wilby and Harris, 2006;
Kay et al. (2009) in Chen et al. 2011). Uncertainty related to BC method is also not negligible and may
be of the same order of magnitude as that related to the choice of the climate or hydrological model
(Chen et al., 2011; Haddeland et al., 2011 in Sulis et al., 2012).
The major contributors to uncertainty vary depending on the variables used (e.g. precipitation /
temperature, runoff… on the time horizon and on the spatial domain. From scenarios derived with
different parameterizations of different SDM applied to a suite of ENSEMBLE GCM experiments,
Lafaysse et al. 2013 found that SDM relative uncertainty in precipitation was of the same order of
magnitude as that of GCM.
Uncertainty in prediction is usually found to be large, even very large, for variables such as wind or
precipitation. Surprisingly, little attention is paid to the significance of estimated changes with respect
to the internal variability of the climate system, that is, the natural fluctuations that arise in the absence
of any radiative forcing of the planet. Hawkins and Sutton, 2009 presented an attempt to estimate the
contribution of three distinct sources of uncertainty to climate predictions in global and regional
temperature change: internal variability, GCM uncertainty and scenario uncertainty. For this they used
15 global climate models and three emissions scenarios. They found that the relative importance of the
three sources of uncertainty varies with prediction lead-time and with spatial and temporal averaging
scale. For time horizons of several decades or longer, the dominant sources of uncertainty at regional
or larger spatial scales are model uncertainty and scenario uncertainty. For time horizons of one
decade or two, the dominant sources of uncertainty on regional scales are model uncertainty and
internal variability (Figure 22).

Figure 22: The relative importance of each source of uncertainty in decadal mean surface temperature
projections is shown by the fractional uncertainty (the 90% confidence level divided by the mean prediction) for
(a) the global mean, relative to the warming from the 1971–2000 mean, and (b) the British Isles mean, relative to the
warming from the 1971–2000 mean. Green regions represent scenario uncertainty, blue regions represent model
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uncertainty, and orange regions represent the internal variability component. As the size of the region is reduced, the
relative importance of internal variability increases. Extracted from (Hawkins and Sutton, 2009).

Lafaysse et al. 2013 similarly analyzed the significance of changes for a number of meteorological and
hydrological variables in a small alpine catchment. Changes in temperature, snowpack behavior and
then the seasonality of discharges are significant with respect to the internal variability of the climate
system; changes in precipitation and mean interannual discharges are not. Pryor and Barthelmie (2010)
conducted a review of some of the studies carried out to date on wind energy and climate change and
concluded that in terms of energy outputs, for Europe and North America, the effects of changes
appeared likely to be within current levels of inter-annual variability.
Disagreements between different GCMs and/or different DMs are highlighted in most recent
publications. Sulis et al., 2012 complain that very little is known, however, about the importance of
these differences once they have been input or assimilated by a nonlinear hydrological model. They
investigated this issue at the catchment scale using a process-based model. They show that different
hydrological components (river discharge, aquifer recharge, and soil moisture storage) respond
differently to precipitation and temperature anomalies in the multi-model climate output, with greater
variability for annual discharge compared to recharge and soil moisture storage. They also find that
runoff generation and extreme event-driven peak hydrograph flows are highly sensitive to any
uncertainty in climate data, that changes in sequences of rainy days have a significant influence on
groundwater recharge fluxes and changes in longer dry spells have a significant influence in
modifying soil moisture spatial variability.

6. Recommendations
Multivariate models for CRE downscaling


By essence, DDM are able to generate physically consistent scenarios of multiple variables. They
are however biased and require bias correction.



A vast diversity of SDMs was developed in the recent decade. However, most of them focus on a
single variable or on a single site. The development of multivariate and multisite SDM is required.
This issue is especially critical for impact studies focusing on climate change impact on CRE
potential and cofluctuations.

Bias correction methods


Bias correction methods are used in most impact studies: they are used as a post-processing
method for the correction of GCM or DDM outputs. They are used in a preprocessing process for
the correction of SDM inputs. The effect of BC methods on projection has to be more precisely
estimated, especially when univariate corrections are applied to multiple variables. Univariate
correction schemes lead to a general distortion of the multivariate covariance structure and the
physical consistency of corrections is not necessarily preserved.

Evaluations


Evaluation of DMs has to be strengthened. Classical climatological evaluations are not sufficient
because they are too permissive. Chronological evaluations that test the ability of the DMs to
reproduce relevant sequences of observed variables are much more demanding and give some
additional confidence in the model’s ability to simulate low-frequency variability of variables.
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Evaluating the temporal transferability of DMs should be a priority. The identification of
appropriate methods is however required in a context of poor data availability.



Indirect evaluations are also recommended because they allow concentration on the performance
of the generator for a specific application. They can however not replace direct evaluation as
different deficiencies could offset each other.



Most DMs include a stochastic generation process. In such a case, evaluation has to account for an
ensemble of scenarios or has to be probabilistic. Evaluations based on a single scenario are
expected to ill-estimate the skill of the DM.

Uncertainty


Uncertainty associated to GCM outputs is important but is not the only form of uncertainty to
consider. Uncertainties relative to downscaling methodology may be significant as well.



In order to identify the main important sources of uncertainty, an appropriate analysis framework
has to be developed accounting for empty matrices.



The significance of the observed changes has to be evaluated with respect to the internal
variability of the climate as it is simulated by GCM for long sequences of stationary climate.

Downscaling of meteorological variable for CRE impact studies


A large number of studies focus on the impact of climate change on hydrological variables. Very
few focus on meteorological variables of interest for impact studies that jointly consider multiples
climate related energies.



DMs for the generation of meteorological variables in this context are rare or nonexistent. The
possibility of applying currently available DMs to this issue has to be tested. A special focus must
be placed on their ability to simulate good levels of co-fluctuations for the different CREs across a
wide range of temporal and spatial scales.

COMPLEX Report D2.1

51/85

COMPLEX – Scoping report on downscaling of climate model outputs

7. References
ntoli , . .,
: n overview of the National Weather ervice’s centralized statistical quantitative precipitation
forecasts. Journal of Hydrology, 239, 306–337.
Apipattanavis, S., G. Podesta, B. Rajagopalan, and R. W. Katz, 2007: A semiparametric multivariate and multisite
weather generator. Water Resources Research, 43, W11401.
Archer, C. L., and M. Z. Jacobson, 2007: Supplying baseload power and reducing transmission requirements by
interconnecting wind farms. Journal of Applied Meteorology and Climatology, 46, 1701–1717.
Arndt, C., K. Strzepeck, F. Tarp, J. Thurlow, C. F. Iv, and L. Wright, 2011: Adapting to climate change: an integrated
biophysical and economic assessment for Mozambique. Sustain Sci, 6, 7–20, doi:10.1007/s11625-010-0118-9.
Bal, S. K., B. U. Choudhury, A. Sood, S. K. Jalota, and H. Singh, 2009: Evaluation of climgen model to generate
weather parameters under different climatic situations in Punjab. Journal of Agrometeorology, 10, 39–45.
Bardossy, A., J. Stehlik, and H. J. Caspary, 2002: Automated objective classification of daily circulation patterns for
precipitation and temperature downscaling based on optimized fuzzy rules. Climate Research, 23, 11–22.
Bates, B. C., Z. W. Kundzewicz, S. Wu, and J. P. Palutikof, 2008: Climate Change and Water. IPCC Secretariat,
Geneva.
Beckmann, B. R., and T. Adri Buishand, 2002: Statistical downscaling relationships for precipitation in the
Netherlands and North Germany. International Journal of Climatology, 22, 15–32.
Beersma, J. J., and T. A. Buishand, 2003: Multi-site simulation of daily precipitation and temperature conditional on
the atmospheric circulation. Climate Research, 25, 121–133.
Beyene, T., D. P. Lettenmaier, and P. Kabat, 2010: Hydrologic impacts of climate change on the Nile River Basin:
implications of the 2007 IPCC scenarios. Climatic Change, 100, 433–461, doi:10.1007/s10584-009-9693-0.
Blackshear, B., T. Crocker, E. Drucker, J. Filoon, J. Knelman, and M. Skiles, 2011: Hydropower Vulnerability and
Climate Change. A Framework for Modeling the Future of Global Hydroelectric Resources.
Block, P. J., F. A. Souza Filho, L. Sun, and H.-H. Kwon, 2009, A streamflow forecasting framework using multiple
climate and hydrological models. Journal of the American Water Resources Association, 45, 828–843.
Boé, J., L. Terray, F. Habets, and E. Martin, 2007: Statistical and dynamical downscaling of the Seine basin climate
for hydrometeorological studies. International Journal of Climatology, 27, 1643–1655.
Boogen, N., 2011: Literaturstudie zum Einfluss der Klimaänderung auf die zukünftige Wasserkraftnutzung. ETH
Zuerich.
Boroneant, C., G. Plaut, F. Giorgi, and X. Bi, 2006: Extreme precipitation over the Maritime Alps and associated
weather regimes simulated by a regional climate model: Present-day and future climate scenarios. Theor. Appl.
Climatol., 86, 81–99, doi:10.1007/s00704-005-0211-7.
Bosshard, T., S. Kotlarski, T. Ewen, and C. Schär, 2011: Spectral representation of the annual cycle in the climate
change signal. Hydrol. Earth Syst. Sci., 15, 2777–2788, doi:10.5194/hess-15-2777-2011.
Boulanger, J. P., and O. Penalba, 2010: Assessment of climate information needs in the Argentinean Agro-business
sector. Climatic Change, 98, 551–563.
Bourqui, M., T. Mathevet, J. Gailhard, and F. Hendrickx, 2012, Hydrological validation of statistical downscaling
methods applied to climate model projections. IAHS-AISH publication, J-H02. International symposium,
International
Association
of
Hydrological
Sciences,
32–38
http://cat.inist.fr/?aModele=afficheN&cpsidt=24534702 (Accessed February 15, 2013).
Breiman, L., 1996: Bagging predictors. Machine learning, 24, 123–140.
Breslow, P. B., and D. J. Sailor, 2002: Vulnerability of wind power resources to climate change in the continental
United States. Renewable Energy, 27, 585–598.
Brier, G. W., 1950: Verification of forecasts expressed in terms of probability. Monthly Weather Review, 78, 1–3.
Brockhaus, P., D. Luthi, and C. Schar, 2008: Aspects of the diurnal cycle in a regional climate model. Meteorologische
Zeitschrift, 17, 433–443.

COMPLEX Report D2.1

52/85

COMPLEX – Scoping report on downscaling of climate model outputs

Buishand, T.A. and Brandsma, T., 1997. Comparison of circulation classification schemes for predicting temperature
and precipitation in the Netherlands. International Journal of Climatology, 17(8): 875-889.
Buishand, T. A., and T. Brandsma, 2001: Multisite simulation of daily precipitation and temperature in the Rhine basin
by nearest-neighbor resampling. Water Resources Research, 37, 2761–2776.
Buishand, T. A., M. V. Shabalova, and T. Brandsma, 2004: On the choice of the temporal aggregation level for
statistical downscaling of precipitation. Journal of Climate, 17, 1816–1827.
Buonomo, E., R. Jones, C. Huntingford, and J. Hannaford, 2007: On the robustness of changes in extreme precipitation
over Europe from two high resolution climate change simulations. Quarterly Journal of the Royal Meteorological
Society, 133, 65–81.
Burger, G., and Y. Chen, 2005: Regression-based downscaling of spatial variability for hydrologic applications.
Journal of Hydrology, 311, 299–317.
Burger, G., J. Schulla, and A. Werner, 2011: Estimates of future flow, including extremes, of the Columbia River
headwaters. Water Resources Research, 47, W10520.
Busuioc, A., D. Chen, and C. Hellström, 2001: Performance of statistical downscaling models in GCM validation and
regional climate change estimates: application for Swedish precipitation. International Journal of Climatology,
21, 557–578, doi:10.1002/joc.624.
Cannon, A. J., 2007: Nonlinear analog predictor analysis: A coupled neural network/analog model for climate
downscaling. Neural networks, 20, 444–453.
Caron, A., R. Leconte, and F. Brissette, 2008: An Improved Stochastic Weather Generator for Hydrological Impact
Studies. Canadian Water Resources Journal, 33, 233–256, doi:10.4296/cwrj3303233.
Castellvi, F., and C. O. Stockle, 2001: Comparing the performance of WGEN and ClimGen in the generation of
temperature and solar radiation. Transactions of the ASAE, 44, 1683–1687.
Castro, M., C. Fernández, and M. A. Gaertner, 1993: Description of a meso-scale atmospheric numerical model.
Mathematics, climate and environment, J.I. Díaz and J.L. Lions, Eds., Masson, Paris.
Chandler, R. E., 2005: On the use of generalized linear models for interpreting climate variability. Environmetrics, 16,
699–715, doi:10.1002/env.731.
Chardon, J., B. Hingray, A. C. Favre, and P. Autin, Effects of spatial aggregation on the accuracy of statistically
downscaled precipitation estimates. In preparation.
Chen, J., F. P. Brissette, and R. Leconte, 2011a: Uncertainty of downscaling method in quantifying the impact of
climate change on hydrology. Journal of Hydrology, 401, 190–202, doi:10.1016/j.jhydrol.2011.02.020.
Chen, J., F. P. Brissette, A. Poulin, and R. Leconte, 2011b: Overall uncertainty study of the hydrological impacts of
climate change for a Canadian watershed. Water Resources Research, 47, W12509.
Chen, J., F. P. Brissette, D. Chaumont, and M. Braun, 2013: Performance and uncertainty evaluation of empirical
downscaling methods in quantifying the climate change impacts on hydrology over two North American river
basins. Journal of Hydrology, 479, 200–214, doi:10.1016/j.jhydrol.2012.11.062.
Christensen, J. H., and O. B. Christensen, 2007: A summary of the PRUDENCE model projections of changes in
European climate by the end of this century. Climatic Change, 81, 7–30.
Christensen, N. S., and D. P. Lettenmaier, 2007: A multimodel ensemble approach to assessment of climate change
impacts on the hydrology and water resources of the Colorado River Basin. Hydrology and Earth System
Sciences Discussions, 11, 1417–1434.
Christensen, N. S., A. W. Wood, N. Voisin, D. P. Lettenmaier, and R. N. Palmer, 2004: The Effects of Climate Change
on the Hydrology and Water Resources of the Colorado River Basin. Climatic Change, 62, 337–363,
doi:10.1023/B:CLIM.0000013684.13621.1f.
Christensen, O. B., J. H. Christensen, B. Machenhauer, and M. Botzet, 1998: Very high-resolution regional climate
simulations over Scandinavia – present climate. Journal of Climate, 11.
Claussen, N. E., P. Lundsager, R. J. Barthelmie, H. Holttinen, T. Laakso, and S. C. Pryor, 2007: Wind power. Impacts
of Climate Change on Renewable Energy Sources. Their Role in the Nordic Energy System, Copenhagen, 105–
128.
Coe, R., and R. Stern, 1982: Fitting models to daily rainfall data. Journal of Applied Meteorology, 21, 1024–1031.

COMPLEX Report D2.1

53/85

COMPLEX – Scoping report on downscaling of climate model outputs

Coulibaly, P., 2009: Multi-Model Approach to Hydrologic Impact of Climate Change. From Headwaters to the Ocean:
Hydrological Changes and Watershed Management, 249–255.
Cradden, L. C., G. P. Harrison, and J. P. Chick, 2012: Will climate change impact on wind power development in the
UK? Climatic, 115, 837–852, DOI 10.1007/s10584–012–0486–5.
Curtis, D. C., and P. S. Eagleson, 1982: Constrained stochastic climate simulation. Department of Civil Engineering,
School of Engineering, Massachusetts Institute of Technology, Boston, MA.
’onofrio, ., .-P. Boulanger, and E. C. Segura, 2010: CHAC: a weather pattern classification system for regional
climate downscaling of daily precipitation. Climatic Change, 98, 405–427, doi:10.1007/s10584-009-9738-4.
Déqué, M. and Coauthors, 2007: An intercomparison of regional climate simulations for Europe: assessing
uncertainties in model projections. Climatic Change, 81, 53–70.
Diaz-Nieto, J., and R. L. Wilby, 2005: A comparison of statistical downscaling and climate change factor methods:
impacts on low flows in the River Thames, United Kingdom. Climatic Change, 69, 245–268.
Diez, E, Primo, C, Garcia-Moya, JA, Guttierez, JM, Orfila, B., 2005. Statistical and dynamical downscaling of
precipitation over Spain from DEMETER seasonal forecasts. Tellus Series A-Dynamic Meteorology and
Oceanography 57(3): 409–423.
Dobler, C., G. Buerger, and J. Stoetter, 2012: Assessment of climate change impacts on flood hazard potential in the
Alpine Lech watershed. Journal of Hydrology, 460, 29–39.
Doherty, S. J. and Coauthors, 2009: Lessons Learned from IPCC AR4: Scientific Developments Needed to
Understand, Predict, and Respond to Climate Change. Bulletin of the American Meteorological Society, 90,
497–513, doi:10.1175/2008BAMS2643.1.
Döscher, R., U. Willén, C. Jones, A. Rutgersson, H. E. Markus Meier, U. Hansson, and L. P. Graham, 2002: The
development of the regional coupled ocean-atmosphere model RCAO. 7, 183–192.
Dubrovský, M., 1997: Creating Daily Weather Series with Use of the Weather Generator. Environmetrics, 8, 409–424,
doi:10.1002/(SICI)1099-095X(199709/10)8:5<409::AID-ENV261>3.0.CO;2-0.
Dubrovský, M., Z. Zalud, and M. Stastna, 2000: Sensitivity of CERES-Maize yields to statistical structure of daily
weather series. Climatic Change, 46, 447–472.
Dubrovský, M., J. Buchtele, and Z. Zalud, 2004: High-frequency and low-frequency variability in stochastic daily
weather generator and its effect on agricultural and hydrologic modelling. Climatic Change, 63, 145–179.
Dufresne, J.-L., D. Salas y Mélia, S. Denvil, S. Tyteca, O. Arzel, S. Bony, and P. Braconnot, 2006, Simulation du
climat récent et futur par les modèles du CNR et de l’I
. a étéorolo ie, 8, 5–59, doi:2042/20120.
Eden, J. M., M. Widmann, D. Grawe, and S. Rast, 2012: Skill, Correction, and Downscaling of GCM-Simulated
Precipitation. Journal of Climate, 25, 3970–3984.
Edenhofer, O. and Coauthors, 2011: IPCC Special Report on Renewable Energy Sources and Climate Change
Mitigation. Cambridge University Press, United Kingdom and New York, NY, USA.
Ehret, U., E. Zehe, V. Wulfmeyer, K. Warrach-Sagi, and J. Liebert, 2012: Should we apply bias correction to global
and regional climate model data? Hydrology and Earth System Sciences, 16, 3391–3404.
Epstein, E. S., 1969: A scoring system for probability forecasts of ranked categories. Journal of Applied Meteorology,
8, 985–987.
Fatichi, S., V. Y. Ivanov, and E. Caporali, 2011: Simulation of future climate scenarios with a weather generator.
Advances in Water Resources, 34, 448–467.
Fernandez, J., and J. Saenz, 2003: Improved field reconstruction with the analog method: searching the CCA space.
Climate Research, 24, 199–213.
Fidje, A., and T. Martinsen, 2006: Effects of climate change on the utilization of solar cells in the Nordic region.
European Conference on Impacts of Climate Change on Renewable Energy Sources, Reykjavik.
Finger, D., G. Heinrich, A. Gobiet, and A. Bauder, 2012: Projections of future water resources and their uncertainty in
a glacierized catchment in the Swiss Alps and the subsequent effects on hydropower production during the 21st
century.
Water
Resources
Research,
48,
doi:10.1029/2011WR010733.
http://www.agu.org/pubs/crossref/pip/2011WR010733.shtml (Accessed February 14, 2013).

COMPLEX Report D2.1

54/85

COMPLEX – Scoping report on downscaling of climate model outputs

Flaounas, E., Drobinski, P., Bastin, S., 2013. Dynamical downscaling of IPSL-CM5 CMIP5 historical simulations over
the Mediterranean: benefits on the representation of regional surface winds and cyclogenesis. Clim. Dyn. 40,
2497–2513.
Fowler, H. J., S. Blenkinsop, and C. Tebaldi, 2007: Linking cli- mate change modelling to impact studies: Recent
advances in downscaling techniques for hydrological modelling. International Journal of Climatology, 27,
1547–1578.
François, B.,
: estion optimale d’un réservoir h draulique multi-usage et changement climatique. Modèles,
projections et incertitudes. LTHE et EDF, 250 pp.
Frei, C., J. H. Christensen, M. Déqué, D. Jacob, R. G. Jones, and P. L. Vidale, 2003: Daily precipitation statistics in
regional climate models: Evaluation and intercomparison for the European Alps. Journal of Geophysical
Research, 108, 4124.
Frei, C., R. Scholl, S. Fukutome, J. Schmidli, and P. L. Vidale, 2006: Future change of precipitation extremes in
Europe: Intercomparison of scenarios from regional climate models. Journal of Geophysical Research, 111,
D06105.
Frey-Buness, F., D. Heimann, and R. Sausen, 1995: A statistical-dynamical downscaling procedure for global climate
simulations. Theor Appl Climatol, 50, 117–131, doi:10.1007/BF00866111.
Frias, M., E. Zorita, J. Fernandez, and C. Rodriguez-Puebla, 2006: Testing statistical downscaling methods in
simulated climates. Geophysical Research Letters, 33, L19807.
Fuentes, U., and D. Heimann, 2000: An Improved Statistical-Dynamical Downscaling Scheme and its Application to
the Alpine Precipitation Climatology. Theor Appl Climatol, 65, 119–135, doi:10.1007/s007040070038.
Gangopadhyay, S., M. Clark, K. Werner, D. Brandon, and B. Rajagopalan, 2004: Effects of spatial and temporal
aggregation on the accuracy of statistically downscaled precipitation estimates in the Upper Colorado River
basin. Journal of Hydrometeorology, 5, 1192–1206.
Gangopadhyay, S., M. Clark, and B. Rajagopalan, 2005: Statistical downscaling using K-nearest neighbors. Water
Resources Research, 41, W02024.
Garcia-Bustamante, E., J. Gonzalez-Rouco, J. Navarro, E. Xoplaki, P. Jimenez, and J. Montavez, 2012: North Atlantic
atmospheric circulation and surface wind in the Northeast of the Iberian Peninsula: uncertainty and long term
downscaled variability. Climate Dynamics, 38, 141–160.
Gibelin, A. L., and M. Déqué, 2003: Anthropogenic climate change over the Mediterranean region simulated by a
global variable resolution model. Climate Dynamics, 20, 327–339.
Giorgi, F., and L. Mearns, 1991: Approaches to the Simulation of Regional Climate Change - a Review. Reviews of
Geophysics, 29, 191–216.
Goubanova, K., V. Echevin, B. Dewitte, F. Codron, K. Takahashi, P. Terray, and M. Vrac, 2011: Statistical
downscaling of sea-surface wind over the eru‚ÄìChile upwellin re ion: diagnosing the impact of climate
change from the IPSL-CM4 model. Climate Dynamics, 36, 1365–1378.
Graham, L. P., J. Andréasson, and B. Carlsson, 2007a: Assessing climate change impacts on hydrology from an
ensemble of regional climate models, model scales and linking methods – a case study on the Lule River basin.
Climatic Change, 81, 293–307, doi:10.1007/s10584-006-9215-2.
Graham, L. P., S. Hagemann, S. Jaun, and M. Beniston, 2007b: On interpreting hydrological change from regional
climate models. Climatic Change, 81, 97–122, doi:10.1007/s10584-006-9217-0.
Gueymard, C. A., and D. R. Myers, 2009: Evaluation of conventional and high-performance routine solar radiation
measurements for improved solar resource, climatological trends, and radiative modeling. Solar Energy, 83,
171–185.
Gutiérrez, J. M., A. S. Cofiño, R. Cano, and M. A. Rodríguez, 2004: Clustering Methods for Statistical Downscaling in
Short-Range Weather Forecasts. Monthly Weather Review, 132, 2169–2183, doi:10.1175/15200493(2004)132<2169:CMFSDI>2.0.CO;2.
Gutmann, E. D., R. M. Rasmussen, C. Liu, K. Ikeda, D. J. Gochis, M. P. Clark, J. Dudhia, and G. Thompson, 2012: A
Comparison of Statistical and Dynamical Downscaling of Winter Precipitation over Complex Terrain. Journal of
Climate, 25, 262–281.

COMPLEX Report D2.1

55/85

COMPLEX – Scoping report on downscaling of climate model outputs

Gutry-Korycka, M., P. Werner, and B. Jakubiak, Generation of Time Series of the Meteorological Values in Changing
Climatic Conditions. Geographia Polonica, 62, 23–45.
Haddeland, I. and Coauthors, 2011: Multimodel Estimate of the Global Terrestrial Water Balance: Setup and First
Results. Journal of Hydrometeorology, 12, 869–884, doi:10.1175/2011JHM1324.1.
Haerter, J. O., S. Hagemann, C. Moseley, and C. Piani, 2011: Climate model bias correction and the role of timescales.
Hydrol. Earth Syst. Sci., 15, 1065–1079, doi:10.5194/hess-15-1065-2011.
Hamlet, A. F., and D. P. Lettenmaier, 1999: Columbia River streamflow forecasting based on ENSO and PDO climate
signals. Journal of Water Resources Planning and Management, 125, 333–341.
Hamlet, A. F., S.-Y. Lee, K. E. B. Mickelson, and M. M. Elsner, 2010: Effects of projected climate change on energy
supply and demand in the Pacific Northwest and Washington State. Climatic Change, 102, 103–128,
doi:10.1007/s10584-010-9857-y.
Hamududu, B., and A. Killingtveit, 2012: Assessing Climate Change Impacts on Global Hydropower. Energies, 5,
305–322, doi:10.3390/en5020305.
Hänggi, P., T. Bosshard, S. Angehrn, E. Helland, D. Rietmann, B. Schädler, R. Schneider, and R. Weingartner, 2011a:
Einfluss der Klimaänderung auf die Stromproduktion des Wasserkraftwerks Löntsch 2021-2050. Auswirkungen
der hydroklimatischen Variabilität auf die Wasserkraftnutzung in der Schweiz, Bern, 161–191.
Hänggi, P., T. Bosshard, D. Job, B. Schädler, and R. Weingartner, 2011b: Einfluss der Klimaänderung auf die
Stromproduktion der Wasserkraftwerke im Prättigau 2021-2050. Auswirkungen der hydroklimatischen
Variabilität auf die Wasserkraftnutzung in der Schweiz, Bern, 127–160.
Hannaford, J., B. Lloyd-Hughes, C. Keef, S. Parry, and C. Prudhomme, 2011: Examining the large-scale spatial
coherence of European drought using regional indicators of precipitation and streamflow deficit. Hydrological
Processes, 25, 1146–1162.
Hansen, J. W., and T. Mavromatis, 2001: Correcting low-frequency variability bias in stochastic weather generators.
Agricultural and Forest Meteorology, 109, 297–310.
Hanson, C. L., and G. L. Johnson, 1998: GEM (Generation of weather Elements for Multiple applications): its
application in areas of complex terrain. IAHS Publications-Series of Proceedings and Reports-Intern Assoc
Hydrological Sciences, 248, 27–32.
Hanssen-Bauer, I., C. Achberger, R. Benestad, D. Chen, and E. Forland, 2005: Statistical downscaling of climate
scenarios over Scandinavia. Climate Research, 29, 255–268.
Haris, A. A., M. A. Khan, V. Chhabra, S. Biswas, and A. Pratap, 2010: Evaluation of LARS-WG for generating long
term data for assessment of climate change impact in Bihar. Journal of Agrometeorology, 12, 198–201.
Harrison, G. P., and H. B. W. Whittington, 2002: Susceptibility of the Batoka Gorge hydroelectric scheme to climate
change. Journal of Hydrology, 264, 230–241.
Harrison, G. P., L. C. Cradden, and J. P. Chick, 2008: Preliminary Assessment of Climate Change Impacts on the UK
Onshore Wind Energy Resource. Energy Sources, Part A, 30, 1286–1299, DOI: 10.1080/15567030701839326.
Hartigan, J. A., and M. A. Wong, 1979: Algorithm AS 136: A k-means clustering algorithm. Applied statistics, 100–
108.
Hastie, T., and R. Tibshirani, 1986: Generalized additive models. Statistical science, 297–310.
Hastie, T., and R. Tibshirani, 1987: Generalized additive models: some applications. Journal of the American
Statistical Association, 82, 371–386.
Hawkins, E., and R. Sutton, 2009: The potential to narrow uncertainty in regional climate predictions. Bulletin of the
American Meteorological Society, 90, 1095–1107.
Hay, L., and M. Clark, 2003: Use of statistically and dynamically downscaled atmospheric model output for
hydrologic simulations in three mountainous basins in the western United States. Journal of Hydrology, 282, 56–
75.
Haylock, M. R., N. Hofstra, A. M. G. Klein Tank, E. J. Klok, P. D. Jones, and M. New, 2008: A European daily highresolution gridded data set of surface temperature and precipitation for 1950–2006. Journal of Geophysical
Research: Atmospheres, 113, n/a–n/a, doi:10.1029/2008JD010201.

COMPLEX Report D2.1

56/85

COMPLEX – Scoping report on downscaling of climate model outputs

Heide, D., L. von Bremen, M. Greiner, C. Hoffmann, M. Speckmann, and S. Bofinger, 2010: Seasonal optimal mix of
wind and solar power in a future, highly renewable Europe. Renewable Energy, 35, 2483–2489,
doi:10.1016/j.renene.2010.03.012.
Hendrickx, F., and E. Sauquet, 2012: Impact of warming climate on water management for the Ariège river basin
(France). Hydrological Sciences Journal, In press.
Hersbach, H., 2000: Decomposition of the continuous ranked probability score for ensemble prediction systems.
Weather and Forecasting, 15, 559–570.
Hewitson, B., and R. Crane, 1996: Climate downscaling: Techniques and application. Climate Research, 7, 85–95.
Hewitson, B., and R. Crane, 2002: Self-organizing maps: applications to synoptic climatology. Climate Research, 22,
13–26.
Hewitt, C. D., C. M. Goodess, and R. A. Betts, 2009: Towards probabilistic projections of climate change. Municipal
Engineer, 162, 33–40.
Hingray, B., and A. Musy, 2003: Multisite and space-time rainfall models: a review. Laboratory of Hydrology and
Land Improvement, EPFL, Lausanne.
Hingray, B., and F. Hendrickx, 2013: RIWER2030: Climat Régionaux et Incertitudes, Ressource en Eau et Gestion
associée de 1860 à 2100.Projet ANR VMCS 2009-2012. Rapport Final. CNRS/LTHE, EDF/LNHE, EDF/DTG.
Grenoble.
in ra , B., C. icouet, and . us ,
universitaires romandes. 618 pp.

:

drolo ie . Une science pour l’in énieur. resses pol techniques et

Hoicka, C. E., and I. H. Rowlands, 2011: Solar and wind resource complementarity: Advancing options for renewable
electricity integration in Ontario, Canada. Renewable Energy, 36, 97–107.
Holttinen, H. and Coauthors, 2011: Impacts of large amounts of wind power on design and operation of power
systems, results of IEA collaboration. Wind Energy, 14, 179–192, doi:10.1002/we.410.
Hotelling, H., 1935: The most predictable criterion. Journal of Educational Psychology, 26, 139–142,
doi:10.1037/h0058165.
Hsu, C. J., and F. Zwiers, 2001: Climate change in recurrent regimes and modes of Northern Hemisphere atmospheric
variability. Journal of Geophysical Research, 106, 145–20.
Hutchinson, M. F., 1986: Methods of generation of weather sequences. Agricultural Environments C.A.B.
International, A.H. Bunting, Ed., Wallingfor, 149–157.
Huva, R., R. Dargaville, and S. Caine, 2012: Prototype large-scale renewable energy system optimisation for Victoria,
Australia. Energy, 41, 326–334, doi:10.1016/j.energy.2012.03.009.
Ibarra-Berastegi, G., J. Saenz, A. Ezcurra, A. Elbas, J. Diaz Argandona, and I. Errasti, 2011: Downscaling of surface
moisture flux and precipitation in the Ebro Valley (Spain) using analogues and analogues followed by random
forests and multiple linear regression. Hydrology and Earth System Sciences, 15, 1895.
IEA, 2010: Energy technology perspectives: Scenarios and strategies to 2050. OECD/IEA, Paris.
Iimi, .,
7: Estimatin lobal Climate Chan e Impacts n dropower rojects : pplications In India, ri an a
And Vietnam. World Bank Publications, http://elibrary.worldbank.org/content/workingpaper/10.1596/18139450-4344 (Accessed February 14, 2013).
Imbert, A., and R. Benestad, 2005: An improvement of analog model strategy for more reliable local climate change
scenarios. Theoretical and Applied Climatology, 82, 245–255.
Ines, A. V. M., and J. W. Hansen, 2006: Bias correction of daily GCM rainfall for crop simulation studies. Agricultural
and Forest Meteorology, 138, 44–53, doi:10.1016/j.agrformet.2006.03.009.
Ivanov, V. Y., R. L. Bras, and D. C. Curtis, 2007: A weather generator for hydrological, ecological, and agricultural
applications. Water Resources Research, 43, doi:10.1029/2006wr005364.
Jacob, D. and Coauthors, 2007: An inter-comparison of regional climate models for Europe: model performance in
present-day climate. Climatic Change, 81, 31–52, doi:10.1007/s10584-006-9213-4.
Johnson, F., and A. Sharma, 2012: A nesting model for bias correction of variability at multiple time scales in general
circulation model precipitation simulations. Water Resources Research, 48, W01504.

COMPLEX Report D2.1

57/85

COMPLEX – Scoping report on downscaling of climate model outputs

olliffe, I. T., and . B. tephenson,
: Forecast erification,
Wiley, Chichester, U. K, Chichester, U. K.

ractitioner’s

uide in tmospheric cience. ohn

Jones, C. G., A. Ullerstig, U. Willén, and U. Hansson, 2004: The Rossby Centre regional atmospheric climate model
(RCA). Part I: model climatology and performance characteristics for present climate over Europe. Ambio,
33(4–5), 199–210.
Jones, R. G., J. M. Murphy, and M. Noguer, 1995: Simulation of climate change over europe using a nested regionalclimate model. I: Assessment of control climate, including sensitivity to location of lateral boundaries. Quarterly
Journal of the Royal Meteorological Society, 121, 1413–1449, doi:10.1002/qj.49712152610.
Kalaa, J., B. Evansa, T. Lyons, and I. Foster, 12: Dynamical downscaling for the southwest of Western Australia using
the WRF modelling system. 19th International Congress on Modelling and Simulation,
http://mssanz.org.au/modsim2011.
Kalnay, E. and Coauthors, 1996: The NCEP/NCAR 40-Year Reanalysis Project. Bulletin of the American
Meteorological Society, 77, 437–471, doi:10.1175/1520-0477(1996)077<0437:TNYRP>2.0.CO;2.
Katz, R. W., M. B. Parlange, and P. Naveau, 2002: Statistics of extremes in hydrology. Advances in Water Resources,
25, 1287–1304, doi:10.1016/S0309-1708(02)00056-8.
Kay, A. L., H. N. Davies, V. A. Bell, and R. G. Jones, 2009: Comparison of uncertainty sources for climate change
impacts: flood frequency in England. Climatic Change, 92, 41–63, doi:10.1007/s10584-008-9471-4.
Kendon, E. J., D. P. Rowell, R. G. Jones, and E. Buonomo, 2008: Robustness of future changes in local precipitation
extremes. Journal of Climate, 21, 4280–4297.
Kilsby, C. and Coauthors, 2007: A daily weather generator for use in climate change studies. Environmental
Modelling & Software, 22, 1705–1719.
Koch, F., M. Prasch, H. Bach, W. Mauser, F. Appel, and M. Weber, 2011: How Will Hydroelectric Power Generation
Develop under Climate Change Scenarios? A Case Study in the Upper Danube Basin. Energies, 4, 1508–1541,
doi:10.3390/en4101508.
Koch, H., K. Mazur, U. Grünewald, M. Kaltofen, and M. Grossmann, 2008: Szenarioanalysen zur
Wasserverfügbarkeit und zum Wasserbedarf im Einzugsgebiet der Mulde unter den Bedingungen des Globalen
Wandels. Hydrologie und Wasserbewirtschaftung, 52, 292–299.
Laakso, T. and Coauthors, 2003: State-of-the-art of wind energy in cold climates. IEA annex XIX, 71.
Lafaysse, M., B. Hingray, P. Etchevers, E. Martin, and C. Obled, 2011: Influence of spatial discretization,
underground water storage and glacier melt on a physically-based hydrological model of the Upper Durance
River basin. Journal of Hydrology, 403, 116–129.
Lafaysse, M., B. Hingray, L. Terray, J. Gailhard, and A. Mezghani, 2013: Sources of uncertainties in future climate
and hydrological projections: the Alpine Durance basin. Water Resource Research. Water Resources Research,
in press.
Leander, R., and T. A. Buishand, 2007: Resampling of regional climate model output for the simulation of extreme
river flows. Journal of Hydrology, 332, 487–496.
Leander, R., T. A. Buishand, B. J. J. M. van den Hurk, and M. J. M. de Wit, 2008: Estimated changes in flood
quantiles of the river Meuse from resampling of regional climate model output. Journal of Hydrology, 351, 331–
343.
Lee, T., T. B. M. J. Ouarda, and C. S. Jeong, 2012: Nonparametric Multivariate Weather Generatorand an Extreme
Value Theory for Bandwidth Selection. Journal of Hydrology.
Lenderink, G., and E. van Meijgaard, 2008: Increase in hourly precipitation extremes beyond expectations from
temperature changes. Nature Geoscience, 1, 511–514.
Lenderink, G., B. van den Hurk, E. van Meijgaard, A. van Ulden, and H. Cuijpers, 2003: Simulation of present-day
climate in RACMO2: first results and model developments. KNMI Technical Report, Stockolm.
Lenderink, G., A. van Ulden, B. van den Hurk, and F. Keller, 2007: A study on combining global and regional climate
model results for generating climate scenarios of temperature and precipitation for the Netherlands. Clim Dyn,
29, 157–176, doi:10.1007/s00382-007-0227-z.
Lettenmaier, D. P., A. W. Wood, R. N. Palmer, E. F. Wood, and E. Z. Stakhiv, 1999: Water Resources Implications of
Global Warming: A U.S. Regional Perspective. Climatic Change, 43, 537–579, doi:10.1023/A:1005448007910.
COMPLEX Report D2.1

58/85

COMPLEX – Scoping report on downscaling of climate model outputs

Lofgren, B. M., F. H. Quinn, A. H. Clites, R. A. Assel, A. J. Eberhardt, and C. L. Luukkonen, 2002: Evaluation of
Potential Impacts on Great Lakes Water Resources Based on Climate Scenarios of Two GCMs. Journal of Great
Lakes Research, 28, 537–554, doi:10.1016/S0380-1330(02)70604-7.
De Lucena, A. F. P., A. S. Szklo, R. Schaeffer, R. R. de Souza, B. S. M. C. Borba, I. V. L. da Costa, A. O. P. Júnior,
and S. H. F. da Cunha, 2009: The vulnerability of renewable energy to climate change in Brazil. Energy Policy,
37, 879–889, doi:10.1016/j.enpol.2008.10.029.
und, . R. and Coauthors,
: Climate Warmin and California’s Water Future. Center for Environmental and
Water Resource Engineering, University of California, Davis, Davis.
Luo, Q., and Q. Yu, 2012: Developing higher resolution climate change scenarios for agricultural risk assessment:
progress, challenges and prospects. International Journal of Biometeorology, 56, 557–568.
Madani, K., and J. R. Lund, 2010: Estimated impacts of climate warming on California’s hi h-elevation hydropower.
Climatic Change, 102, 521–538.
Maraun, D. and Coauthors, 2010: Precipitation downscaling under climate change: Recent developments to bridge the
gap between dynamical models and the end user. Reviews of Geophysics, 48, RG3003.
Markoff, M. S., and A. C. Cullen, 2008: Impact of climate change on Pacific Northwest hydropower. Climatic Change,
87, 451–469.
Marthews, T. R., Y. Malhi, and H. Iwata, 2012: Calculating downward longwave radiation under clear and
cloudy conditions over a tropical lowland forest site: an evaluation of model schemes for hourly data.
Theoretical and Applied Climatology, 107, 461–477.
Maurer, E., and H. Hidalgo, 2008: Utility of daily vs. monthly large-scale climate data: an intercomparison of two
statistical downscaling methods. Hydrology and Earth System Sciences Discussions, 12, 551–563.
Mavromatis, T., and J. W. Hansen, 2001: Interannual variability characteristics and simulated crop response of four
stochastic weather generators. Agricultural and Forest Meteorology, 109, 283–296.
Mckague, K., R. Rudra, and J. Ogilvie, 2003: CLIMGEN-A Convenient Weather Generation tool for Canadian
Climate Stations. The Canadian society for engineering in agricultural, food and biological systems, Paper.
Mearns, L. O., C. Rosenzweig, and R. Goldberg, 1997: Mean and variance change in climate scenarios: methods,
agricultural applications, and measures of uncertainty. Climatic Change, 35, 367–396.
Mearns, L. O., W. Gutowski, R. Jones, R. Leung, S. McGinnis, A. Nunes, and Y. Qian, 2009: North American
Regional Climate Change Assessment Program: An overview. EOS Transactions AGU, 90, 311.
Meehl, G. A., and et al., 2007: Global climate projections. Climate Change 2007: The Physical Science Basis,
Contribution of Working Group I to the Fourth Assessment Report of the Intergovernmental Panel on Climate
Change, Solomon, S., D. Qin, M. Manning, Z. Chen, M. Marquis, K.B. Averyt, M. Tignor and H.L. Miller,
Cambridge, 748–849.
Mehrotra, R., and A. Sharma, 2007: Preserving low-frequency variability in generated daily rainfall sequences. Journal
of Hydrology, 345, 102–120.
Mehrotra, R., R. Srikanthan, and A. Sharma, 2006: A comparison of three stochastic multi-site precipitation
occurrence generators. Journal of Hydrology, 331, 280–292.
Mehta, V. K., D. E. Rheinheimer, D. Yates, D. R. Purkey, J. H. Viers, C. A. Young, and J. F. Mount, 2011: Potential
impacts on hydrology and hydropower production under climate warming of the Sierra Nevada. Journal of Water
and Climate Change, 2, 29, doi:10.2166/wcc.2011.054.
Meier, H. E. M., R. Döscher, and T. Faxén, 2003: A multiprocessor coupled ice-ocean model for the Baltic Sea.
Application to the salt inflow. Journal of Geophysical Research, 108(C8), 3273.
Mezghani, A., and B. Hingray, 2009: A combined downscaling-disaggregation weather generator for stochastic
generation of multisite hourly weather variables over complex terrain: Development and multi-scale validation
for the Upper Rhone River basin. Journal of Hydrology, 377, 245–260, doi:10.1016/j.jhydrol.2009.08.033.
Miller, N. L., K. E. Bashford, and E. Strem, 2003: Potential Impacts of Climate Change on California Hydrology1.
JAWRA Journal of the American Water Resources Association, 39, 771–784, doi:10.1111/j.17521688.2003.tb04404.x.
Mimikou, M., and E. Baltas, 1997: Climate change impacts on the reliability of hydroelectric energy production.
Hydrological Sciences Journal, 42, 661–678.
COMPLEX Report D2.1

59/85

COMPLEX – Scoping report on downscaling of climate model outputs

Mimikou, M., and F. Fotopoulos, 2005: Regional effects of climate change on hydrology and water resources in
Aliakmon River basin. Regional Hydrological Impacts of Climatic Change: Impact assessment and decision
making, 1, 45.
Mimikou, M. A., P. S. Hadjisavva, Y. S. Kouvopoulos, and H. Afrateos, 1991, Regional climate change impacts. II,
Impacts on water management works. Hydrological sciences journal, 36, 259–270.
Minville, M., F. Brissette, and R. Leconte, 2008: Uncertainty of the impact of climate change on the hydrology of a
nordic watershed. Journal of Hydrology, 358, 70–83, doi:10.1016/j.jhydrol.2008.05.033.
Minville, M., F. Brissette, S. Krau, and R. Leconte, 2009: Adaptation to Climate Change in the Management of a
Canadian Water-Resources System Exploited for Hydropower. Water Resour Manage, 23, 2965–2986,
doi:10.1007/s11269-009-9418-1.
Minville, M., F. Brissette, and R. Leconte, 2010a: Impacts and Uncertainty of Climate Change on Water Resource
Management of the Peribonka River System (Canada). Journal of Water Resources Planning and Management,
136, 376–385, doi:10.1061/(ASCE)WR.1943-5452.0000041.
Minville, M., S. Krau, F. Brissette, and R. Leconte, 2010b: Behaviour and Performance of a Water Resource System in
Québec (Canada) Under Adapted Operating Policies in a Climate Change Context. Water Resour Manage, 24,
1333–1352, doi:10.1007/s11269-009-9500-8.
Mote, P. W., and E. P. S. Jr, 2010: Future climate in the Pacific Northwest. Climatic Change, 102, 29–50,
doi:10.1007/s10584-010-9848-z.
Najac, J., J. Boé, and L. Terray, 2009: A multi-model ensemble approach for assessment of climate change impact on
surface winds in France. Climate Dynamics, 32, 615–634.
Najac, J., C. Lac, and L. Terray, 2011: Impact of climate change on surface winds in France using a statisticaldynamical downscaling method with mesoscale modelling. International Journal of Climatology, 31, 415–430,
doi:10.1002/joc.2075.
Nelder, J. A., and R. W. M. Wedderburn, 1972: Generalized linear models. Journal of the Royal Statistical Society.
Series A (General), 370–384.
Null, S. E., J. H. Viers, and J. F. Mount, 2010: Hydrologic Response and Watershed Sensitivity to Climate Warming in
California’s ierra Nevada. o
NE, 5, e
, doi: . 7 /journal.pone.
.
Obled, C., G. Bontron, and R. Garçon, 2002: Quantitative precipitation forecasts: a statistical adaptation of model
outputs through an analogues sorting approach. Atmospheric Research, 63, 303–324, doi:10.1016/S01698095(02)00038-8.
Onof, C., R. Chandler, A. Kakou, P. Northrop, H. Wheater, and V. Isham, 2000: Rainfall modelling using Poissoncluster processes: a review of developments. Stochastic Environmental Research and Risk Assessment, 14, 384–
411.
Ospina Noreña, J. E., C. Gay García, A. C. Conde, V. O. Magaña Rueda, and G. Sánchez Torres Esqueda, 2009:
Vulnerability of water resources in the face of potential climate change: generation of hydroelectric power in
Colombia. ATMOSFERA, 22. http://www.journals.unam.mx/index.php/atm/article/view/8631 (Accessed
February 14, 2013).
Paiva, R. C. D., W. Collischonn, E. B. C. Schettini, J.-P. Vidal, F. Hendrickx, and A. Lopez, 2010: The Case Studies.
Modelling the Impact of Climate Change on Water Resources, F. Fung, A. Lopez, and rk New, Eds., John Wiley
& Sons, Ltd, 136–182 http://onlinelibrary.wiley.com/doi/10.1002/9781444324921.ch6/summary (Accessed
February 13, 2013).
Pan, Z., M. Segal, R. W. Arritt, and E. S. Takle, 2004: On the potential change in solar radiation over the US due to
increases
of
atmospheric
greenhouse
gases.
Renewable
Energy,
29,
1923–1928,
doi:10.1016/j.renene.2003.11.013.
Payne, J. T., A. W. Wood, A. F. Hamlet, R. N. Palmer, and D. P. Lettenmaier, 2004: Mitigating the Effects of Climate
Change on the Water Resources of the Columbia River Basin. Climatic Change, 62, 233–256,
doi:10.1023/B:CLIM.0000013694.18154.d6.
Pegram, G., and A. Clothier, 2001a: High resolution space-time modellin of rainfall: the “ trin of Beads” model.
Journal of Hydrology, 241, 26–41.

COMPLEX Report D2.1

60/85

COMPLEX – Scoping report on downscaling of climate model outputs

Pegram, G. G. S., and A. N. Clothier, 2001b: Downscaling rainfields in space and time, using the String of Beads
model in time series mode. Hydrology and Earth System Sciences Discussions, 5, 175–186.
Peiris, D. R., and J. W. McNicol, 1996: Modelling daily weather with multivariate time series. Agricultural and Forest
Meteorology, 79, 219–231, doi:10.1016/0168-1923(95)02282-1.
Pereira, E. B., F. R. Martins, M. P. Pes, E. I. da Cruz Segundo, and A. de A. Lyra, 2013: The impacts of global climate
changes
on the
wind
power
density in
Brazil.
Renewable
Energy,
49,
107–110,
doi:10.1016/j.renene.2012.01.053.
Pohlmann, H., and R. J. Greatbatch, 2006: Discontinuities in the late
Geophysical Research Letters, 33, L22803.

6 ’s in different atmospheric data products.

Prudhomme, C., and H. Davies, 2009: Assessing uncertainties in climate change impact analyses on the river flow
regimes in the UK. Part 1: baseline climate. Climatic Change, 93, 177–195, doi:10.1007/s10584-008-9464-3.
Prudhomme, C., N. Reynard, and S. Crooks, 2002: Downscaling of global climate models for flood frequency
analysis: Where are we now? Hydrological Processes, 16, 1137–1150.
Pryor, S., and R. Barthelmie, 2010: Climate change impacts on wind energy: A review. Renewable & Sustainable
Energy Reviews, 14, 430–437.
Pryor, S., J. Schoof, and R. Barthelmie, 2005a: Climate change impacts on wind speeds and wind energy density in
northern Europe: empirical downscaling of multiple AOGCMs. Climate Research, 29, 183.
Pryor, S. C., J. T. Schoof, and R. J. Barthelmie, 2005b: Empirical downscaling of wind speed probability distributions.
Journal of Geophysical Research-Atmospheres, 110, doi:10.1029/2005jd005899. ://WOS:000232687100001.
Pryor, S., R. Barthelmie, and J. Schoof, 2012: Past and future wind climates over the contiguous USA based on the
North American Regional Climate Change Assessment Program model suite. Journal of Geophysical Research:
Atmospheres (198 ‚Äì
, 7.
Pryor, S. C. and Coauthors, 2009: Wind speed trends over the contiguous United States. Journal of Geophysical
Research: Atmospheres, 114, n/a–n/a, doi:10.1029/2008jd011416.
Qian, B., J. Corte-Real, and H. Xu, 2002: Multisite stochastic weather models for impact studies. International Journal
of Climatology, 22, 1377–1397, doi:10.1002/joc.808.
Quintana Seguí, P., A. Ribes, E. Martin, F. Habets, and J. Boé, 2010: Comparison of three downscaling methods in
simulating the impact of climate change on the hydrology of Mediterranean basins. Journal of Hydrology, 383,
111–124, doi:10.1016/j.jhydrol.2009.09.050.
Raisanen, J. and Coauthors, 2004: European climate in the late twenty-first century: regional simulations with two
driving global models and two forcing scenarios. Climate Dynamics, 22, 13–31.
Raje,

., and . ujumdar,
: conditional random field‚Äìbased downscalin method for assessment of climate
change impact on multisite daily precipitation in the Mahanadi basin. Water Resources Research, 45, W10404.

Raje, D., and P. Mujumdar, 2010: Reservoir performance under uncertainty in hydrologic impacts of climate change.
Advances in Water Resources, 33, 312–326.
Rasmussen, D. J., T. Holloway, and G. F. Nemet, 2011: Opportunities and challenges in assessing climate change
impacts on wind energy—a critical comparison of wind speed projections in California. Environmental Research
Letters, 6, 024008, doi:10.1088/1748-9326/6/2/024008.
Richardson, C., 1981: Stochastic simulation of daily precipitation. Temperature, and.
Riha, S. J., D. S. Wilks, and P. Simoens, 1996: Impact of temperature and precipitation variability on crop model
predictions. Climatic Change, 32, 293–311.
Rivarola Sosa, J. M., G. Brandani, C. Dibari, M. Moriondo, R. Ferrise, G. Trombi, and M. Bindi, 2011: Climate
change impact on the hydrological balance of the Itaipu Basin. Meteorological Applications, 18, 163–170,
doi:10.1002/met.213.
Robinson, P. J., 1997: Climate change and hydropower generation. International Journal of Climatology, 17, 983–996.
Rockel, B., and K. Woth, 2007: Extremes of near-surface wind speed over Europe and their future changes as
estimated from an ensemble of RCM simulations. Climatic Change, 81, 267–280.

COMPLEX Report D2.1

61/85

COMPLEX – Scoping report on downscaling of climate model outputs

Rojas, R., L. Feyen, A. Dosio, and D. Bavera, 2011: Improving pan-European hydrological simulation of extreme
events through statistical bias correction of RCM-driven climate simulations. Hydrol. Earth Syst. Sci., 15, 2599–
2620, doi:10.5194/hess-15-2599-2011.
De Rooy, W. C., and K. Kok, 2004: A combined physical-statistical approach for the downscaling of model wind
speed. Weather and Forecasting, 19, 485–495.
Rossler, O., B. Diekkruger, and J. Loffler, 2012: otential drou ht stress in a wiss mountain catchment‚ÄîEnsemble
forecasting of high mountain soil moisture reveals a drastic decrease, despite major uncertainties. Water
Resources Research, 48, W04521.
Sailor, D. J., M. Smith, and M. Hart, 2008: Climate change implications for wind power resources in the Northwest
United States. Renewable Energy, 33, 2393–2406.
Salameh, T., P. Drobinski, M. Vrac, and P. Naveau, 2009: Statistical downscaling of near-surface wind over complex
terrain in southern France. Meteorol Atmos Phys, 103, 253–265, doi:10.1007/s00703-008-0330-7.
Salathe, E. P., 2003: Comparison of various precipitation downscaling methods for the simulation of streamflow in a
rainshadow river basin. International Journal of Climatology, 23, 887–901.
Schaefli, B., B. Hingray, and A. Musy, 2007: Climate change and hydropower production in the Swiss Alps:
quantification of potential impacts and related modelling uncertainties. Hydrology and Earth System Sciences
Discussions, 11, 1191–1205.
Schmidli, J., C. Frei, and P. L. Vidale, 2006: Downscaling from GCM precipitation: a benchmark for dynamical and
statistical downscaling methods. International Journal of Climatology, 26, 679–689, doi:10.1002/joc.1287.
Segal, M., Z. Pan, R. W. Arritt, and E. S. Takle, 2001: On the potential change in wind power over the US due to
increases of atmospheric greenhouse gases. Renewable Energy, 24, 235–243.
Semenov, M. A., and E. M. Barrow, 1997: Use of a stochastic weather generator in the development of climate change
scenarios. Climatic Change, 35, 397–414.
Sennikovs, J., and U. Bethers, 2009: Statistical downscaling method of regional climate model results for hydrological
modelling. Proc. 18 th World IMACS/MODSIM Congress, Cairns, Australia.
Shabalova, M. V., W. P. A. van Deursen, and T. A. Buishand, 2003: Assessing future discharge of the river Rhine
using regional climate model integrations and a hydrological model. Clim Res, 23, 233–246,
doi:10.3354/cr023233.
Spirkl, W., and H. Ries, 1986: Non-stationary Markov chains for modelling daily radiation data. Quarterly Journal of
the Royal Meteorological Society, 112, 1219–1229, doi:10.1002/qj.49711247416.
Srikanthan, R., and T. McMahon, 2001: Stochastic generation of annual, monthly and daily climate data: A review.
Hydrology and Earth System Sciences Discussions, 5, 653–670.
Stanzel, P., and H. P. Nachtnebel, 2010: Mögliche Auswirkungen des Klimawandels auf den Wasserhaushalt und die
Wasserkraftnutzung in Österreich. Österr Wasser- und Abfallw, 62, 180–187, doi:10.1007/s00506-010-0234-x.
Stehlik, J., and A. Bardossy, 2002: Multivariate stochastic downscaling model for generating daily precipitation series
based on atmospheric circulation. Journal of Hydrology, 256, 120–141.
Steinschneider, S., and C. Brown, 2012: Dynamic reservoir management with real-option risk hedging as a robust
adaptation to nonstationary climate. Water Resources Research, 48, W05524.
tephenson, . B.,

: Use of the “odds ratio” for dia nosin forecast s ill. Weather and Forecastin , 5,

–232.

Steppeler, J., G. Doms, U. Schättler, H. W. Bitzer, A. Gassmann, U. Damrath, and G. Gregoric, 2003: Meso-gamma
scale forecasts using the nonhydrostatic model LM. Meteorol Atmos Phys 82:75–96. Meteorology and
Atmospheric Physics, 82, 75–96.
Sterl, A., 2004: On the (in) homogeneity of reanalysis products. Journal of Climate, 17, 3866–3873.
Stockle, C. O., J. Kjelgaard, and G. Bellocchi, 2004: Evaluation of estimated weather data for calculating PenmanMonteith reference crop evapotranspiration. Irrigation Science, 23, 39–46.
Stone, D. A., A. J. Weaver, and R. J. Stouffer, 2001: Projection of climate change onto modes of atmospheric
variability. Journal of Climate, 14, 3551–3565.
Stoner, A. M. K., K. Hayhoe, and D. J. Wuebbles, 2009: Assessing General Circulation Model Simulations of
Atmospheric Teleconnection Patterns. Journal of Climate, 22, 4348–4372, doi:10.1175/2009JCLI2577.1.

COMPLEX Report D2.1

62/85

COMPLEX – Scoping report on downscaling of climate model outputs

on torch, .,

: n the use of “inflation” in statistical downscalin . ournal of Climate,

, 5 5–3506.

Von Storch, H., E. Zorita, and F. Gonzalez-Rouco, 2009: Assessment of three temperature reconstruction methods in
the virtual reality of a climate simulation. International Journal of Earth Sciences, 98, 67–82.
Strasser, U., and P. Etchevers, 2005: Simulation of daily discharges for the upper Durance catchment (French Alps)
using subgrid parameterization for topography and a forest canopy climate model. Hydrological Processes, 19,
2361–2373.
Sturaro, G., 2003: A closer look at the climatological discontinuities present in the NCEP/NCAR reanalysis
temperature due to the introduction of satellite data. Climate Dynamics, 21, 309–316.
Sulis, M., C. Paniconi, M. Marrocu, D. Huard, and D. Chaumont, 2012: Hydrologic response to multimodel climate
output using a physically based model of groundwater/surface water interactions. Water Resources Research, 48,
n/a–n/a, doi:10.1029/2012WR012304.
Sun, F., M. L. Roderick, W. H. Lim, and G. D. Farquhar, 2011: Hydroclimatic projections for the Murray-Darling
Basin based on an ensemble derived from Intergovernmental Panel on Climate Change AR4 climate models.
Water Resources Research, 47, n/a–n/a, doi:10.1029/2010WR009829.
Takle, E. S., W. J. Gutowski, R. W. Arritt, J. Roads, I. Meinke, B. Rockel, C. G. Jones, and A. Zadra, 2007:
Transferability Intercomparison: An Opportunity for New Insight on the Global Water Cycle and Energy
Budget. Bulletin of the American Meteorological Society, 88, 375–384, doi:10.1175/BAMS-88-3-375.
Tanaka, S. K. and Coauthors, 2006: Climate Warming and Water Management Adaptation for California. Climatic
Change, 76, 361–387, doi:10.1007/s10584-006-9079-5.
Taylor, K. E., 2001: Summarizing multiple aspects of model performance in a single diagram. J. Geophys. Res, 106,
7183–7192.
Teutschbein, C., and J. Seibert, 2010: Regional climate models for hydrological impact studies at the catchment scale:
a review of recent modeling strategies. Geography Compass, 4, 834–860.
Teutschbein, C., and J. Seibert, 2012: Bias correction of regional climate model simulations for hydrological climatechange impact studies: Review and evaluation of different methods. Journal of Hydrology, 456, 12–29.
Themeßl, M. J., A. Gobiet, and A. Leuprecht, 2011: Empirical-statistical downscaling and error correction of daily
precipitation from regional climate models. International Journal of Climatology, 31, 1530–1544,
doi:10.1002/joc.2168.
Van Ulden, A. P., and G. J. van Oldenborgh, 2006: Large-scale atmospheric circulation biases and changes in global
climate model simulations and their importance for climate change in Central Europe. Atmos. Chem. Phys., 6,
863–881, doi:10.5194/acp-6-863-2006.
Uppala, S. M. and Coauthors, 2005: The ERA-40 re-analysis. Quarterly Journal of the Royal Meteorological Society,
131, 2961–3012, doi:10.1256/qj.04.176.
VanRheenen, N. T., A. W. Wood, R. N. Palmer, and D. P. Lettenmaier, 2004: Potential Implications of PCM Climate
Change Scenarios for Sacramento–San Joaquin River Basin Hydrology and Water Resources. Climatic Change,
62, 257–281, doi:10.1023/B:CLIM.0000013686.97342.55.
Vicuna, S., R. Leonardson, M. W. Hanemann, L. L. Dale, and J. A. Dracup, 2008: Climate change impacts on high
elevation h dropower eneration in California’s ierra Nevada: a case stud in the Upper merican River.
Climatic Change, 87, 123–137, doi:10.1007/s10584-007-9365-x.
Vicuña, S., J. A. Dracup, and L. Dale, 2011: Climate change impacts on two high-elevation hydropower systems in
California. Climatic Change, 109, 151–169, doi:10.1007/s10584-011-0301-8.
Vidal, J.-P., and S. Wade, 2008a: A framework for developing high-resolution multi-model climate projections: 21st
century scenarios for the UK. International Journal of Climatology, 28, 843–858, doi:10.1002/joc.1593.
Vidal, J.-P., and S. D. Wade, 2008b: Multimodel projections of catchment-scale precipitation regime. Journal of
Hydrology, 353, 143–158, doi:10.1016/j.jhydrol.2008.02.003.
Vidal, J.-P., E. Martin, L. Franchistéguy, M. Baillon, and J.-M. Soubeyroux, 2010: A 50-year high-resolution
atmospheric reanalysis over France with the Safran system. International Journal of Climatology, 30, 1627–
1644, doi:10.1002/joc.2003.
Vidale, P. L., D. Lüthi, C. Frei, S. Seneviratne, and C. Schär, 2003: Predictability and uncertainty in a regional climate
model. Journal of Geophysical Research, 108(D18), 4586.
COMPLEX Report D2.1

63/85

COMPLEX – Scoping report on downscaling of climate model outputs

Vischel, T., and T. Lebel, 2007: Assessing the water balance in the Sahel: Impact of small scale rainfall variability on
runoff. Part 2: Idealized modeling of runoff sensitivity. Journal of Hydrology, 333, 340–355.
Westawa , R.,
: odellin the otential Effects of Climate Chan e on the
Scheme, Switzerland. Water and Environment Journal, 14, 179–185.

rande

ixence

dro‚ÄêElectricit

Wilby, R. L., and T. M. L. Wigley, 1997: Downscaling general circulation model output: A review of methods and
limitations. Progress in Physical Geography, 21, 530–548.
Wilby, R. L., and I. Harris, 2006: A framework for assessing uncertainties in climate change impacts: Low-flow
scenarios for the River Thames, UK. Water Resources Research, 42, W02419.
Wilby, R. L., H. Hassan, and K. Hanaki, 1998: Statistical downscaling of hydrometeorological variables using general
circulation model output. Journal of Hydrology, 205, 1–19.
Wilby, R.L., Dawson, C.W., Barrow, E.M., 2002. SDSM - a decision support tool for the assessment of regional
climate change impacts. Environmental Modelling & Software 17, 147–159.
Wilby, R. L., L. E. Hay, and G. H. Leavesley, 1999: A comparison of downscaled and raw GCM output: implications
for climate change scenarios in the San Juan River basin, Colorado. Journal of Hydrology, 225, 67–91.
Wilby, R. L., S. P. Charles, E. Zorita, B. Timbal, P. Whetton, and L. Mearns, 2004: Guidelines for use of climate
scenarios developed from statistical downscaling methods. Intergovt. Panel on Clim. Change, Geneva,
Switzerland.
Wilcox, S., and C. Gueymard, 2010: Spatial and temporal variability of the solar resource in the United States.
Washington, DC: NREL/DoE [National Renewable Energy Laboratory/Department of Energy].
Wilks, D., 1999: Simultaneous stochastic simulation of daily precipitation, temperature and solar radiation at multiple
sites in complex terrain. Agricultural and Forest Meteorology, 96, 85–101.
Wilks, D. S., 2006: Statistical Methods in the Atmospheric Sciences, 2nd ed. Academic, Amsterdam, Amsterdam.
Wilks, D. S., 2012: Stochastic weather generators for climate-change downscaling, part II: multivariable and spatially
coherent multisite downscaling. Wiley Interdisciplinary Reviews: Climate Change, 3, 267–278,
doi:10.1002/wcc.167.
Wilks, D. S., and R. L. Wilby, 1999: The weather generation game: a review of stochastic weather models. Progress in
Physical Geography, 23, 329–357.
Willmott, C. ., . . c leson, R. E. avis, . . Feddema, K. . Klin , . R. e ates, . ’ onnell, and C. .
Rowe, 1985: Statistics for the evaluation and comparison of models. Journal of Geophysical Research: Oceans,
90, 8995–9005, doi:10.1029/JC090iC05p08995.
Wilson, J. W., N. A. Crook, C. K. Mueller, J. Sun, and M. Dixon, 1998: Nowcasting Thunderstorms: A Status Report.
Bulletin
of
the
American
Meteorological
Society,
79,
2079–2099,
doi:10.1175/15200477(1998)079<2079:NTASR>2.0.CO;2.
Wood, A. W., E. P. Maurer, A. Kumar, and D. P. Lettenmaier, 2002: Long-range experimental hydrologic forecasting
for the eastern United States. J. Geophys. Res, 107, 4429.
Wood, A. W., L. R. Leung, V. Sridhar, and D. P. Lettenmaier, 2004: Hydrologic Implications of Dynamical and
Statistical Approaches to Downscaling Climate Model Outputs. Climatic Change, 62, 189–216,
doi:10.1023/B:CLIM.0000013685.99609.9e.
Xu, C. Y., 1999: Climate change and hydrologic models: A review of existing gaps and recent research developments.
Water Resour. Manage., 13, 369–382.
Xu, H., J. Corte-Real, and B. Qian, 2007: Developing daily precipitation scenarios for climate change impact studies in
the Guadiana and the Tejo basins. Hydrol. Earth Syst. Sci., 11, 1161–1173, doi:10.5194/hess-11-1161-2007.
Yamba, F. D., H. Walimwipi, S. Jain, P. Zhou, B. Cuamba, and C. Mzezewa, 2011: Climate change/variability
implications on hydroelectricity generation in the Zambezi River Basin. Mitig Adapt Strateg Glob Change, 16,
617–628, doi:10.1007/s11027-011-9283-0.
Yang, C., R. E. Chandler, V. S. Isham, and H. S. Wheater, 2006: Quality control for daily observational rainfall series
in the UK. Water Environ. J., 20, 185–193.
Yang, W., A. Bardossy, and H. J. Caspary, 2010: Downscaling daily precipitation time series using a combined
circulation-and regression-based approach. Theoretical and Applied Climatology, 102, 439–454.

COMPLEX Report D2.1

64/85

COMPLEX – Scoping report on downscaling of climate model outputs

Yao, H., and A. Georgakakos, 2001: Assessment of Folsom Lake response to historical and potential future climate
scenarios: 2. Reservoir management. Journal of Hydrology, 249, 176–196.
Yates, D., S. Gangopadhyay, B. Rajagopalan, and K. Strzepek, 2003: A technique for generating regional climate
scenarios using a nearest-neighbor algorithm. Water Resources Research, 39, 1199.
Young, K.C., 1994. A multivariate chain model for simulating climatic parameters from daily data. J. Appl. Meteorol.
33 (6): 661-671.
Zorita, E., and H. von Storch, 1999: The analog method as a simple statistical downscaling technique: Comparison
with more complicated methods. Journal of Climate, 12, 2474–2489.

COMPLEX Report D2.1

65/85

COMPLEX – Scoping report on downscaling of climate model outputs

8. Appendix
8.1

Review of CRE impact studies with focus on downscaling methods

Table 2 - Non-exhaustive list of recent papers focusing on the downscaling methods for Meteorological Driving Variables for CRE estimation
Reference

Water
system
+
location
/
domain size

Studied
variables
CRE

Large
scale
driving
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Or

GCM scenarios

Downscaling
Model

DM
outputs
:
Spatial resolution

SDM or DDM

DM Outputs :
pdfs
/ Time
series
(resolution)

CRE
cofluctuations

Types
Evaluations

driven
meteorological
variables
Mimikou et al.
(1991)

Fourreservoir
system
(Greece)

Hydropower
production

Sensitivity analysis

-

-

Robinson (1997)

Two
hydropower
systems
(USA)

Hydropower
production

Sensitivity analysis

-

-

Ricardo
and
(1998)

Set
of
hydropower
plants

Hydropower
production

Sensitivity analysis

-

-

Mimikou
and
Baltas (1997)

Polyfito
reservoir
catchment
(Greece)

Hydropower
production

UKHI + CCM +
UKTR

Delta method Interpolation
from grid to
catchment

Catchment scale

Monthly
series

P + T + PET

None

Westaway
(2000)

Grande
Dixence
hydroelectric
scheme
(Switzerland)

Hydropower
production

HadCM2

Delta method

Catchment scale

Monthly factors

P+T

None

Muñoz
Sailor
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Yao
and
Georgakakos
(2001)

Folsom Lake
(California)

Hydropower
production

CGCM1 (1%/y
increase
in
CO2)

None

Catchment scale

Daily time series
resampled from
analog historical
(October-April)
wet
season
precipitation
totals

P + T + PET

Monthly errors and
cdfs of streamflow
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and
Georgakakos)

Harrison
and
Whittington
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hydroelectric
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al.
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et
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et

et
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(USA)
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Fotopoulos
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and
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Statistical
interpolation
with
PRISM
(Miller et al.,
2003)
and
transient delta
method

10 km

Transient
monthly factors

P+T

None

Schaefli
(2007)

et

al.

Mauvoisin
dam
catchment
(Switzerland)

Hydropower
production

Pattern scaling
from
PRUDENCE
RCMs (Hingray
et al., 2007a)

Delta method
on mean and
standard
deviation
(Hingray et al.,
2007b)

Catchment scale

Monthly factors
(mean
and
standard
deviation)

P+T

None

Christensen and
Lettenmaier
(2007)

Colorado
river basin

Hydropower
production

11 GCMs from
CMIP3

BCSD

1/8 degree

Transient
monthly
time
series + analog
months

P+T

None

Iimi (2007)

Vishnugad
Pipalkoti
hydro electric
project
(India),
Upper
Kotmale
Hydro Power
project (Sri
Lanka), Thac
Mo
Hydropower
station
extension
project
(Vietnam)

Hydropower
potential

CSIRO

Delta method

?

Monthly factors

P+T

None
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Graham
(2007)

et

al.

Lule
River
basin
(Sweden)

Hydropower
potential

PRUDENCE
GCMs

DDM
(PRUDENCE
RCMs) + delta
method

Two
catchments

Vicuña
(2008)

et

al.

11-reservoir
system of the
Upper
American
river
basin
(California)

Hydropower
production

NCAR PCM +
GFDL
CM2.1
(SRES A2 + B1)

none

Markoff
and
Cullen (2008)

Columbia
River Basin

Hydropower
production

7 GCMs from
IPCC TAR

Koch et al. (2008)

Mulde
catchment
(Germany)
7400 km²

Hydropower

de Lucena et al.
(2009)

Brazil

Ospina-Noreña
et al. (2009)

Minville
(2009a)

et

al.

Monthly factors

P + T + PET

None

GCM grid cell

Monthly
factors

P+T

Climatological means
for
monthly
streamflow (% of
annual)

Interpolation +
delta method

1/8 degree

Monthly factors

P+T

None

ECHAM5
(SRES A1B)

Resampling
scheme based
on regression
from
GCM
outputs
(Orlowsky,
2008)

stations

Daily time series

Cofluctuating T, P
and
relative
humidity

P, T, dry spell length,
extreme precipitation
occurrence (Orlowsky,
2008)

Hydropower
production

HadCM3

DDM (PRECIS)

50 km

Monthly factors
on mean and
standard
deviation

P

None

Sinú-Caribe
river
basin
(Colombia)

Hydropower
production

(1)
HadCM3
(SRES A2 and
B2) and (2) 4
GCMs from IPCC
TAR (SRES A2)

(1) None and
(2)
SDSM
(Wilby et al.,
2002)

(1) Grid cell and (2)
catchment scale

Monthly
series

P + Tmax

None

Peribonka
river system
(Québec)

Hydropower
production

CGCM3

DDM (CRCM) +
interpolation
by kriging +
monthly biascorrection for
T and LOCI
(Shmidli et al.,
2006)
biascorrection for
P
and
P

10 km

Daily time series

P+T

Climatological means
for P and T
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frequency
Minville
(2009b)

al.

Peribonka
river system

Hydropower
production

5 GCMs from
IPCC TAR (SRES
A2 and B2)

Area-weighted
delta method +
weather
generator
WeaGETS
(Caron et al.
2008)

Catchment scale

Monthly factors

P+T

al.

Ariège
catchment
(France)

Hydropower
production

11 GCMs from
CMIP3
(SRES
A1B)

Bias-corrected
Local Scaling
(BLS, Vidal and
Wade, 2008a,
2008b)

8 km

Transient
monthly
anomalies + knearest neigbours
(KNN, Sharif and
Burn, 2006)

Cofluctuating
and T

and

Mahanadi
river (India)

Hydropower
production

CGCM2
+
MIROC3.2
+
GISS E20 (SRES
A2, A1B and
B1)

Conditional
Random Fields
(CRF, Raje and
Mujumdar,
2009)

1 degree

Transient
time
series of monsoon
period

P

Monsoon
mean
streamflow values:
time series under
NCEP, cdf under
NCEP and GCMs
(Raje and Mujumdar,
2010b)

Madani and Lund
(2010)

California
highelevation
hydropower
system

Hydropower
production

NCAR PCM +
GFDL
CM2.1
(SRES A2 + B1)

None

GCM grid cell

Monthly
factors

runoff

P+T

None (see Vicuna et
al., 2008)

Beyene
(2010)

et

al.

Nile
basin

Hydropower
production

11 GCMs from
CMIP3
(SRES
A2 and B1)

BCSD

½ degree

Transient
monthly
time
series + analog
months

P+T

None

Hamlet
(2010)

et

al.

Columbia
River Basin

Hydropower
production

20 CGMs

Aggregation of
individual GCM
regional
change
and
delta method

Basin scale applied
to 1/16 degree

Monthly factors +
bias correction of
monthly
streamflow

P+T

At the regional scale
(Mote and Salathé,
2010): monthly bias
(T and P), 20th
century trend (T),
spatial fields wit
Taylor diagrams (P
and T)

Paiva
(2010)

et

et

Raje
Mujumdar
(2010a)

COMPLEX Report D2.1

river

70/85

None

P

None

COMPLEX – Scoping report on downscaling of climate model outputs

Null et al. (2010)

Sierra
Nevada
(California)

Hydropower
production

Sensitivity analysis (T + 2, 4, 6 °C)

Stanzel
Nachtnebel
(2010)

Austria

Hydropower
production

ECHAM5MPIOM (SRES
A1B, A2 and
B1)

DDM (REMOUBA) + delta
method

10 km

Delta method

Sub-basin scale

and

-

-

Daily time series

No

Seasonal and yearly
means T, P

Monthly factors

P

None

-

-

P + PET

None

-

-

Correlation
of
monthly time series
for P and T, 19771999 trends in T,
correlation for the
20th
and
90th
percentile of winter
P, correlation of
seasonal maximum
consecutive dry days,
correlation of 10th
and 90th percentile of
T
(Maurer
and
Hidalgo, 2008)

Yamba
(2011)

et

al.

Zambezi river
basin
(Zambia)

Hydropower
production

CCCMA
+
CSIROmk2
+
HadCM3 (SRES
A2)

Arndt
(2011)

et

al.

Mozambique

Hydropower
production

Sensitivity based on CMIP3 GCMs

Rivarola Sosa et
al. (2011)

Itaipu river
basin (Brazil
and
Paraguay)

Hydropower
production

CGCM2
A2)

Mehta
(2011)

et

al.

CABY rivers
(Sierra
Nevada,
California)

Hydropower
production

Sensitivity analysis (T + 2, 4, 6 °C)

Vicuña
(2011)

et

al.

Upper
American
River project
and Big Creek
System
(California)

Hydropower
production

6 GCMs from
CMIP3
(SRES
A2 and B1)

BCSD

1/8 degree

Daily time series

P+T

al.

Upper

Hydropower

(1)

Stochastic

Catchment scale

Weekly

Various

Koch

et
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Weather
generator
LARS-WG
(Semenov,
2007)

29 sub-basins

Daily time series

time
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(2011)

Danube basin

production

from CMIP3, (2)
ECHAM5

nearest
neigbour
weather
generator
(Mauser et al.,
2007) driven
by
(1)
21
GCMs
from
CMIP3, (2) by
REMO driven
by
ECHAM5
and (3) by
MM5 driven by
ECHAM5

Steinschneider
and
Brown
(2012)

Westfield
river
(Massachusse
ts)

Hydropower
production

5 GCMs from
CMIP3
(SRES
A2)

Delta

Hamududu
Killingtveit
(2012)

Global

Hydropower
potential

12 GCMs from
CMIP3
(SRES
A1B)

al.

Vispa Valley
(Switzerland)

Hydropower
production

Hänggi, P. et al.
(2011a)

Prättigau
(Switzerland)

Hydropower
production

Finger
(2012)

et

and

Catchment
size 283 km²

series

cofluctuating
variables

Catchment scale

Monthly factors

?

None

None

GCM grid cell

-

?

None

4 GCMs from
ENSEMBLES

DDM
(ENSEMBLES
RCMs)
+
quantile
mapping
(Themeßl et
al., 2011)

Two stations

Daily time series

T, P, radiation

Climatological bias in
mean and standard
deviation (P, T and
radiation)

4 GCMs from
ENSEMBLES
(SRES A1B and
A2)

7 RCMs from
ENSEMBLES

Stations
(all
MeteoSwiss,
but
used only Davos
station)

Daily factors

? probably no

Hydrological
model
calibrated
with
observed T and P

Stations
MeteoSwiss)

Monthly factors

no

Hydrological
calibrated

9 GCM-RCM
combinations in
total
+ delta change
(Bosshard et al.,
2011)

Hänggi, P. et al.
(2011b)

Löntsch
(Switzerland)
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(SRES A1B)

Catchment
82.82 km²

10 GCM-RCM
combinations in
total
+ delta change
(Bosshard et al.,
2011)

Hendrickx and
Sauquet (2012)

11 GCMs (SRES
A1B, A2 and
B1)

BLM
(Vidal
and
Wade,
2008a, 2008b)

observed T and P

plus interpolation on
the catchment with a
regression
model
dependent on height
1km² grid cells

Ariège
catchment
(France)

Hydropower
production

8 km

Transient
monthly
anomalies + knearest neigbours
(KNN, Sharif and
Burn, 2006)

Cofluctuating
and T

P

Seasonal bias (P and
T),
daily
climatological
streamflow, low-flow
and
high-flow
characteristics, with
and
without
reservoir operation
management

Christensen and
Christensen
(2007)

Europe

Precip
Temp

Pryor
Barthelmie
(2010)

and

review

wind energy

both

both

Segal
et
(2001)

al.

USA

Wind energy

GCM

DDM

52 km

Wind speed in
terms of wind
power (cube of
wind speed)

no

Harrisson et al.
(2008)

UK

Wind energy

GCM

DDM

50 km

pdf

no

Cradden
(2012)

UK

Wind energy

GCM

DDM

Geostrophic wind

no

Monthly geostrophic
wind
evaluation
against
ERA-40
(1961-90)

Wind energy

4 GCMs

SDM (Weather
types)

Monthly

No

Climatological (mean
monthly values)

Wind Power

et

al.

Breslow
and
Sailor (2002)

USA

Sailor
(2008)

USA

et

al.
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pdf
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(daily, annual)
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Rasmussen et al.
(2011)

California

Wind
energy.
(u,v,w)
10-m
wind speed

CGCM3.1

DDM

GFDL CM2.1

CRCM
(Laprise, 2006)

HadCM3

50 x 50 km2

3h

RegCM3 (Pal et
al., 2007)

SRES A2

HRM3 (Jones
et al., 2003)
Fuentes
and
Heimann (2000)

Alpine region

Precipitation

ERA

Combined
DDM/SDM

Frey-Buness
al. (1995)

et

Alpine region

Wind,
temperature

ECHAM3
(Roeckner et al.
(1992)

Combined
DDM/SDM

Pryor
(2005)

al.

Northern
Europe

Surface wind

HadAM3H and
ECHAM4/OPYC
3

DDM (RCAO,
Räisänen et al.,
2003, 2004

et

20 km

Precipitation
climatology;
Frequency
distribution of daily
precipitation

40 x 40 km2

Mean
spatial
patterns of wind
speed and energy
density at 10-m

SRES A2, B2
SDM
Najac
(2009)

et

al.

France

Wind

14 AOGCM from
CMIP3

SDM (Weather
Types
+
regression
based
approach)

Multi-site

Najac et al. (2011)

France

Wind

14 AOGCM from
CMIP3

Combined
DDM/SDM
(nested
MesoNH
Weather
Types)

3 x 3 km2

Huva
et
(2012)

al.

Holttinen et al.

Australia,
Victoria

Wind, solar –
temperature

IAE members

Wind alone
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daily

no

Cross validation on
learning period – day
to day correlation +
wind distribution

+

DDM =WRF

1.5 km

Not said

Implicit

None

Complete study from
GCM to CRE production

Historic

Not specified

Not specified

Implicit

None

Collection of technical
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(2011)

(DK, FL, S, IR,
D, UK) and
USA

Hoicka
and
Rowlands (2011)

Ontario

Wind and solar

Historic
dataset

Not specified

Not specified

Implicit

None

Dedicated study

Archer
and
Jacobson (2007)

Midwestern
USA

Wind alone

Historic
dataset

Not specified

Not specified

Implicit

None

Dedicated study

Heide
(2010)

Europe

Wind and solar

Historic
dataset

All Europe!

Month

Implicit

None

et

al.
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The following Annex Sections contain elements of information that are partially crossing themes
developed in our report D2.2

8.2

Wind energy potential: driving variables and possible changes

Wind is said to be more sensitive to model formulation than other variables like temperature and
pressure (Rasmussen et al., 2011). The energy in the wind is the cube of wind speed. Thus, a small
change in the wind climate can have substantial consequences for the wind energy resource. For a
change in wind speed at turbine hub-height of 0.5 m/s (e.g. 5 to 5.5 m/s), the energy density increases
by over 30% (Pryor and Barthelmie, 2010).
As reported by Pryor and Barthelmie, (2010), to evaluate the impact of climate change on the wind
resource, one might study:
1. Wind resource magnitude: the possible change of the geographic distribution and/or its inter
and intra annual variability.
2. Wind speeds and energy density
These terms are often quantified using wind indices and the inter- (and intra-) annual variability of
wind speeds, wind indices and energy density are a function of the regional climate, of the frequency
and intensity of transient storm systems, and of the spatial scale of aggregation. Local variability is
high and decreases at continental scale due to different wind conditions from a place to another.
Extreme wind speeds and gusts (50-year return period 10-mn sustained wind speed)
This variable is required to analyze the impact on operation and maintenance. The probability
distribution of extreme wind speed is usually provided by a Gumbel distribution (Cook, 1986).
Icing (defined as air temperature below freezing and the relative humidity greater than 95%)
This variable is important for wind farms installing in high latitudes. Ice accretions on turbine blades
can degrade turbine performance and durability. Nevertheless, few studies have considered this effect
in the context of climate evolution (Pryor and Barthelmie, 2010).
Changes in sea ice and/or permafrost conditions
This may also influence access to wind power plant for operation and maintenance (Laakso et al.,
2003). Claussen et al., 2007 focusing on northern Europe found substantial declines in sea ice under
reasonable climate change scenarios.
Air density
Increasing air temperature will lead to slight decline in air density and power production (modest
effect but not negligible). Extreme low and high temperatures can alter the physical properties of
components materials, expansion of different materials or determine the necessary fluids for
lubrication and hydraulic systems. If the frequency of extreme temperature is likely to increase then
this may have an impact of the selection of turbine construction materials or lubricants.
Change in land cover and land use
These parameters will affect the surface roughness length. It is possible that changes in thermal
regimes and the associated phenomena or changes in inversion height could impact the wind resource
and the wind profiles. For example, it may impact the atmospheric processes that take place in the
lower layer of the atmosphere (low-level jet; roll vortices; inversion layers).
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8.3

Sun power potential: possible changes

Pan et al., 2004 modeled changes to global solar radiation through the 2040s based on the Hadley
Center circulation model. This study projects a solar resource reduced by as much as 20% seasonally,
presumably from increased cloud cover. Increased temperature can also reduce the effectiveness of PV
electrical generation and solar thermal energy collection. However, Meehl et al., 2007 report that
reductions in cloudiness could slightly increase the potential for solar energy in North America south
of 60°N. One European study predicts that a 2% decrease in global solar radiation will decrease solar
cell output by 6% overall (Fidje and Martinsen, 2006). Anthropogenic sources of aerosols can also
decrease average solar radiation, especially on a regional or localized basis. The relationship between
the climate forcing effect of greenhouse gases and aerosols is complex and an area of extensive
research. This field would also benefit from further analysis on the nexus between anthropogenic
aerosols, climate change, solar radiation, and impacts on solar energy production.
8.4

Hydropower potential: driving variables and possible changes

Both the hydropower potential and actual hydropower production may be impacted by changes in
different variables, at different spatial and temporal scales. These changes are aggregated into changes
in streamflow, as shown by Blackshear et al., 2011, which is the most directly relevant physical
variable for assessing hydropower production. The effects of climate change on hydropower
production also depends on the type of hydropower scheme considered, as exemplified in Figure 23,
extracted from Blackshear et al. (2011).
What these two diagrams do not entirely show is the high sensitivity of hydropower production to
spatial and temporal changes in climate variables. Changes in precipitation spatial variability are
particularly important for reservoir schemes with large upstream catchments that include snowinfluenced regions. Indeed, changes in the spatial pattern of precipitation may change the relative
amount of rain-driven or snowmelt-driven inflow, with consequences on the temporal filling of the
reservoir. Additionally, precipitation on different sub-catchments with different land uses may lead to
different inflows, and this is all the more important when multi-reservoir schemes are concerned.
Changes in temporal variability of both precipitation and temperature may occur at different time
scales and have different impacts on streamflow and therefore hydropower production, as exemplified
in Table 3. Moreover, the cofluctuations between relevant climate variables impacting streamflow
(mainly precipitation and temperature through evaporation) should be preserved in the climate
projections at the scale of the considered hydro-system.
For a number of hydropower impact studies, required meteorological scenarios were produced with
one of the different downscaling methods discussed in the main text. For some other studies, they were
either derived from Sensitivity analyses or using raw GCM outputs directly as reported below.
Sensitivity studies
Early studies in the 1990s (Mimikou et al., 1991; Robinson, 1997, Ricardo Muñoz and Sailor, 1998)
were actually sensitivity analysis to prescribed changes in temperature and precipitation, without
reference to any global climate projections, and therefore did not include any downscaling step. Two
recent works were also sensitivity analyses, one based on prescribe changes derived from an average
of CMIP3 GCMs outputs for Mozambique (Arndt et al., 2011) and another based on prescribed
arbitrary changes on temperature (+2° to +6°) on 4 catchments located in the Sierra Nevada
(California) (Mehta et al., 2011).
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Use of raw GCM outputs
A few studies used directly GCM outputs without applying bias-correction or the delta method (e.g.
Ospina-Noreña et al., 2011). Yao and Georgakakos (2001) used GCM monthly time series and applied
an analog resampling scheme to derive daily time series from the observed climate time series. Vicuña
et al. (2008) and Madani and Lund (2010) used raw GCM outputs for deriving hydrological responses
and then derive monthly runoff factors to be applied to historical streamflow time series. Hamududu
and Killingveit (2012) used directly runoff projections from GCMs to assess global changes in
hydropower potential.
Time scale of Impact on streamflow
change

Impact on hydropower production potential

Daily

Changes in flood occurrence and Changes in daily reservoir management rules
shapes
(reservoir) or optimal production temporal pattern
(run-of-the-river)

Intra-annual

Shift in seasonal cycle

Intra-annual

Reduction or increase of seasonality Reduction or increase in runoff predictability, changes
(contrast between discharges from in annual management strategy
low flow and high flow periods)

Inter-annual

Changes in
occurrence

Inter-annual

Changes in inter-annual mean

Changes in production totals

Inter-annual

Changes in inter-annual variability

Changes in predictability of inflows, changes in risk
based inter-annual management strategies

multi-year

Changes in annual management strategy (reservoir)
and in seasonality of production

drought Changes in inter-annual reservoir management
strategy (reservoir) and inter-annual variability of
production, changes in system resilience (duration of
failures states)

Table 3: Impacts of streamflow changes on hydropower production potential and management at different
time scales.

COMPLEX Report D2.1

78/85

28/06/2013

COMPLEX – Scoping report on downscaling of climate model outputs

Figure 23: Framework of climate change effects on different characteristics of hydropower schemes. Climate
change impacts are shown along the x-axis, and hydropower characteristics are shown along the y-axis. Discharge,
temporal variability, and glacial melt do not apply to pure pumped storage, which is not connected to a river network.
Only evaporation is applicable to reservoir surface area to volume ratio (SA:Vol) (adapted from Blackshear et al.,
2011)

8.5

A multi-variate weather generator (Ivanov et al. 2007)

As an example of how a weather simulator includes the cross-correlation between weather variables
we discuss the model presented in Ivanov et al., 2007. This is a weather generator for applications in
hydrology, ecology and agriculture that couples the generation of total cloud cover, shortwave
radiation, air temperature, atmospheric humidit , and wind speed to a “renewal” model of the rainfall
process – this model ives a “rainfall centered” vision of the climate. The structure of this model is
worth to detail since it gives a good idea of the correlations linking the different variables and
corresponding literature references:


Storm and inter-storm durations are at the heart of the simulation, alternating periods with rain and
thus high cloudiness and humidity and low radiation and temperature. These durations are
considered as independent exponentially distributed variables (in hours), the rainfall depth is
related to the storm duration, and the rainfall intensity is assumed uniform throughout the storm
“rectan ular pulses” . This succession ives the general pace to the different variables.



Cloudiness (occulted fraction of the celestial dome) is assumed to be an autocorrelated process
close to . durin storms, stationar durin a “fair weather” period centered on the storm, and
smoothly decaying to 0.0 out of this period, insuring a transition to the inter-storm period.



In term of shortwave radiation, the model considers two wide bands of solar spectrum: the
ultraviolet (UV)/visible (VIS) band, BL1 [0.29 mm-0.70 mm], where ozone absorption and
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molecular scattering are concentrated, and the infrared in near- and short-wave-length range
(NIR), BL2, [0.70 mm-4.0 mm] where water and mixed gases absorptions are concentrated. Direct
beam and diffuse irradiance are distinguished under clear and cloudy skies. The notion of vertical
liquid water path (LWP in [g m-2]) is used to determine the optical thickness of clouds.


Air temperature is assumed to be the sum of a deterministic component T(t) and a random variate
T(t) expressing the difference between the measured temperature and T(t). The hourly increments
of the deterministic component dT(t)/dt are correlated to the position of the sun, the radiation
attenuation and the incoming radiation. The deviation T(t) is approximated by a first order
Markov process.



Air humidity is represented by the dew point temperature, which is assumed to be relatively stable
during the day, in equilibrium with the minimum daily temperature and dependent on the daily
temperature amplitude and the evaporative factor.



The wind speed is simulated as an independent positively skewed variable assumed to follow and
Autoregressive Moving Average Model AR1 model where the random term forces skewness on
the results, leading to an approximately Gamma distribution of wind speed.

This simulator is extensively tested using data from three meteorological stations: Albuquerque
International Airport (New Mexico), Tucson International Airport, (Arizona), and Tulsa International
Airport, (Oklahoma). Beyond the verification (actually at Albuquerque) of the fair restitution of the
basic model variables (see for instance the histogram of the hourly winds in the Figure 14 extracted
from the paper) according to observation, the paper interestingly addresses the question of their
covariation that is not explicitly introduced in the simulator. Figure 15 extracted from this paper
illustrates such interdependencies in a qualitative manner. Simulations start in August and extend
through half of September. As can be seen, the cloudiness dynamics respond to precipitation events
and the incoming shortwave is correspondingly affected by the presence of clouds. The air
temperature series exhibit both lower magnitude and diurnal variability during the days with
precipitation. The dew point temperatures become less differentiated from the air temperatures during
wet periods and show a substantial deviation from the minimum daily temperatures during drier hot
days.
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Figure 14.Histogram of hourly wind speed from the observed and simulated data (Albuquerque, New Mexico).
Symbols m and s are the mean and standard deviation value, correspondingly, for the observed (subindex "o") and
simulated (subindex "s") data. Extracted from Ivanov et al., 2007

Figure: 15 Simulated hourly hydrometeorological variables based on parameters derived from the location of
Albuquerque (New Mexico) (start on 1 August): a) rainfall, b) cloud cover, c) incoming shortwave radiation and (d).
Figure extracted from Ivanov et al., 2007.

Figure 16 of Ivanov et al., 2007 shows sample cross-correlation functions between the mean daily
cloud cover and air temperature amplitude for observed and simulated data. As can be seen, the
highest cross correlation between the two variables is at zero lag, which is well reproduced by the
model. The observed data also show that cloud cover somewhat leads temperature amplitude, i.e., a
nonzero cross correlation exists at the lead-time of 1 day (the asymmetry observed in Figure 16). The
discussed model does not reproduce this effect.

Figure 16: Sample cross-correlation function derived between mean daily cloud cover (variable 1) and air
temperature (variable 2) derived from the observed and simulated data (Albuquerque, New Mexico). Figure
extracted from Ivanov et al., 2007.

The limitations of this generator are i) to be a point simulator and, as far as we can judge, ii) to lack
realism in term of wind description. The latter is of course linked to the low correlation between the
wind speed and other hydrometeorological variables, including rainfall – the master process of this
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simulation method. For example, using hourly weather data for Massachusetts and Kansas, Curtis
and Eagleson [1982] estimated cross-correlation with maximum values of 0.35, usually around 0.1
(for air and dew point temperature and cloud cover).
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Review’s comments from EDF (Electricté de France)

8.6

Reply to comments are given in italic mode in the following
Contributeurs : F. Hendrickx - J. Najac - P. Poulhe / Version V2 – 16 / 05 / 2013
8.6.1

Commentaires Généraux :

es deux rapports sont relativement riches et proposent une mine d’information. a biblio raphie
semble « irréprochable ». u d’E F, il ne semble pas que des documents essentiels aient pu échapper
aux rédacteurs de ces deux rapports.
Le rapport D2.1 se concentre sur la problématique de descente d’échelle en vue de pouvoir estimer les
potentiels énergétiques pour les différentes « CRE ». Pour nous ce document appelle peu de
commentaires : nos partenariats antérieurs avec une partie des équipes à l’ori ine de ce rapport y est
sans doute pour quelque chose.
es descentes d’échelles sont ici prises sous un an le très climatique et l’accent est mis sur
l’importance des échelles : besoins de raffinement des C par une étape de downscalin si l’on
souhaite adresser les moyens de production mais aussi besoin de la bonne corrélation à grande échelle
si l’on veut pouvoir reconstruire l’offre de production a ré ée à l’échelle des réseaux ou des marchés.
e fait que l’an le d’attaque soit très climatique est sans doute le point qui pourrait progresser dans ce
rapport. Il nous apparait sans doute utile d’élargir la notion downscaling à la modélisation
hydrologique de manière à ce que l’on soit bien sur les outils qui permettent de passer des C aux
estimations du potentiel éner étique des différentes CRE dont l’h draulique . e downscalin
climatique pourrait alors être un downscaling hydro-climatique …ce qui permettrait d’être conforme
au titre du rapport.


Réponse : Oui et non, il n’est pas utile d’élargir la notion de downscaling à la modélisation
hydrologique – en fait, l’hydrologie est déjà la principale cible de ce rapport sur le
downscaling (cf. les nombreuses références mentionnées pour illustrer les travaux faits à ce
sujet dans les années récentes) et l’hydrologie ne peut être atteinte que par le biais de la
météorologie via des modèles de simulation hydrologique. Par ailleurs, le downscaling pour
complex doit aussi avoir un focus sur les autres énergies liées aux CRE (vent / solaire) > donc
cela ne peut pas être affiché que comme du downscaling « hydro » –climatique.

Le titre du rapport semble juste : focus sur DM for CREs
Le rapport D2.2 vient compléter assez naturellement le rapport D2.1 en se focalisant sur les cofluctuations entre les différentes variables climatiques influant sur les CRE mais aussi sur la demande
en électricité et au final sur l’équilibre offre demande. a vision complète du s stème électrique, des
dynamiques différentes entre les différents moyens de production, des solutions existantes ou
envisa ées pour lisser la consommation ou encore stoc er l’éner ie apparait très pertinente mal ré les
particularismes nationaux qui rendent difficiles la construction d’un discours très énérale sur ces
questions.
Le lien de ce rapport avec le D2.1 pourrait a ner à être précisé, notamment lorsqu’il s’intéresse aux
générateurs météorologiques (ou plus largement hydro-météorologiques – cf remarque sur D2.1).
ar ailleurs, bien que les centrales thermiques nucléaire / charbon / fuel / … ne soient pas dans
l’enveloppe des CRE, il est à noter que la ré lementation sur les cours d’eau Température maximale
après mélange / Echauffement amont-aval / … rendent leur disponibilité dépendante du climat
(évocation très sommaire §4.4). Ce point mérite sans doute plus d’attention car les forts prix de
l’électricité durant la canicule de
ne peuvent s’expliquer uniquement par une forte demande en
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énergie : la France par exemple s’est retrouvée dans une situation très contrainte de disponibilité de
son parc thermique. our compléter, voici une référence qui peut permettre d’illustrer la question
même si dans le fond scientifique il peut y avoir des choses à redire : Vulnerabilty of US and
European electricity supply to climate change, Michelle T. H. Van Vliet and al., Nature climate
Change, published online : 3 june 2012.
8.6.2

Remarques de détail // Scoping Report D 2.1

P6 - §1.2
“Although this production is related to climate evolutions, it is governed by ocean fluctuations that are
more stable and predictable than atmospheric fluctuations”: o pour les courants marins, moins
d’accord pour les va ues.


Ok, rapport modifié en conséquence

P7 - §1.3
La température pourrait être rajoutée comme prédicteur de la production photovoltaïque (impact
important de la température sur le rendement des panneaux).


Ok, rapport modifié en conséquence

P11 - §2
Une classification des méthodes est proposées avec 4 classes : DD / SDM-PP / SDM-WG / Hybrid
. ’exercice de classification est toujours difficile et critiquable. Il reste que l’on devrait trouver
une certaine logique. La classe SDM-PP semble assez difficilement qualifiable car elle mélange deux
t pes d’approches assez différentes : fonction de transfert et ré-échantillonnage par analogue. La
dimension déterministe du premier type et stochastique du deuxième mériterait sans doute de plus les
distinguer.


Non, les SDM de type fonction de transfert sont normalement aussi de nature stochastique.
C’est une mauvaise mise en œuvre de ces méthode qui les rend déterministe (bruit dans la
relation négligé)

Question : le perfect pro terme que l’on découvre est il bien le bon terme notamment pour héberger
les ré-échantillonnages par analogue ?


Oui, c’est le bon terme : cf. revue de Maraun et al 2010

P14 - §2.2
« DDM use the same or similar numerical schemes and parameterizations to those employed in GCMs
but with higher resolution for the target region of interest »: lorsque le RCM est un modèle nonhydrostatique, il y a des différences importantes au niveau de la représentation des phénomènes
physiques (physique beaucoup plus raffinée dans le modèle non-hydrostatique : modélisation de
l’accélération verticale, et donc a priori meilleure représentation des précipitations .
 Ok, modified in the text
P34 - §3.2
“stationar assumption”: bien que cette h pothèse soit effectivement impossible à valider ou à
invalider, certaines méthodes permettent de donner des indications sur la robustesse de cette
h pothèse. Ces méthodes bien décrites au § . . . En particulier, l’approche proposée par onzalesRouco et al. (1999) et Frias et al. (2006) permet de tester la robustesse de cette hypothèse dans le
« monde des modèles ». Cette approche consiste à utiliser des variables simulées par des modèles
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climatiques sur une période historique comme des pseudo-observations, puis à appliquer le modèle de
downscaling sur une période futur en utilisant à nouveau les variables simulées par les modèles
comme des pseudo-observations.
 Oui, cette remarque est très juste. Cette approche est mentionnée dans le rapport – dans le
dernier paragraphe de la section 4.2.4 : Frias et autres publications de ce type sont
mentionnées
Review’s comments from ARPAV (Agenzia Regionale Protezione Ambiente
Regione Veneto)

8.7

Reply to comments are given in italic mode in the following
The review mostl focused on the presentation of the stud , reflectin the sta eholder’s current vision
of the main controls on CRE availability.
Main discussion points:
. 6: “Future chan es in electricit production from CREs will results from chan es in CRE potential,
but also from changes in the equipment rates and changes in the efficiency of production means.”
These are the main physical and technological controls. Normative and regulation controls are
important as well and may be even more significant in regions where the competition for land use and
water is already hard. ARPAV suggests that COMPLEX shouldn’t miss the opportunit to underline
the regulation and socio-economic controls on CRE production.


A short paragraph has been added in the text to comment this point. In WP2 of COMPLEX
EU project, we will especially focus on changes due to physical and technological controls
keeping in mind the key influence of regulation and socio-economic controls on CRE
production,

Processes which could be better focused in future studies:
Fog as a process which may limit solar radiation (Sec 1.3, Sec 2.2)
Radiation is the main physical driver for sun-related energies. One of the main physical control on
radiation is fog (which is different from cloudiness and cannot be simulated as cloudiness). This
should receive more attention, both at the level of understanding of the impact of fog on the radiation
power effective availability, and at the level of the downscaling procedures. The discussers pointed out
that fog is not necessarily limited to cold months when radiation availability is limited.


OK, We have added a comment on this in the report

References which could be considered for inclusion into the Report
For wind dynamic scaling, please see:
Flaounas, E., Drobinski, P., Bastin, S. (2013): Dynamical downscaling of IPSL-CM5 CMIP5 historical
simulations over the Mediterranean: Benefits on the representation of regional surface winds and
cyclogenesis. Climate Dynamics, 40 (9-10), pp. 2497-2513.


The reference and some comment have been added in the text.

Review’s comments from Lena Tallasken, Droughts & policies, University of
Oslo
Comments were given directly in the document. All comments were accounted for for the elaboration
of the Final Version of the scoping report.
8.8
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