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Abstract 
The application of canonical correlation analysis on climate model results is a well 
known and well analyzed method for obtaining finer scale information from coarser 
model data. These local data are essential inputs for climate impact analyses, which 
become more and more important for our society, considering the extreme climatic 
events throughout the last years. This study analyzed this statistical method’s utility in 
reconstructing and predicting the local climate in an orographically complex region in 
the Hohe Tauern. Therefore, the relationships between the local scale climate and the 
regional scale climate (simulated by the mesoscale MM5 model with a grid distance of 
15 km) were investigated on the daily time scale. A mathematical algorithm was applied 
on an idealized time span (winter 1999, ten times repeated), in order to filter out the 
most important regional scale atmospheric fields for local temperature and precipitation 
variability. In a following step, these selected parameters were tested in the period 
between 1981 and 1990. For the sake of simplicity, the focus of this work was on the 
winter period (December, January, February).  
As a result of this predictor-optimizing approach, the regional scale near surface 
temperature field and the advective precipitation turned out to be the dominant influence 
for the respective local temperature and precipitation situation in the Hohe Tauern 
between 1981 and 1990. Combined with overall wind-related parameters, humidity-
related parameters or temperature fields at other levels, the statistical model delivered 
robust and credible results with correlations between the estimated time series and the 
daily observations up to 95 % for temperature and up to 65 % for precipitation.  
All findings agreed with general theoretic considerations about how the alpine climate 
could be determined and with results from other works. In conclusion, these results 
affirmed the usability of statistical downscaling, because, compared to the dynamical 
regional model (MM5) used as background model, a significant improvement in the 
simulations of the focused local predictands could be obtained. 
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Zusammenfassung 
Die Kanonische Korrelationsanalyse ist eine bekannte statistische Methode, um aus 
grobmaschigen dynamischen Modellresultaten feinskalige lokalspezifische 
Informationen zu erhalten. Betrachtet man die klimatischen Ereignisse der letzten Jahre, 
so werden diese lokalen Daten immer bedeutsamer für unsere Gesellschaft, da sie als 
Eingangsdaten für Klimafolgenforscher und deren Modelle dienen. Ziel dieser Arbeit 
war es mittels dieser statistische Methode die lokalen Klimabedingungen in einer 
Testregion in den Hohen Tauern auf Tagesbasis sowohl zu rekonstruieren als auch 
vorherzusagen. Dafür wurden auf statistische Weise die Verbindungen zwischen dem 
regionalen Klima (simuliert durch das mesoskalige MM5 Modell mit einem 15 km 
Raster) und lokalen Temperaturvariabilitäts- und Niederschlagsvariabilitäts-Zeitreihen 
in einer idealisierten Periode (Winter 1999, 10 mal wiederholt) untersucht, um in einem 
nächsten Schritt die dominanten Prädiktoren zwischen 1981 und 1990 zu testen. Der 
generelle Fokus diese Arbeit lag aus Gründen der Einfachheit auf der Wintersaison 
(Dezember, Jänner und Februar).  
Die Resultate dieses Prädiktoren-optimierenden Verfahrens zeigten, dass das 
regionalskalige bodennahe Temperaturfeld sowie der advektive Niederschlag die 
dominanten Einflüsse auf die lokalen Temperatur- und Niederschlagszeitreihen 
zwischen 1981 und 1990 darstellten. Kombiniert mit Windparametern, 
Feuchtigkeitsparametern und Temperaturfeldern auf anderen Niveaus lieferte das 
statistische Modell sehr gute und robuste Resultate mit Korrelationen von 95% für 
Temperatur und 65% für Niederschlag zwischen den Beobachtungen und den 
Simulationen. Zusätzlich wurden diese Resultate durch generelle theoretische 
Betrachtungen der verschiedenen Einflüsse auf das alpine Klima und andere Arbeiten 
auf diesem Gebiet bestärkt. 
Zusammengefasst bestätigten diese Resultate die Methode des statistischen 
Downscalings, da, verglichen mit den Ergebnissen des als Hintergrundmodell benutzten 
dynamischen Regionalmodells MM5, eine deutliche Verbesserung in der simulierten 
lokalen Temperatur- und Niederschlags-Variabilität erzielt werden konnte. 
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Introduction  
The extreme weather events in summer 2005 in the United States as well as in parts of 
Austria and Germany have reminded us of the keyword climate change. With 
catastrophic floods and mudslides and even the loss of human lives we were faced with 
the possible consequences of the changing climate system. These global changes also 
affect high altitude regions (French, 1996; Haeberli and Burn, 2002). Considering the 
fact that with a possible warming of 4°C within the next 100 years (IPCC, 2001) one 
third to one half of the current European mountain glaciers’ mass could disappear 
(Fitzharris et al., 1996; Heaberli and Burn, 2002), we may have to consider dramatic 
impacts on various aspects ranging from the socio-economic side including settlements, 
traffic, touristic infrastructure or the tourism in general, to the environmental side with 
all the possible issues in permafrost regions. These latter effects could affect the 
vegetation, the soil or the geomorphology and might as well be endangering mankind if 
we consider possible impacts.  
The ALPCHANGE project was positioned in this special scientific field and this study 
contributes to this project. The aim of ALPCHANGE - Climate Change and Impacts in 
Southern Alpine Regions - is to quantify the landscape dynamics in alpine regions 
caused by climatic changes in the past, the present and the future. This is planned in a 
specific interdisciplinary manner uniting scientists from six different working 
disciplines - remote sensing, geographical information system, modelling, field work, 
monitoring and laboratory. The project combines two basic approaches. First, it 
involves the investigation of signals from different dynamic landscape parameters like 
glaciers, snow, permafrost or geomorphology due to a predicted climate change. 
Second, a monitoring of the interactions of the climate change and high mountainous 
processes with the help of an upgraded network in Southern Austria is envisaged. The 
objective of the monitoring part is to gain a comprehensive picture of glacier behaviour, 
snow cover behaviour, geomorphodynamics and permafrost characteristics, whereas the 
first approach results in correlation analysis indicating the influence of climate on 
landscape forming processes. 
 

 
Figure 1: Study region in the southern central part of Austria with main settlements and mountains. 
 
Within the first approach, this thesis is meant to examine the link between the 
variability of relevant meteorological-hydrological parameters in the investigation area 
(shown in Fig.1) as measured by conventional climate monitoring stations and the 
regional scale as resolved by state-of-art regional climate models. This will be achieved 
by using statistical methods, which relate the existing instrumental climate observations 
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to mesoscale model results in order to reconstruct and predict daily time series within 
the 1980s at representative local stations.  
The focus of this work is on 
(a) finding the essential regional scale atmospheric parameters that influence the local 
climate 
(b) investigating how well the chosen canonical correlation analysis (CCA) method 
performs on a daily time scale in such a complex orography, and 
(c) analyzing how well this method, which is normally applied using large scale data 
from GCMs, performs with the finer resolved regional scale model outputs. 
The following chapters are arranged in a way that Chapter 1 aims at giving a 
geographical overview of the study region followed by theoretical considerations 
concerning the question to which extent larger scale (in this study regional scale) 
influences are vital for describing the alpine climate at one specific location. Chapter 2 
focuses on regionalization methods with an emphasis on statistical approaches. This 
leads to Chapter 3 – the theory chapter – where a detailed description of the 
mathematics behind the Barnett Preisendorfer CCA (BP CCA) as well as of the applied 
data is presented. Finally, Chapter 4 deals with results which are split into those for the 
idealized and the ‘real’ ten years run. The conclusions will summarize the main results 
of the work and give a short outlook. 
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1. The study region 

1.1 The landscape 

1.1.1 The location of the study region  

For the purpose of studying the alpine climate a study region in the Hohe Tauern 
including the Hohe Tauern National Park in Carinthia and Eastern Tyrol, as depicted in 
Fig. 1.1, was selected. The following introductory description of this area of interest is 
based on a report from the Amt der Salzburger Landesregierung in 2001 (Amt der 
Salzburger Landesregierung, 2001). 
 

 
Figure 1.1: The study region of the ALPCHANGE project (from Diercke Weltatlas, 1995). 
 
Marked off by the Schober mountain range in the West, the river Möll up to the town 
Spittal/Drau in the South, the river Malta in the East and the Carinthian frontier in the 
North including the southern Glockner mountain range with Austria’s highest mountain, 
the Großglockner at 3798 m above sea level (asl), this region stands out through a 
spatial extension of about 1190 km² and a vertical expansion of ~3200 meters (from 560 
m asl at Spittal/Drau to the Grossglockner). This distinctive relief energy is an 
important issue for this thesis as extreme differences occur on relatively small scales in 
this complex terrain. Concerning the description of the natural landscapes in the study 
region, the Amt der Salzburger Landesregierung (2001) structured the National Park 
Hohe Tauern into five independent regions: 

• The north western Hohe Tauern 
• The north eastern Hohe Tauern 
• The southern Venediger-mountain range/ the Riesenferner-mountain 

range/ the Lasörling-mountain range 
• The southern Glockner-mountain range and the Schober-mountain range 

and 
• The south eastern Hohe Tauern. 
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Following this scheme, the area under investigation is located mainly in the latter two 
regions above. These particularly high elevated areas are characterized by a diverse 
topography ranging from glacial to peri-glacial forms that are covered by diverse 
vegetation. Thus, pictures of glaciers, u-shaped valleys, cirques and cirque-lakes or 
moraines will guide through the landscape description as a visual back up for the 
theoretical considerations. 

1.1.2 The glaciers 

 
Figure 1.2: The glaciers in the Hohen Tauern (from Amt der Salzburger Landesregierung, 2001). 
 
The glaciers in the study region represent the most powerful historical and recent 
landscape forming influence (see Fig. 1.2). Since the Pleistocene, these ice masses have 
sustainably influenced the morphological development of the environment in the Hohe 
Tauern region with powerful ice-stream nets reaching into the alpine foreland. As we 
are living in an interglacial period with increasing global surface temperatures and 
melting glaciers, not only in the Hohe Tauern, those former common valley-glaciers 
have become a rarity. 
Today about 180 km² of the National Park area are covered by glaciers giving this high 
mountainous region its particular charm. In the study region the glacial emphasis is 
located in the area of the Glockner- and the Ankogel-mountain range, with large 
connected areas. These expanses can be related to the height-associated precipitation as 
well as to great flats, functioning as feeding areas. The vertical glacier-distribution can 
be followed by the snowline showing a clear increase from the northern (located at 
2700-2800 m asl) to the southern Hohen Tauern (at 2900-3000 m asl), which is related 
to the poorer precipitation in the South. Form and size of the glaciers are strongly 
connected to the geomorphologic surroundings with the cirque-glacier being a 
characteristic but not the only glacier-form in the Hohe Tauern.  
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1.1.3 The water situation 

 
 

 
Figure 1.3 a&b: The water situation in the study 
region (from Amt der Salzburger Landesregierung, 
2001). 

 

 
In order to get an impression of the water 
situation in highly elevated areas Fig. 1.3 
(a&b) are presented. The hydrology in the 
study region is characterized by glacier 
associated streams, natural streams, 
waterfalls, narrow gorges and gorges. 
Generally it can be said that the National 
Park drains to four main-rivers - the Inn, 
the Salzach, the Mur and the Drau. About 
10 % of the total National Park catchment 
area (173 km²) is covered by glaciers that 
strongly influence the run off dynamics, 
the morphology, the suspended load and 
temperature of the bodies of flowing and 
standing water. 

 

 

a 

b 
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1.1.4 The fauna  

 

 
Figure 1.4 a&b: The vegetation in the study region  
(from Diercke Weltatlas, 1995; Amt  
der Salzburger Landesregierung, 2001). 
 

 
Concerning the fauna of the Hohe Tauern 
Fig. 1.4 (a) shows varying vegetation in 
the study region. According to a changing 
environmental situation - radiation, 
temperature, relative humidity, wind 
speed, precipitation - depending on the 
height in our mountainous region, the 
fauna has to find ways to cope with such 
demanding conditions. One very striking 
example is the frost probability that 
increases from the valleys to the highest 
levels of the National Park corresponding 
to a trip from Middle Europe to the Arctic. 
Thus, the fauna organizes its habitat 
through vegetation levels, adjusted to the 
surroundings. These levels range from 
Mountainous Larch and Swiss Stone Pines  

forests (from 1600 m up to 2100/2200 m asl - the actual forest limit) over Dwarf Pines 
to finally alpine grassland as it can be followed Fig. 1.4 (a&b). 

1.1.5 The climate 

With regard to the climate in the study region, only a short description focusing on few 
relevant parameters will be given at this point, as Section 1.2 will place its emphasis on 
this topic. The climate of the Hohe Tauern and hence of the study region can be 
regarded as unique in the alpine massif due to climatic differences on small scales and 
to strongly developed meteorological gradients between the North and the South. These 
facts are to be associated with the Alps’ ability of modulating the arriving Atlantic 
weather systems (see Fig. 1.5) by its height and special shape, and result in impressive 
differences especially for precipitation amounts between the North and the South of the 
Alps. The long-term precipitation mean for Austria between 1961 and 1991 is shown 
Fig. 1.6.  
 

a 

b 
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Figure 1.5: The barrier-effect of the alpine crest (from Amt der Salzburger Landesregierung, 2001). 
 

 
Figure 1.6: Mean annual precipitation sums 1961-1990 (from Öklim, 2001). 
 
Comparing, e.g., the observation station Krimml to Lienz (less than 70 km distance) the 
long term annual precipitation average is reduced by 25% to 901 mm/year (Öklim, 
2001). At stabile weather conditions, vertical gradients of temperature and humidity 
become essential considering a vertical decrease within the vertical expansion of the 
National Park that - referred to the monthly mean temperature - can be compared with a 
South-North shift of more than 2000 km. Additionally, temperature modifications can 
occur on much smaller scales due to the North or South exposure of slopes which is 
particularly outstanding on strong radiation days, where this phenomenon can be held 
responsible for temperature-differences up to 30°C. Regarding the wind conditions, the 
high mountainous regions feature wind speeds normally exceeding 200 km/h once a 
year and 100 km/h once a month. 
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1.2. Determinants of the alpine climate 

1.2.1 The Alps and its large scale influences 

This Section deals with the question “What determines the alpine climate?” with the 
purpose of supporting the investigation of suitable larger scale predictors for the local 
climate. The following content is largely based upon “Views from the Alps” edited by 
Peter Cebon et al. and “Klimawandel im Schweizer Alpenraum” by Heinz Wanner et al. 
(Cebon et al., 1998; Wanner et al., 2000). 
The Alps are a 800-kilometers long, arc shaped mountain range with a mean width of 
approximately 200 kilometers and an average ridge height of about 2.5 kilometers and 
are situated in the heart of Europe as it can be seen in Fig.1.7.  
 

 
Figure 1.7: The geographical location of the alpine crest (from Cebon et al., 1998). 

 
Due to its location between the Atlantic Ocean, the Mediterranean Sea and the Eurasian 
continental landmass, the Alps demark a transition from the mid-latitude to the 
Mediterranean climate with continental influences from the East. Their summits with 
heights up to 4800 m asl represent significant obstacles for the incoming air masses. 
Distinctive topographic features of the range are the major valleys, predominantly 
running north or south onto the foreland. These valleys are accompanied by several 
East-West inner-alpine valleys aligned along the main ridge like the Wallis or Tyrol. 
Due to their orientation they are shielded from meridional flow and consequently obtain 
reduced precipitation amounts. 
The alpine climate can be regarded as the result of several physical processes and their 
interactions on a wide range of spatial and temporal scales. Starting at the global scale 
the incident solar radiation and the atmosphere’s composition contribute mainly to the 
setting of the global mean temperature and to the seasonally varying pole-to-equator 
temperature differences. Next, the longitudinal distribution of oceans and continents and 
the presence of the major mountain ranges influence the establishment of the 
atmosphere’s continental-scale time mean atmospheric circulation patterns. These are 
followed by smaller (synoptic), transient mid-latitude weather systems, that are 
embedded in the former mentioned large scale patterns. These weather systems, 
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containing fronts, cyclones and anticyclones determine to a great extent the day-to-day 
weather variation in the extra tropics. Including the regional or even the local scale with 
its orographic influences on the flow, these levels interact and thus any change in the 
global climate is transmitted. Therefore, if one wants to infer to which extent the 
continental or even finer scales influence the alpine climate, a discussion of the essential 
aspects ranging from the characteristics of the large scale and the synoptic-scale 
circulation patterns, including the Atlantic storm track in the European sector and its 
principal variations, to the effects conditioned by the surface is inevitable.  

The continental / synoptical scale influence 

Accounting for the synoptical scale patterns in winter, the Icelandic Low in the 
Northwest forms a strongly developed pattern with the Alps in its range of influence, 
surrounded by the Azores High to the Southwest, the cold continental Siberian High to 
the East and a weak Mediterranean Low feature to the South (compare Fig. 1.8 (a)).  
 

 
Figure 1.8: The mean sea level pressure pattern 
over the eastern Atlantic and Europe in winter 
and summer (from Hoskins et al., 1989). 

Consequently, the Alps are embedded in 
one of the slackest pressure gradient fields 
of the extra tropical northern hemisphere. 
On the other hand in summer, illustrated in 
Fig. 1.8 (b), the Azores High extends 
north-eastward becoming the major 
pressure influence in the vicinity of the 
Alps.  
What can also be concluded from Fig. 1.8 
is the mean storm track as it is represented 
by the shaded patterns. Focusing on the 
winter period, it can be seen that the 
majority of cyclones influencing Europe 
traverse the western Atlantic aiming at 
North-East Europe with the Alps at the 
South of the storm track’s tail end. Thus, 
the Alpine weather in the winter-season 
mainly depends on cyclones southernmost 
frontal features. A secondary weaker storm 
track with its entrance at the central 
Mediterranean can be caused by the 
southern passage of these fronts around the 
Alpine massif. These effects can be 
regarded as a precursor for cyclogenesis to 
the lee. In summer, the situation changes in 
that way that the Alps are further removed 
from the weaker and shortened storm track 
from the Atlantic, with the consequence 
that fronts and their associated rain bands 
pass less frequently. This decreased 
frequency also corresponds to the former 
mentioned lee-cyclogenesis.1 Due to the 
topography and the surface coverage some  

                                                 
1 Additional to the seasonal change in the large scale mean flow, changes in the frequency and strength of 
the incident fronts may influence the Alpine lee cyclogenesis with effects on the entire Mediterranean 
region of south-eastern Europe. The formation of lee cyclones is schematically shown in Fig. 1.13. 
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heat lows take effect locally. Additional patterns exist in the Atlantic-European sector 
including an East-West dipole (the Eurasian pattern between Great Britain and the 
northern Caspian Sea), which can exert a certain impact on the in situ weather. These 
patterns are partly illustrated in Fig. 1.9. 

Variations on the continental/synoptic scale - the NAO 

 
Figure 1.9: Important teleconnection patterns of the global climate system (from Wanner et al., 2000). 
 
The former mentioned dipole structure of the pressure pattern in the North Atlantic 
between Iceland and the Azores is the fundament of the term North Atlantic Oscillation 
(NAO), which is schematically shown with other globally important teleconnection 
patterns in Fig. 1.9. The NAO is related to changes in strength and location of the 
Icelandic Low and the Azores High on inter-annual and multi-decadal time scales. 
Statistical studies dealing with the spatial structure of the anomalies on the large scale 
sea-level pressure distribution indicate that the wintertime NAO signal is one of the two 
most recurrent low-frequency teleconnections in the Northern Hemisphere. The North 
to South dipolar signal of the NAO is present in the seasonal mean sea level pressure at 
all seasons with seasonal variation in intensity, phase and alignment (Glowienka-Hense, 
1990; Rogers, 1990 in Cebon et al., 1998). The representation is the North Atlantic 
Oscillation Index (NAOI), which is the normalized mean surface pressure anomaly 
difference between Ponta Delgada at the Azores and Akureyri in Iceland (Rogers, 
1984). In the following, processes and interactions associated with a positive and a 
negative NAO are presented in order to illustrate its importance on the alpine region. 
These considerations are not scientifically proofed fact and are only valid for the 
focused-on winter period. 
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Figure 1.10: The conceptual winter situation over the northern Atlantic and Europe with a positive and a 
negative NAO index, showing SST, sea-currents, air pressure as well as temperature and precipitation 
tendency between North America, western Europe and North Africa (from IFGEOMAR in ozean-online, 
2005: http://www.ozean-online.de/ozklim/NAO/nao.htm). 
 
Regarding the DJF NAO in Fig. 1.10 it can be demonstrated that high index values2, 
hence strong mean surface westerlies in the central Atlantic, tend to be accompanied by 
storm tracks that are extending further into northern Europe and cold (warm) thermal 
anomalies over Greenland (Scandinavia). Other consequences are dry and anticyclonal 
weather conditions in southern Europe with relatively little precipitation in the 
Mediterranean, North Africa and the Sahel and certainly in our study region situated in 
the Alps.  
Contrary to the positive anomaly the negative NAOI values in Fig. 1.10 are associated 
with a persistent (a few weeks are not uncommon) blocking event in the northern 
Atlantic. This results in a reversal of the latitudinal surface pressure gradient and an 
anomalous high-low dipole pattern. The consequences for Europe are weak westerlies 
resulting in very dry and cold winter weather conditions for Scandinavia and North-
West-Europe, whereas the Mediterranean as well as the Alps experience enhanced 
precipitation amounts due to arctic air masses that bring along additional humidity. 
 

 
Figure 1.11: The NAOI between 1860 and 2004 (from Hurrel, 2005: 
http://www.cgd.ucar.edu/cas/jhurrell/nao.stat.winter.html). 

                                                 
2 In this case the Icelandic Low and the Azores High are both developed distinctively. 
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Worth mentioning is the fact that the NAO underlies notable fluctuations. According to 
scientific literature a rather short cyclical variation in the range of 2-5 years is known 
but also a variation within a 70 years rhythm as well as irregular fluctuations (see 
Hurrell, 2005). Looking for the causes and the dynamics behind, these variations of 
atmospheric sea level pressure can be linked to the changes the in sea surface 
temperature (SST) distribution in the North Atlantic (Deser and Blackmon, 1993; 
Kushnir, 1994 in Cebon, 1998). Other possible reasons for the changing system could 
be the differing sun activity or the greenhouse effect. Regarding Fig. 1.11, where the 
winter season NAO index from 1864-2002 is shown, these described fluctuations and a 
positive trend since the 1970s can clearly be seen. According to the former discussion, 
this index situation was accompanied by higher air pressure and added westerly - 
conditions but against all expectations by weaker wind situations in the alpine region.  
As an increase of the observed precipitation amounts was detected in the middle and 
high latitudes of the northern hemisphere and especially in the western part of Alps, the 
western and northern parts of Switzerland outstanded with a plus up to 40% regarding 
winter precipitation (Widmann and Schär, 1997 in Formayer et al., 2001). The southern 
parts of the Alps and East Austria recorded a slight decline considering these amounts 
(Auer and Böhm, 1994 in Formayer et al., 2001). The elevated precipitation amounts 
can, as a paradox to the basic theory (compare Fig. 1.10), be related to a general 
temperature increase and hence increased evaporation over the Atlantic. Thus more 
humidity is brought over to Europe and consequently to the Alps. This fact superposes 
the earlier discussed winter conditions for Europe along with a positive NAOI and 
causes more precipitation in the alpine area as well (Greenpeace Österreich, 2000). 

El Nino/Southern Oscillation 

In addition to the already listed important large scale reasons which are linked to the 
genesis of the alpine climate, teleconnection effects like the El Nino/Southern 
Oscillation phenomenon are worth mentioning. The El Nino/Southern Oscillation 
(ENSO) phenomenon is the dominant mode of interannual variability of the tropical 
ocean-atmosphere system that influences the global climate most sustainably. It is 
associated with the anomalous SST patterns over a substantial part of the tropical 
Pacific and with a shift in the main region of deep cloud-diabatic heating of the tropical 
atmosphere. The phenomenon comes along with strong, well-defined SLP and SST 
signals and anomalous weather across a broad belt of the tropics and a teleconnection 
pattern extending over North America (Ropelewski and Halpert, 1987; Halpert and 
Ropelewski, 1992 in Cebon, 1998).  
Figure 1.9 illustrates some important teleconnections in the global climate system 
including the ENSO with its direct consequences for South America. The Atlantic-
European sector is not directly influenced by the forcing region of the El Nino and the 
tail end of the wave train traversing North America but there are some studies showing 
consequences of the tropical phenomenon in the central European and alpine region. 
Several authors like Van Loon and Madden (1981), Moron and Ward (1998), Hamilton 
(1988), Kiladis and Diaz (1989), Freadrich and Müller (1992) or Freadrich (1994) all 
cited in Cebon (1998) have shown different effects (Cebon, 1998). These impacts 
included the forcing of anomalous winter weather patterns (especially for Scandinavia), 
modification in the frequency of cyclonic and anticyclonic Grosswetterlagen 
(meteorological conditions), signatures in the surface pressure (~1 hPa), temperature 
(~0,2 K) and precipitation (~10 mm) due to more intense westerlies as well as changes 
is intensity and location of the Atlantic storm track. 
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1.2.2 Surface conditioned effects 

In addition to the former given description, the mountain range’s scale and geometry 
enables the Alps itself to modify and trigger weather systems. These influences occur 
on a wide range of spatial scales, from the synoptical to the valley scale, and temporal 
scales. As this study focuses on the local scale conditions, these aspects are essential, in 
order to give a useful overview, which influences are associated with the genesis of the 
alpine climate.  
 

 
Figure 1.12: Non-rotating flow past an idealized isolated mountain. The figure presents a flow from the 
left to the right (characterized by streamlines) with the consequences for the over-flow regime(a) and b) 
and the flow around-regime (c), (d) (from Cebon et al., 1998). 
 
Keeping in mind the Alps’ topography, this continental mass influences the atmospheric 
circulation in various ways. First, the flow is affected by topographic obstacles. 
Considering an idealized setting with an isolated mountain and a steady uniform flow, 
the flow will be deflected vertically as well as horizontally, as it is demonstrated in Fig. 
1.12. Another possibility of modifying the ambient circulation, especially from the 
North- West, is the induction of the lee cyclogenesis. This process is no longer only a 
modification of the circulation system, rather it represents a time dependent flow-
evolution. Figure 1.13 shows this interception of a cold front from the North-West by 
the alpine massif. The three maps corresponds to the deformation of front and the onset 
of South Foehn in (a), cold air outbreak into the western Mediterranean (Mistral) and 
formation of lee cyclone in (b) and the eastward progression of the lee cyclone and the 
onset of Bora and North Foehn in (c). These latter described effects occur on a 
horizontal scale between 200 and 2000 km. 
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Figure 1.13: Schematics of the interception of a cold front by the Alps (from Cebon et al., 1998). 
 
On the next smaller horizontal scale between 20 and 200 km, regional wind systems 
characterize the topographic influence of the alpine crest. Several of them indicate 
similar features as the larger flow configurations in Fig. 1.12 (induced via flow 
deflection) and occur transiently during episodes of frontal passage as it can be seen in 
Fig. 1.13 with the North Foehn, South Foehn, Mistral or the Bora. In general, the 
elongated shape of the Alps significantly facilitates the development of Foehn-like 
flows. On the other side also channelling effects of the flow can results in such regional 
wind systems. 
On an even finer scale, varying from the slopes and the valleys to the massif itself, the 
terrain is additionally responsible for in-situ daily periodic circulations. The daytime 
and night time patterns of the slope and valley circulations are schematically shown in 
Fig. 1.14. The overall driving mechanism for these flows is the daily circle of daily 
solar heating and night time radiative cooling of the near surface air layers.  
 

 
Figure 1.14: Schematic illustration of day- and night-time regional wind systems (from Cebon et al., 
1998) 
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Also on this scale, there are some indications for a diurnal circulation between the ridge 
and the adjacent foreland regions (Kleinschmidt, 1922; Burger and Eckhart, 1937 in 
Cebon et al., 1998). 
Finally, the orographic precipitation and the convection are of utmost importance for the 
alpine region. The topographic lifting leads to condensation, which often results in 
precipitation events. If warm and moist air is lifted, these precipitation events can be 
accompanied by heavy precipitation.  
In conclusion, it can be said that in order to describe the local alpine climate we have to 
think of the sequence that takes the form: global climate change↔ the interocean basin 
exchange↔ the Atlantic SST pattern↔ the atmospheric mean pattern in the north 
Atlantic↔ the characteristics of the in situ storm tracks↔ the frequency of the 
Grosswetterlagen3 ↔ the response in the Alps. 

                                                 
3 Grosswetterlagen indicate the mean pressure distribution over an area of at least Europe within several 
days with consistent atmospheric conditions. Containing the location of the systems center and the frontal 
zone as well as the atmospheric condition over Middle Europe, and a description of the circulation form, 
today 29 different Grosswetterlagen can be listed. 
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2. Downscaling overview 

2.1 Why Downscaling  
An essential objective of climatology is the application of climate (analysis) data to 
issues related to society and those aspects of the physical environment that affect the 
human system. In other words the climate system, its features and results are analyzed 
because of the society’s need to accommodate and adapt to these climatic impacts as 
well as to anticipate probable future system changes (Hewitson et al., 1996). The 
recently most widespread tools to accomplish this ambition are GCMs - General 
Circulation Models or Global Climate Models. These models simulate several 
subsystems of the earth’s climate-system and their complex dynamical interactions by 
numerically solving a series of mathematical equations in a three dimensional grid-
system around the globe (schematically shown in Fig. 2.1 and Fig. 2.2). 
 

 
Figure 2.1: The climate system with its subsystems – atmosphere, hydrosphere, biosphere, lithosphere, 
cryosphere – and some physical processes and interactions (arrows) (from IPCC, 2001). 
 
Their 3-D model formulation is based on fundamental laws of physic, namely 
a) conservation of energy 
b) conservation of momentum  
c) conservation of mass and  
d) the Ideal Gas law 
 
Depending on relatively few input parameters such as solar forcing, aerosol 
concentration or the atmospheric concentration of radiative gases, these models are able 
to simulate reliably the most important mean features of the global climate, like, e.g., 
the intertropical convergence zone, the Hadley cells, jet streams or the ENSO 
phenomenon. If coupled with ocean models, they are - with some limitations - capable 
of representing some essential features of the ocean circulation, like the conveyor belt 
driven by the thermohaline circulation. Due to this connection they are then called 
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Atmosphere Ocean General Circulation models (AOGCMs) (Zorita and v. Storch, 
1997). Hence, GCMs are powerful tools for the study of climate variability and climate 
 

 
Figure 2.2 Schematic illustration of recent AGCMs / 
AOGCMs. According to defined time steps (~30 minutes), 
these models solve the encountered mathematical 
formulations for the processes and interactions on a 3 
dimensional grid in different interacting vertical levels (from 
Henderson-Sellers and McGuffie, 1987). 

change as well as for the detection 
of the anthropogenic contribution 
to global warming as it is 
demonstrated in the IPCC 
summary for policymakers (IPCC, 
2001). However, they suffer from 
one important drawback - their 
coarse spatial and temporal 
resolution. Designed for temporal 
scales from months to decades and 
with horizontal resolutions of the 
order of 100 to 500 km at the 
equator, present-day GCMs fail 
calculating accurate regional 
climate data that are demanded by 
the climate impact community.  
   Although some impact studies 
use the GCM outputs directly by 
using the nearest grid-value at the 
region of interest, they often have 
to deal with significant differences 
comparing model results and the 
observation data. Generally, the 
IPCC specifies this GCM bias for 

temperature in the range of ±5°C and for precipitation at ± 50%. Thus, in order to yield 
a robust interpretation of the global model results, more grid points have to be taken 
into account. The minimum skilful scale is of a several grids length - at least two, since 
these are essential for describing the smallest wavelengths in the model (IPCC, 2001). 
But what are the reasons for the GCM’s insufficient description of regional or local 
climate conditions? The regional climate problem. 
In order to find a solution, a definition for the term regional in the climatic context has 
to be found. Having a look into scientific literature it is difficult to offer one definition, 
as the regional scale can be based on geographical, political or physiographic 
considerations, climate homogeneity aspects or even on the model resolution. For this 
study, along with the IPCC, the regional scale will be defined as the area based range of 

74 1010 − km². Consequently, the upper end of this range is referred to as the sub-
continental scale (marked by climatic inhomogeneity in many regions around the 
globe), whereas regions smaller than 410 km² are referred to as the local scale. Taking 
into account the earth’s circulation, the planetary scale, occurring at scales greater than 

710 km² completes this scheme (IPCC, 2001). Keeping in mind what has already been 
discussed in Section 1.1, one scale cannot be regarded separately, as processes and 
forcings on all these scales interact at their characteristic temporal scale which can be 
seen in Fig 2.3.  
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Figure 2.3: Characteristic time and length scales of atmospheric processes (from v. Storch et al., 2001). 
 
Thus, large scale forcings and processes as pointed out in Section 1.1 as well as 
region/local scale forcings and processes have to be taken into account when describing 
the climate of a specific area. Regional forcings are caused by a complex topography, 
land-use characteristics, inland bodies of water, the land ocean contrast, atmospheric 
aerosols, radiative active gases, snow, sea-ice or the ocean current distribution. 
Regarding this description of the regional climate it becomes evident that GCMs, due to 
their limited temporal and spatial resolution, are not capable of incorporating this 
complexity adequately. In its representation the land-sea distribution is smeared heavily, 
mountains appear as broad flat hills and the detailed forcing effects and sub grid 
processes such as cloud formation, infiltration, runoff and evaporation are captured via 
parameterization schemes4. Even worse is the need to neglect parts of the entire system 
completely (IPCC, 2001; Zorita and v. Storch, 1999; Wanner et al, 2000). Details about 
regional forcings can be found in the review of Giorgi and Mearns (1991).  
Since global models cannot account for skilful regional information, strategies for 
obtaining spatial resolutions better than 100 km have to be found. These efforts, aiming 
at obtaining additional regional climate information, are called downscaling or 
regionalisation. At present two approaches are worth mentioning: 

1. process based techniques, involving the explicit solving of the physical 
dynamics of the system and 

2. empirical techniques that use identified relationships derived from observational 
data.  

Both ways can be adopted to develop regional climate change scenarios and both have 
their advantages and shortcomings as it will be discussed in the next Sections. 
                                                 
4 The climate system can be seen as a physico-chemico-biological system possessing infinite degrees of 
freedom so that any attempt to model this highly complex system is fraught with dangers. This makes it 
necessary to represent many distinct processes of the complete system by semi-empirical mathematical 
expressions. This process of simplifying the climate system with mathematical expressions is termed 
parameterization. Which processes are parameterized depend on the importance of the processes relative 
to other processes being modelled.  
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2.2 Dynamical techniques 

2.2.1 GCMs with increased horizontal resolution and Regional Climate 
Models 

As far as process-based techniques are concerned, the tendency to global models with 
finer horizontal resolution can clearly be noticed as a consequence of the increasing 
computer power. That is to say, state-of-art GCMs with a T106 (as shown in Fig.2.4) 
resolution carry out their equations using sphere harmonics corresponding to a 125*125 
km grid (about 1.2°). With high resolution or variable resolution GCMs even finer grids 
can be adopted globally or over a selected area. Yet, as their application is quite costly 
and computationally demanding they are unfortunately not available for long term 
experiments. Thus, the restriction to a so called “time-slice modus” - these time spans 
can be up to several decades - yields one possibility to take advantage of this technical 
development. By identifying periods of interest within GCM transient simulations, 
globally consistent time spans of relatively high resolution climate information in the 
order of 100 km globally or 50 km regionally can be obtained.  
 

 
Figure 2.4: A comparison between four horizontal resolutions representing Europe and parts of the North 
Atlantic (from v. Storch et al., 1999). 
  
Considering other dynamical techniques we advance to Limited Area Models (LAMs), 
as Giorgi and Mearns (1991) call them or Regional Climate Models (RCMs) according 
to the scientific literature. This nested regional modelling technique consists of using 
initial conditions and time dependent lateral meteorological conditions and surface 
boundary conditions to drive high resolution RCMs embedded in GCMs (shown in 
Fig.2.5). The RCM hence accounts for the sub grid scale forcings and therefore 
enhances the simulation of atmospheric circulations and climatic variables at fine spatial 
scales, whereas the GCM provides the driving fields by calculating the atmospheric 
responses to large scale forcings.  
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Figure 2.5: The nesting technique showing the embedded RCM with the according horizontal and vertical 
resolution (from v.Storch in Timbal, 2003). 
 
Via such applications detailed information at spatial scales down to 20 km and at 
temporal scales of hours or less, may be achieved (comparing e.g. Machenauer et al. 
(1996)). Unfortunately, RCMs suffer from the drawback that they are computationally 
demanding in addition to shortcomings in the interaction-interface between the GCM 
and the nested RCM. Furthermore systematic errors due to parameterization aspects - 
sub grid parameterization as well as GCM parameterization errors - and the question of 
the domain size5 represent difficulties that have to be overcome. Despite these 
drawbacks the scientific literature claims this approach to be the probably best solution 
for future regional climate study purposes (Hewitson and Crane, 1996; IPCC, 2001; 
Zorita and v. Storch, 1999). 

2.3 Empirical/statistical methods 
The alternative approach to overcome the scale mismatch between the skill of recent 
global climate simulations and the demands of ecosystems and sector models is 
empirical/statistical downscaling - the second point (Giorgi and Mearns,1991; Zorita 
and v. Storch, 1999; Busuioc et al., 2001; Wilby and Wigley, 1997).  
Statistical downscaling techniques are rooted in synoptic climatology and numerical 
weather prediction and are nowadays used in a wide range of application, from 
historical reconstruction to regional climate change problems. A detailed historical 
discussion on the development of statistical downscaling in general can be found in 
Hewitson and Crane (1996).  
The idea of statistical downscaling is essentially based on the assumption that the 
regional climate is conditioned by two factors: the large scale climatic state and the 
local features such as topography or land sea distribution. Consequently, to derive local 
climate information this approach relates large scale climate variables (predictors) to 
local climate variables (predictands) by using statistical relationships. For this purpose 
long term historical data sets at both, the larger and the finer scale, have to exist. These 
data records together with the obtained relations implicitly contain the physics involved, 
contrary to the physically based models that have to simulate the involved processes 
explicitly. As a result, such statistical models are able to translate anomalies of the large 
scale flow into corresponding fluctuations of chosen local climate variables (v. Storch, 
1995; IPCC 2001; Buiusoc et al., 2001). As it has been demonstrated in some 

                                                 
5 The model resolution has to be high enough to capture the basic mesoscale forcings of relevance 
(regional topography for example), while on the other side the model domain has to be large enough to 
prevent the coarse large scale lateral boundary conditions from dominating the solution over the area of 
interest and consequently to allow a full development of the RCM produced mesoscale circulations. 
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investigations, the relationship between large scale structures and local climates may 
vary with the season. Thus, several authors like Busuioc et al. (2001) or Benestad 
(2002) concentrate on each season separately. 
Due to a growing popularity, a range of statistical downscaling methods exist in the 
literature. This boom is probably based on their relative simplicity in providing 
regional/local climate information at lower costs compared to other methods, such as 
the already described RCMs. According to the IPCC report from 2001, these statistical 
approaches can be classified into three categories (IPCC, 2001). These are the 
following: 

• Weather generators 
• Weather typing 
• Transfer functions 

 
The focus of this work will be on the last point as one variant of this method will be 
applied and tested in this thesis, whereas the other techniques will be discussed in a 
more general way. 

2.3.1 GCM interpolation 

Figure 2.6: The interpolation technique applied on 
winter maximum temperature (from Barrow, 2005: 
http://www.parc.ca/pdf/conference_proceedings/jan_
01_barrow2.pdf). 
 

Before going into detail with more 
sophisticated empirical regionalization 
method, the opportunity of interpolating 
GCM results should be treated. This 
simple way to display GCM datasets at 
higher resolution removes discontinuities 
between two neighbouring grid boxes in 
complex regions. Contrary to the 
subsequent approaches, no additional 
regional information is obtained. 
Therefore, the observer may get a false 
impression of geographical precision.  
   Figure 2.6 illustrates this topic, 
showing a scenario for maximum winter 
temperature in 2020 over North America. 
The original GCM results, shown in the 
upper picture, are interpolated on a 0.5° 
latitude/longitude grid. The values range 
from -1 to +9°C and due to the fact that 
no information is added the temperature 
pattern does not change (Barrow, 2005). 
 

2.3.2 Weather generators 

Weather generators, following Wilks and Wilby (1997), are statistical models of 
observed sequences of weather variables that focus on the daily as well as on the sub-
daily scale (Wilks and Wilby, 1997; IPCC, 2001). These stochastic models are either 
built on methods like Marchov chains or the spell length approach, that focus on the 
simulation of the dwell period or more commonly on the daily precipitation occurrence. 
In addition the frequency as well as the intensity of the precipitation can be obtained. 
Furthermore, time series of minimum and maximum temperature, solar radiation, 
relative humidity or wind speed are common results of weather generators, by 
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conditioning these parameters on the precipitation occurrence (Richardson, 1981 in 
IPCC, 2001). In general, the parameters of weather generators can be conditioned upon 
a large scale state (Katz and Parlange, 1996; Wilby, 1998; Charles et al., 1999a in IPCC 
2001) or relationships between large scale parameter sets and local scale parameters can 
be developed (Wilks, 1999b in IPCC, 2001). In order to back up the discussion above, 
Fig. 2.7 shows the scheme of a typical weather generator. 
 

 
Figure 2.7: A systematical presentation of weather generators. The precipitation occurrence that is related 
to stochastic processes is obtained by considering the results from the previous day (from Barrow, 2005: 
http://www.cics.uvic.ca/scenarios/pdf/workshop/downscaling.pdf). 

2.3.3 Weather typing 

The next statistical approach - weather typing - relates “weather classes” to local and 
regional climate variations. The weather classes are derived through objective or 
subjective classification schemes. For objective approaches principal component 
analysis, canonical correlation analysis, fuzzy rules, correlation-based pattern 
recognition techniques, or neural networks are applied. Subjective schemes, on the other 
hand, include the European Grosswetterlagen, the British Isles Lamb Weather Types, or 
daily weather types for the Delaware River basin. Having extracted the ideal 
classification scheme and derived the weather types, relationships between the weather 
classes and the local climate variables can be inferred. These variables lead to the 
frequency distribution of the local climate by weighting the local climate variables with 
the frequency of the weather classes. The climate change on a small scale consequently 
can be estimated by the change of the weather classes’ frequencies. For the purpose of 
climate change studies GCM output fields are taken to perform these classifications in 
order to be capable of assessing regional climate impacts, as it can be seen in the Fig. 
2.8 (Wilby and Wigley, 1997). 
An insertion in this weather typing section is dedicated to the statistical-dynamical 
downscaling, a sort of hybrid regionalization method. Combining the advantages of 
both strategies – capturing the physical processes and reducing the computation time - 
this approach uses weather classes as input for RCMs A more sophisticated introduction 
on this topic can be read up in Zorita et al. (1995), Zorita and v. Storch (1999), Heimann 
and Sept (1999) and Fuentes and Heimann (2000). 
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Figure 2.8: The systematic course of weather typing (from Barrow, 2005: 
http://www.cics.uvic.ca/scenarios/pdf/workshop/downscaling.pdf). 

2.3.4 Transfer function-introduction 

The last subsection dealing with statistical regionalization methods will focus on 
transfer functions that play a special role in this treatise, as they will be applied later on 
in the investigation. These regression methods, as they are also named in scientific 
literature, were among the earliest downscaling approaches (Kim et. al. 1984; Wigley, 
1990 in IPCC, 2001) and are likely to be the most common downscaling methods 
nowadays.  
Giving a general definition, these approaches establish linear or nonlinear relationships 
between sub grid scale parameters (predictands) and coarser resolved predictor variables 
(Wilby and Wigley, 1997). Among these functions the simple regression model 
(Mattula et al., 2002; Hewitson and Crane, 1992; Sailor and Li 1999 in IPCC, 2001) as 
well as Principal Components Analysis (PCA)(Busuioc et al., 2001; Bretherton et al., 
1992 in IPCC, 2001), the Canonical Correlation Analysis (CCA) (v. Storch and Zwiers, 
1999; Busuioc et al., 2001; Bretherton et.al., 1992; Wallace et al., 1992 in IPCC, 2001) 
or the Singular Value decomposition method (Bretherton et al., 1992), all working with 
fields of spatially distributed variables can be found. Even approaches like Artificial 
Neural Networks (ANN) (Hewitson and Crane, 1992 in IPCC, 201) covering nonlinear 
regression problems are common. Implementing this downscaling approach, first of all 
the predictor question - which means, which predictor is of utmost importance for the 
local predictand - has to be answered. Authors like Hewitson and Crane (1996) showed 
that whether one predictor (humidity) was included or not, the results for the future 
change in mean precipitation and extreme events change significantly (Hewitson and 
Crane, 1996 in IPCC, 2001). Generally spoken, a predictor has to explain a certain 
contribution of the predictands variability or, according to Giorgi and Mearns (1991), to 
be representative of the processes which affect the surface variable being predicted. In 
addition, Giorgi and Mearns (1991) listed large scale precipitation, relative humidity 
and atmospheric stability as they directly affect the precipitation process as good 
predictors for local precipitation. Surface pressure and mid-tropospheric geopotential 
height should also be taken into account. They give an indication of the prevailing 
synoptic conditions and predictors like sea surface temperature (SST), soil moisture 
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content, vegetation cover or topographic features possibly also have an influence on the 
local variable (Giorgi and Mearns, 1991). From the last lines it is also relatable that 
predictor and predicatand can be the same variables on different spatial scales (Wilks, 
1999b in IPCC, 2001; Widmann and Bretherton, 2003; Bretherton et al., 1992; Busuioc 
et al., 2001; Matulla et al., 2003). Above these considerations on predictors it has to be 
kept in mind that the importance of a specific predictor under present climates may vary 
under changes, which is critical for determining the climate change. 
After this pre-work, the site-specific local observed variables can be related to the 
chosen predictor variables via a certain transfer function. According to these 
relationships it becomes feasible to reconstruct or to predict local climate time series. 
These steps can easily be followed in Fig. 2.9  
 

 
Figure 2.9: The proceedings working with transfer functions (from Barrow, 2005: 
http://www.cics.uvic.ca/scenarios/pdf/workshop/downscaling.pdf) 
  
Concerning statistical downscaling, three implicit assumptions have to be made: 

• The predictors are variables of relevance to the local climate variable being 
derived, and are realistically modelled by the GCM. 

• The transfer function is valid under altered climatic conditions, which cannot be 
proven in advance. It would require the observational record to span all possible 
future realisations of the predictors. A way of validation for the function can be 
its comparison to runs of nested regional models for present climate for its 
determination and for future climate scenarios to test it. 

• The predictors fully represent the climate change signal. Due to the scientific 
literature most downscaling approaches to date have relied on circulation based 
predictors entirely and thus can only capture this part of the climate change. 
However, predictors like atmospheric humidity are becoming more and more 
interesting to the community (IPCC, 2001). 

Regarding these preconditions the weaknesses can easily be inferred since their basic 
assumptions are not verifiable and the predictions are only valid within the range of the 
data used to develop those statistical models. The demand for long data sets 
consequently restricts these methods to regions with a certain observational 
infrastructure. Worth mentioning is the fact that those empirically based techniques 
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cannot capture possible systematic changes in regional forcing conditions or feedback 
processes. 
Most of these empirical/statistical applications have dealt with monthly or seasonal 
maximum and minimum rainfall (Buisoc and v.Storch, 1996) or temperature data 
(Benestad and Hansson-Bauer, 2003; Giorgi and Mearns, 1991), but they are also 
capable of inferring climate impact variables like salinity and oxygen (Heyen and 
Dippner, 1998; Zorita and Laine, 1999 in IPCC, 2001), sea level investigation, extreme 
events, biological parameters like the phonological time (Mattula et al., 2003) or even 
ecological variables such as the abundance of species (Kröncke et al., 1998 in IPCC, 
2001). Nevertheless, all of these studies suffer from various levels of uncertainties that 
have to be kept in mind when it comes to interpret the results, namely  

• The emission scenarios that are involved, 
• The models’ sensitivity to forcing conditions on the global as well as on the 

regional scale and 
• The applied downscaling technique.  

 
Concerning the last point, those uncertainties are likely to be related to an incomplete 
scientific knowledge, an imperfect representation of physical processes because of 
mathematical simplifications or even to the observational data that often come out to be 
biased and sparsely distributed. 
After all, comparing all those downscaling approaches, from the physically based to the 
empirical statistical ones, the conclusion arises that there does not exist an overall 
appropriate way of getting regional or local climate information. Comparative studies 
indicate that both techniques have similar skill for present day climate, whereas under 
future conditions the results differ and the question arises, which results are more 
correct. Due to this fact a combined use of the methods in order to verify the findings 
may provide the most suitable approach in many cases (Wilby and Wigley, 1997; IPCC, 
2001). 
 
Even if global climate models in future are run at high resolution there will remain the 
need to ‘downscale’ the results from such models to individual sites or localities for 
impact studies. Downscaling methodologies are still under development and more work 
needs to be done in intercomparing these methodologies and quantifying the accuracy 
of such methods (Wilby and Wigley, 1997) 

Transfer function in this work 

Contrary to the common approach, this work relates RCM results instead of GCM data 
to temperature and precipitation records at local observational sites focusing on the 
daily scale. Therefore, these higher resolved regional scale predictors should account for 
significantly more locally relevant information. Additionally, even different regional 
predictors compared to common essential GCM predictors may influence the local 
conditions. Knowing that a linear relationship may not be the adequate approach for 
estimating the non-normally distributed daily precipitation, it is worth investigating, if a 
consequent bias in the results can be minimized by relating an equally (non-normal) 
distributed regional scale predictor (precipitation) to the local scale predictand 
(precipitation) (compare Widmann and Bretherton, 2003). 
Due to the fact that global model results were used as lateral boundary conditions for 
the nested MM5 through two nested domains and then the statistical transfer function 
refined these dynamical outcomes, the entire work can be regarded as hybrid approach 
accounting for the dynamical based as well as the empirical side. 
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3. Downscaling methods and data used 

3.1 An overview 
So far the description of downscaling methods has been very general. This is going to 
change in the following sections, which focus on the theory behind empirical orthogonal 
functions analysis and the canonical correlation analysis.  
 

 
Figure 3.1: The downscaling scheme. 
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The subsequent Sections are structured according to the numbers on the left side in Fig. 
3.1, which provides a visual overview containing the entire essential steps that were 
carried out in the work. Few important parts are backed up by some ‘how to understand 
it’-Sections. 

3.2 Data management 

3.2.1 The regional scale data 

On the large scale, which is represented by the regional scale in this study, mesoscale 
atmospheric variables (given in Tab.3.1) on four different pressure-levels as well as near 
surface parameters were available every six hours over an area presented in Fig. 3.1. 
 

Variable                                                   Abbreviation Level 
Temperature     T 850,700,500,200 hPa 
Geopotential Height    H 850,700,500,200 hPa 
Mixing Ratio     Q 850,700,500,200 hPa 
u component of horizontal wind  U 850,700,500,200 hPa 
v component of horizontal wind  V 850,700,500,200 hPa 
Steam pressure*    Sp 850,700,500,200 hPa 
Saturation vapour pressure*   Svp 850,700,500,200 hPa 
Specific Humidity*    sp_H 850,700,500,200 hPa 
Relative Humidity*    rel_H 850,700,500,200 hPa 
Vorticity*     Vort 850,700,500,200 hPa 
Wind divergence*    Windd 850,700,500,200 hPa 
Seal level pressure    SLP sea level 
Precipitable water    Pwat surface 
Advective rain    Rain_adv surface 
2-meter Mixing Ratio    Q2 2m 
2-meter Temperature    T2 2m 
10-meter u component of horizontal wind U10 10m 
10-meter v component of horizontal wind V10 10m 
Terrain surface 

Table 3.1: The MM5 regional scale parameters. The * indicates those parameters that were not directly 
obtained via the MM5. 
 
These variables were chosen relating to Section 1.2 as well as helpful works from the 
IPCC (2001), Matulla et al. (2003), Benestad et al. (2001) and Widmann et al. (2003). 
The mesoscale fields were calculated by the PSU/NCAR mesoscale model (known as 
MM5), which is a limited-area, nonhydrostatic, terrain-following sigma-coordinate 
model designed to simulate or predict mesoscale atmospheric circulation. All 
parameters, except the dynamical ones, were calculated on a 81*57 grid accounting for 
the 1999 run and on a 84*63 grid for the time-span between 1981-1990. The dynamical 
parameters as meridional and zonal wind components were represented on a 82*58 
(85*64 respective) grid. The model incorporated a grid-point distance of 15 km.  
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Due to the last lines the temporal focus of this work was on  
(a) a synthetic 10 year data set consisting of the MM5 run for 1999 joined ten times 

(‘idealized data set’) and 
(b) a 10 years MM5 model run spanning the period from December 1981 to 

February 1991.  
 
Both time series were produced in the framework of the Austrian project ‘reclip:more - 
Research for Climate Protection: Model Run Evaluation’ by dynamically downscaling 
general circulation model runs, representing current ERA 406 climate. In order to 
achieve a horizontal grid distance of 15 km from the GCMs ~100 km resolution, the 
MM5 mesoscale model was applied through two nested domains demonstrated in Fig. 
3.2 (Loibl et al., 2004).  
 

 
Figure 3.2: The geographical location of the MM5 domains over Europe and Austria. 
 
As the 1999 model results were regarded as typical results including all the essential 
information about what determines the study regions’ climate, the idealized 10 years 
data set was used to construct an adequate pre-filter for finding the important regional 
scale predictors. These predictors then should be analysed in the ‘real’ 10 year data set. 
Since this information about the period 1981-1991 was obtained by a MM5 model run, 
the term ‘real’ does not imply that these data represent the real atmospheric state then.  
As the focus of this study was on the winter season - December, January, February 
(DJF) - the relevant months had to be filtered out. Therefore, the idealized winter period 
for 1999 was constructed by adding the December values from 1999 before those from 
January and February 1999 and then lining up the arrangement ten times for the desired 
time span. In contrast, the considered winter months for the 10 years model run were 
simply cut out for the further analysis. As the time-slices January 01 00:00 UTC and 
December 31 18:00 UTC were missing in the 1999 run these fields were received by 
averaging the temporally comparative slices - 00:00 UTC, 18:00 UTC - at the next day 
and the day before. Concerning the advective rainfall, the values from the respective 
day before were taken into account. For the further work the ideally constructed winter 
season will be denoted as the idealized 10 year data set or the idealized season. 

                                                 
6 ERA 40 constitutes the ECMWF recent global re-analyses data set, spanning the period between 1957 
and 2002 (Uppala et al., 2004). 
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For the purpose of calculating the daily means for the atmospheric parameters equation 
(3.0) was applied 
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=         (3.1)  

 

where mF  denotes the daily MM5 field mean and 18,12,6,0F  represent the state of the 

given field at 00:00, 06:00, 12:00, 18:00 UTC.  
 
As some parameters were not directly simulated by the MM5 mesoscale model, they 
had to be derived via the following formulations. 
 
Water vapor pressure e [hPa]: 
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with m  being the mixing ratio and p  being the air pressure. 
 
Saturation vapor pressure ( )tE  via the Magnus formulation [hPa] (after Groff and 
Gratch, 1946 in http://cires.colorado.edu/~voemel/vp.html): 
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Specific humidity q  [kg/kg]: 
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Relative humidity r  [%]: 
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Vorticity ζ  in Cartesian coordinates: 
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Wind divergence δ  in Cartesian coordinates: 
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The parameters u, v in equation (3.6) and equation (3.7) indicate the u component and 
the v component of the horizontal wind. 
One precondition that will be discussed later working with CCA is that the variables 
(model field and observation) need to span the same period of time. Therefore, each of 
the resulting 900 daily mean model fields for the idealized season (902 for the 
respective ‘real’ 10 years) was arranged into a column vector by lining up the second 
row at the end of the first one, and the third at the end of the first plus the second row 
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and so on. Thus, after transposing the matrices in order to adjust them to the 
nomenclature used in the mathematical part, data matrices similar to one given in Fig. 
3.3 were obtained. 
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Figure 3.3: Data matrix for X or Y  with each row being a time series and each column representing a 
map of for a given location. 
 
At the 700 hPa and the 800 hPa level the terrain was breaking through these pressure 
levels. As a consequence, these affected grid boxes were cut out for the further analysis. 
Finally, in order to focus on the representative observational sites and their relevant 
processes, four additional sub-domains were determined: 

(b) Sub-domain A with a size of 29*29 grid points, situated centered over the 4 
representative local stations, that will be described later on. 

(c) Sub-domain B with a size of 39*37 grid points was shifted to the North-West 
based on the idea that the alpine climate is predominately influenced from the 
North-Atlantic/North-west European sector  

(d) Sub-domain C with the size of 39*37 grid points was shifted to the South in 
order to analyze the influences of the Mediterranean Sea and 

(e) Sub-domain D with a grid size of 9*10 was placed centered over the observation 
station Lienz to capture local aspects like the site specific the wind system. 

The procedure for obtaining a ten years dataset focusing on the winter season for these 
four sub-domains was exactly the same as described for the original MM5 domain 
(Domain2). 

3.2.2 The local scale data 

On the local scale daily temperature and precipitation data sets from the ZAMG 
(Central Institute for Meteorology and Geodynamics) and the HZB (Hydrographical 
Central Bureau) were considered. These overall 16 stations covered at least the focused 
ten years time span between 1981 and 1991. Along with the ZAMG, a categorization 
scheme according to the height of the stations above sea level was determined that 
classified the stations in: 

1. Stations ≤  1000 meters above sea level 
2. Stations > 1000 and ≤  2000 meters above sea level 
3. Stations > 2000 meters above sea level. 

All applied time series were examined for gaps and remarkable errors, but were not 
homogenized for this study. 
 

A time series for 
location 1x  

 

A map for time 2t  



 32 

Local temperature 

The daily mean temperature data for the study region plus other parameters that were 
not included in this work were provided by the ZAMG who operates an Austrian wide 
station net. The considered measuring stations (see Tab. 3.2) work part-automatically as 
well as conventionally. 
 

ZAMG           
Nr. Name lon.[°] lat.[°] alt.[m] obs.period 
1. Enzingerboden 12.38 47.10 1480 1962-2005 
2. Mooserboden 12.43 47.09 2036 1948-2005 
3. Rudolfshuette 12.37 47.08 2304 1961-1992 
4. Kals 12.39 47.00 1347 1951-1984 
  Kals 12.38 47,00 1350 1984-1992 
5. Sonnblick 12.57 47.03 3105 1886-2005 
6. Lienz 12.47 46.49 668 1948-1985 
  Lienz 12.48 46.49 659 1985-2005 
7. Doellach 12.54 46.57 1071 1948-2004 
8. Kolbnitz 13.18 46.52 603 1953-2001 
9.  Mallnitz 13.10 46.58 1185 1930-2002 

Table 3.2: The observational stations for local temperature with their according longitude (lon.), latitude 
(lat.), altitude (alt.) and the observational period (obs. period) 
 
Regarding the geographical distribution of these stations - operating in a region with 
relief energies up to 2500 meters -, 4 representative locations - Sonnblick, 
Mooserboden, Kals and Lienz - were chosen in order to give a good cross section from 
the high elevated regions to the valley situations, which can be followed in Fig. 3.4. 
Accessorily, the intention behind this approach was to detect a shift in the importance of 
the predictors due to the elevation height. 
  

 
Figure 3.4: Observational stations in the study region. (from Google Earth, 2005: 
http://earth.google.com/) Dl=Doellach, Eb=Enzingerboden, Hb=Heiligenblut, If=Innerfragant, 
Kb=Kolbnitz, Ks=Kals, Lz=Lienz, Mb=Mooserboden, Ml=Mallnitz, Mt=Malta, Ov=Obervellach, 
Rh=Rudolfshuette, Sb=Sonnblick, Sg=Sachsenburg, St=Stall, Tl=Teuchl. 
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Owing to the daily local information, the calculation method for daily means applied by 
the ZAMG (equation 3.7) 

 
2

maxmin TT
Tm

+
=         (3.8) 

 

was compared to one proposed method in literature (equation (3.8)) 
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+++
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that was thought to be better comparable to the regional scale daily mean fields relating 
on the MM5 results at 00:00, 06:00, 12:00 and 18:00 UCT. Since the differences 
between these two ways are in a arguable range (see Fig.3.5), the original ZAMG data 
were incorporated in this study. 
 

  
Figure 3.5: Comparisons between the ZAMG data for daily mean temperature (black) and own daily 
mean calculations obtained via equation (3.8).  The analyses focused on daily records in 1981 at Lienz 
(left) and Enzingerboden (right).  
 
Equal to the given regional scale description, an synthetic (idealized) 10 years data set 
containing the 1999 winter season 10 times as well as an observed 10 years winter 
season data record spanning the 1981-1990 period was created. Regarding Tab. 3.2 it is 
obvious that the stations Lienz and Kals were relocated so that prior to the extraction of 
the DJF values, it had to be verified that this displacement - especially the displacement 
in height - did not dramatically influence the data’s continuity. As this work did not 
focus on the homogeneity of the applied data, this was achieved by visually comparing 
the local temperature variation in time on a daily time scale before and after the 
displacement of the measuring station. Additionally, the behaviour of these ‘effected’ 
time series were compared to the respective behaviour of the neighbouring stations. 
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Figure 3.6: The influence of the observational station displacement at Lienz, marked through the dashed 
red line in the period 1981-1990. 
 
Taking into account a comparative analysis by Kabas (2005) using monthly 
temperature, the point of view was enforced that there was no break in the data’s 
consistency, which can be followed in Fig. 3.6 for Lienz. 

Local precipitation 

Beside the temperature data, the focus in this thesis was on the precipitation situation in 
the Hohe Tauern. For this purpose daily sums from 16 sites - partly different to those 
used for the temperature information were at our disposal. Their geographical locations 
and the covered time span are presented in Tab. 3.3. 
  

ZAMG            
Nr. Name lon.[°,’]  lat.[°,’]  alt.[m]  obs.period 
1. Enzingerboden 12,38 47,10 1480 1962-2004 
2. Mooserboden 12,43 47,09 2036 1948-2004 
3. Rudolfshuette 12,37 47,08 2304 1961-1992 
4. Kals 12,39 47,00 1347 1951-1984 
  Kals 12,38 47,00 1350 1984-1992 
5. Sonnblick 12,57 47,03 3105 1886-2004 
6. Lienz 12,47 46,49 668 1948-1985 
  Lienz 12,48 46,49 659 1985-2004 
7. Doellach 12,54 46,57 1071 1948-2004 
8. Kolbnitz 13,18 46,52 603 1953-2001 
9.  Mallnitz 13,10 46,58 1185 1930-2002 
HZB        
10. Sachsenburg 13,21 46,49 550 1857-2004 
11. Heiligenblut 12,51 47,02 1380 1877-2004 
12. Stall 13,02 46,53 820 1985-2004 
13. Innerfragant 13,03 46,58 1195 1956-2004 
14. Obervellach 13,11 46,56 675 1851-2001 
15. Teuchl 13,13 46,52 1260 1893-2004 
16. Malta 13,30 46,57 830 1860-2004 

Table 3.3: The observational stations for local precipitation with their according longitude (lon.), latitude 
(lat.), altitude (alt.) and observational period (obs.period). 
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Accounting Tab. 3.3, it can be seen that these stations cover the high elevated areas as 
well as the lower regions of the ALPCHANGE scope. The daily sums were calculated 
from 07:00 MEZ to 07:00 MEZ the following day. Since the displacement of Lienz and 
Kals also affected the precipitation data, their consistency was proofed by Kabas (2005) 
as done with the temperature records, which can be followed in Fig. 3.7. 
 

 
Figure 3.7: The influence on precipitation due to the relocation at the observational station Lienz. The 
values are shown for the period 1980-1990 in mm and the displacement in indicated by the dashed red 
line (Kabas, 2005). 
 
Along with the large scale data sets the local scale ‘reference’ records were arranged the 
same way as demonstrated in Fig. 3.3. 

3.3 Empirical Orthogonal Functions 
This Section is based on the comments in ‘Statistical Analysis in Climate Research’ 
edited by v. Storch and Zwiers (1999) as well as on the information taken from 
‘Analysis of Climate Variability’ edited by v. Storch and Navarra (1993). As the 
following description should be regarded as an introduction in the world of EOFs it 
cannot deal with all related questions and problems. 
In climate research one of the most important issues is the attempt to identify relevant 
components of the climate in phase space. These components of interest take the form 
of characteristic vectors, which can usually be represented by patterns (i.e., spatial 
distributions). One statistical analysis technique dealing with patterns of variability - the 
scientific literature also denotes them as guess patterns - is the Principal Component 
Analysis (PCA) or the Empirical Orthogonal Function (EOF) analysis, as it is named in 
Earth Sciences. The terminology in the literature is quite confusing since the terms EOF 
and PCA are sometimes used identically, whereas in other cases the EOF analysis 
represents a geographically weighted PCA. This approach is to identify dominant 
patterns of variability and their time evolution from a statistical (single, multivariate) 
field by generally speaking separating the data into ‘modes of variability’. These modes 
that form an orthogonal basis (Stephenson and Benestad, 2000) enable the 
reconstruction of the input data as well as a measurement of the ’importance’ of each 
pattern (Björnssson and Venegas, 1997). 
The method was introduced to the statistic community by Pearson in 1902 and Hotelling 
in 1935 for the first time and later on brought to the meteorology by Lorenz in 1956 
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with the aim to find a way to extract a compact or simplified but ‘optimal’ 
representation of data with both time and space dependence. Bretherton et al. (1992) 
focuses on the historical part of the PCA and gives a supporting mathematical 
description worth considering. In the following, a discussion on how EOFs are 
calculated is presented. In order to understand the procedure, a random vector 
representing a statistical field will be analyzed, before the method is applied to a 
multivariate data set. This description is based on v. Storch and Zwiers (1999). 

3.3.1 EOF of a random vectorX
r

  

The random vector X
r

 may represent: 
• Observations of different parameters at one location (for example: daily mean 

temperature, sunshine, wind speed, etc.) 
• Grid point values of a continuous field that was spatially discretized on a regular 

grid (often used for horizontal distributions) or on an irregular grid (used in 
GCMs as the vertical discretization) 

• Observations at irregularly distributed stations 
 

In order to describe the anomalies the mean field (µ
r

), has to be subtracted from the data 

of interest (random vector X
r

 with m-dimensions) at time t. These anomalies are then 
expanded into a finite series with time coefficients ti ,α  and fixed patterns ie

r
. 
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This step is made because often analyses have problems dealing with the high 
dimensions of the variables representing the state of the system at any given time. Thus, 
it is often useful to split the full space into two subspaces - the signal subspace, that is 
then spanned by a few characteristic patterns and supposed to represent the dynamics of 
the considered process, and secondly in the ‘noise space’ tn

r
, which should contain all 

the irrelevant detail for the ‘signal subspace’.7 Therefore, ie
r

, the Empirical Orthogonal 
Functions - note that they are vectors and not functions -, that are optimal in 
representing variance have to be found. Together with the coefficients α

r
, the so called 

EOF coefficients - also referred as principal components in statistics - they are supposed 

to describe the dynamics in the signal subspace. Good approximations for tX′
r

 can be 

obtained for k much less than m8. 
 
With this background the first EOF, which is the most important single pattern in 
describing the variance in X

r
, is constructed. For the sake of simplicity, the time mean 

field µ
r

 is assumed to be zero. 

Basically, the pattern 1e
r

, has to minimize equation (5.12), where ε  represents the 

expectation operator, under the constraint that 11 =e
r

 

                                                 
7 What has to be considered as signal and what as noise depends on the interest of the analysis; 
everything not relevant for the research can be denoted as noise. 
8 equal results are only possible when k = m 
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with 1e
r

 denoting the vector norm that is 11,ee
rr

, where ,  represents the inner 

product. Equation (3.12) describes the projection of the random vector X
r

 onto a one 

dimensional subspace that is spanned by the fixed vector 1e
r

. As 1Ε is minimized, the 

variance of X
r

 that is contained in our subspace is maximized. In detail, by calculating 

1Ε , where TX
r

 is the conjugate transpose of X
r

, equation (5.13) is obtained. 
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In order to find the minimum of equation (3.12), its derivation has to be set to zero. 

Under the constraint that 11 =e
r 9 equation (3.14) results, where λ  represents the 

Lagrange multiplier. 
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This last step can be seen as an eigen(value) problem. 10 

Thus, 1e
r

, with its corresponding eigenvalue λ  - from the Lagrange multiplier λ  - is 
an eigenvector of the covariance matrix Σ . But, as this covariance matrix has m 
eigenvectors, the one eigenvector that maximizes the variance the most has to be found. 
Equation (3.15) shows that variance is represented by the eigenvalues. 
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Insertion of equation (3.14) in equation (3.15) consequently results in equation (3.16)  
 

( ) λ−=Ε X
r

Var1        (3.16) 
 

Thus, an eigenvector 1e
r

 ,the first EOF, of the covariance matrix Σ  that is associated 

with the largest eigenvalue 1λ  has been found which successfully minimized equation 

(5.11). Repeating this procedure, the second EOF can be obtained by finding 2e
r

, the 
pattern, that minimizes 
 

                                                 
9 This is the same as writing 111 =ee

rr T  
10 ( ) 01 =Ι+ eΣ

rλ  
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with the constraint that 12 =e
r

. As a result the pattern 2e
r

 represents an eigenvector of 

Σ , corresponding to the matrixes second largest eigenvalue 2λ , which is orthogonal to 
the first, as the covariance matrix is considered to be Hermitian. Summarizing, a general 
Theorem(1) can be formulated: 
 

Let X
r

be an m-dimensional random vector with mean µ  and with a covariance matrix 

Σ  and let mλλλ ≥≥≥ ...21  be the eigenvalues and mee
rr

,...,1  be the eigenvectors of unit 

length. Then, since Σ  is Hermitian, the eigenvalues are real and the eigenvectors are 
orthogonal. The k≤ m eigenvectors that correspond to the eigenvalues kλλ ,...,1  

minimize kΕ  by maximizing the variance of X
r

 in a chosen subspace 
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The equation (T.1.1) is representing a mean squared error that is regarded by 
approximating the full m-dimensional random vector X

r
 in a k-dimensional subspace 

spanned by the first k EOFs. The use of the EOFs ensures that this approximation is 
optimal. 
One important fact not mentioned yet is the EOFs capability to explain proportions (η ) 

of the total variance ( )X
r

Var . This is achieved by breaking up the variance of X
r

 into m-

components. Each of the components is obtained by projecting X
r

 onto one of the EOFs 
ie

r
 as it can be seen in equation (3.18). 
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Thus, the contribution of any component to the total variance can be calculated by 
dividing the component of interest through the total variance. For example, the 

proportion of the thk  component can be written as 
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λ

λη         (3.19) 

 

If the components are ordered by the size of λ , the first component is the most 
important in representing variance, the second the second most important and so forth. 
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The expansion coefficients 

The expansion coefficients or principle components (PCs) iα , which are given in 

equation (3.20), are uncorrelated (statistically independent, when X
r

 is multivariate 
normal, shown in equation (3.21)). 
 

XeeX
rrrr

iTi
i == ,α         (3.20) 

 

( ) ( ) ( ) 




 −−=

∗
ji

jiCov eµXeµX
rrrrrr

,,, εαα  

         ( )( )( ) jTiT eµXµXe
rrrrrr −−= ε  

         jiT ee
rr Σ=  

        0== jiT
j ee

rrλ for ji ≠      (3.21) 
 

Therefore, the variance of any component of interest of the random vector X
r

 can also 
be calculated by the decomposition into the contribution of the individual EOFs as 
 

( ) 2

1

i
k

m

i
ik eXVar ∑

=

= λ  

 

In practical issues, these coefficients as well as the spatial patterns (EOFs) are often 

normalized through equation (3.22) and equation (3.23) so that ( ) 1=+
iVar α . 

 

i

i

i α
λ

α 1=+         (3.22) 

iii ee
rr λ=+         (3.23) 

 

Rotated EOFs 

Sometimes the interpretation of the EOF patterns may be difficult because the adjacent 
modes are ‘degenerated’ which means that they are not very well resolved in terms of 
their eigenvalues. For this purpose, it is possible rotate the EOFs, which transforms the 
EOFs into a non-orthogonal linear basis. Worth mentioning are the differing positions 
of the climate community regarding the benefit of rotation. 

3.3.2 Estimation of EOF 

Since the important qualities of EOFs deduced from a random vector X
r

 have been 

worked out, the question, how to handle finite samples { }nxx
rr

,...,
1  of realizations of X

r
, 

each corresponding to time t, arises. Because the covariance matrix, its eigenvalues and 
eigenvectors are now unknown, estimations (which will be denoted by ^) of the 
requested parameters have to be obtained. Assuming that the observations represent 
anomalies (deviations from the true mean or from the sample mean) Theorem (2) can be 
formulated. 
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Let ( )( )Tj

n

j
jn

µµ ˆˆ
1ˆ

1

−−= ∑
=

xxΣ
rr

be the estimated (sample) covariance matrix of n 

realizations of X
r

, where ∑
=

=
n

j
jn 1

1
ˆ x

rµ  is the expectation of a finite sample { }nxx
rr

,...,
1 . 

Let nλλλ ˆ...ˆˆ
21 ≥≥≥  be the eigenvalues of Σ̂  and nee ˆ,...,ˆ1 rr

 be the eigenvectors of unit 

length. Since Σ̂  is Hermitian and semi-positive definite, the eigenvalues are real and 
non-negative and the eigenvectors are orthogonal. 

So the k eigenvectors that correspond to kλλ ˆ,...,1̂  do minimize 
 

2

1 1

ˆˆ,ˆ ∑ ∑
= =

−=
n

j

k

i

ii
jjk eexx

rrrrε       (T.2.1) 

 

( ) ∑
=

−=
k

j
jk Var

1

ˆˆ λε X
r

,       (T.2.2) 

where 

( ) ∑
=

=
m

j
jVar

1

λ̂X
r

       (T.2.3) 

and where 
 

( ) ( )ΣX ˆtraceVar =
r

. 
 

The calculation for the in time evolving (estimated) principal components remains the 
same as in Section 3.3.1, with the estimated EOFs now characterizing the respective 
equation (5.19). 
Along with Theorem (2), the estimated covariance matrix Σ̂  for this study was obtained 
via equation (3.24) 
 

T

nnn
ΧJIJIΧΣ 






 −






 −= 111ˆ ,     (3.24) 

 

where Χ  represents the data or design matrix, visualized in Fig. 3.3, with n columns - 

representing the sample vectors nxx
rr

,...,1  - and m rows - marking the coordinates in 

original space -, TΧ  is the conjugate transpose of Χ , I  is the nn×  identity matrix and 

J  a nn×  matrix composed entirely of units. The term 






 −






 − JIJI
nn

11
 subtracts the 

column mean of each value in the respective column in the data matrix X
r

. 
As the dimension of the covariance matrix can pose a computational problem in finding 
the eigenvectors and eigenvalues an alternative approach, based on the following 
algebraic trick, is often required. If A  is a nm×  matrix, then the covariance matrices 

TAA  and AA T  are nn×  and mm×  matrices. Both covariance matrices share the same 
non-zero eigenvalues and associated eigenvectors that are related through a linear 
relationship. Thus the estimated eigenvectors and eigenvalues can now be obtained of 
the smaller of the two covariance matrices as shown in the following lines: 
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• If the sample size n is larger than the dimension of the problem m, then the 
EOFs can be directly calculated as the eigenvectors of the mm×  matrix 
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ΧJIJIΧ 






 −






 − 111
 

• Otherwise if n is smaller than m then the EOFs result of primarily calculating the 

eigenvectors g
r

 of the nn×  matrix 






 −






 − JIΧΧJI
nnn

T 111
 and then obtaining 

the EOFs as 

gJIΧ

gJIΧ

e
r

r

r








 −








 −
=

n

n

1

1

     (3.25) 

 

An alternative approach for calculating eigenvalues and eigenvectors, which should be 
mentioned in this context, is via Singular Value Decomposition (SVD). A good 
theoretical SVD discussion is given by Bretherton et al. (1992), which can bee seen as 
some complementary information. 

3.3.3 Bias 

Working with estimations of the requested patterns and coefficients the question to what 
extent these estimations are reliable naturally arises. Referring to v. Storch and Zwiers 
(1999) this problem can be described as following: 
For the largest eigenvalues iλ  
 

( ) ( ) ( )iiii VarVarE ααλλ ˆˆ >→>      (3.26) 
 

for the smallest eigenvalues iλ  
 

( ) ( ) ( )iiii VarVarE ααλλ ˆˆ <→<      (3.27) 
 

This illustration shows some very essential relations concerning estimated eigenvalues. 
In general, large eigenvalues are systematically overestimated in contrast to small 
eigenvalues that use to be underestimated. Additionally worth mentioning is the fact 
that the variance of the random variable iα̂  is not equal to the variance of the sample. 

As this study focused on the largest eigenvalues, the overestimation-attribute of the 
PCA, for these eigenvalues, was accepted.  
So which eigenvalues and their associated EOFs are relevant and which are not? For 
this purpose the scientific literature offers several rules for finding ‘useful’ EOFs.  
The first rules that should be considered are the so called selection rules that consist of 
three classes depending on whether they focus on the eigenvalues, the EOF coefficients 
or the eigenvectors. Primarily, the dominant variance rules focus on the amount of 
explained variance. The rule N (Preisendorfer and Overland, 1982 in Björnsson and 
Venegas, 1997) is one of them, which is supposed to determine physically significant 
EOFs by comparing the distribution of sample eigenvalue spectra11 with reference noise 
spectra. Then, the time history rules examine the EOF coefficients for non-noisy 
temporal behaviour and thirdly the space map rules select eigenvectors based on some 
pre-specified form of the eigenvector map (Björnsson and Venegas, 1997) 

                                                 
11 An eigenspectrum is the distribution of variance with EOF index. 
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Another well known method to find the least biased EOFs is North’s ‘Rule of Thumb’, 
which is using scale arguments to define the ‘typical errors’ (equation (3.28) and 
equation (3.29)) between neighbouring eigenvalues and EOFs with 'c  as a constant. 
 

ii n
λλ 2≈∆          (3.28) 

ij

i
i

c

λλ
λ

−
∆

≈∆
'

ê
r

         (3.29) 

 

Working with independent samples12 North formulated that the estimation of the thi  

EOF ie
r

 is most strongly contaminated by the EOF je
r

 which belongs to the eigenvalue 

jλ  closest to iλ . In other words he stated: 

 
“If the sampling error of a particular eigenvalue λ∆  is comparable or larger than the 
spacing between λ  and a neighbouring eigenvalue, then the sampling error e

r
∆  of the 

EOF will be comparable to the size of the neighbouring EOF.” 
 
Concluding, the possibility of testing the statistical robustness of EOF results using 
Monte Carlo approaches should be mentioned, which was demonstrated by Peng and 
Fyfe (1996) and Venegas et al. (1996) (Björnsson and Venegas, 1997). 

3.3.4 Presenting eigenvectors 

The spatial patterns corresponding to the modes resulting through the EOF analysis can  
 

 
Figure 3.8: Homogenous correlation map of the 
first three SST EOF patterns in the South Atlantic 
(from Venegas et al. 1996) 

be presented in various ways. The first 
possibility is to plot the values of the 
eigenvector e

r
 itself. Unfortunately, the 

amplitudes of the plotted contours are 
often difficult to interpret in terms of 
useful quantities this way. Therefore, 
other opportunities of presenting these 
patterns exist including homogenous or 
heterogeneous correlation maps as well as 
maps of local variance explained. In this 
work homogenous correlation maps 

illustrate the eigenvectors. The thk  
homogenous correlation map is defined as 
the vector of correlation values between 

the principal component of the thk mode 
(EOF) of a given field and the values of 
the same field at each grid point. This 
method can be regarded as a useful 
indicator of the spatial localization of the 
co-varying part between the field and its 

thk  mode. If the squares of the 
correlations instead of the correlation 
values itself are plotted, indices of locally  

                                                 
12 In most geophysical data this assumption is not valid. 
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explained variance by the thk  mode result at every grid point. Figure 3.8 illustrates the 
spatial patterns of the first three EOF modes of SST in the South Atlantic as an example 
for homogenous correlation maps. The negative contours are dashed and the zero line is 
bold. Additional examples can be found in the results Sections where the canonical 
patterns are displayed as homogenous correlation maps (Bjoernsson and Venegas, 
1997). 

3.3.5The implementation 

According to Fig. 3.10 an IDL code (Interactive Data Language) was programmed 
based on the mathematics in Chapter 3. After removing the mean from each of the m 
time series, the sample covariance matrix for the regional and local scale input record 
were formed by using equation (3.24). On the regional scale either single atmospheric 
fields or combinations of them (Fig.3.9) were taken into account. Owing to the 
scientific literature, combined large scale input fields are meant to increase the 
dimension of space for solving the eigenvalue problem. For this purpose, two large 
scale fields were arranged side by side after removing the mean from each time series. 
Additionally, in order to treat the fields equally, these input data were normalized to 
sample variance one by dividing each field through its standard deviation. 
 

 
Figure 3.9: The construction of combined predictor fields.  
 
These predictor-matrices were required to find the eigenvalues and their associated 
eigenvectors with the EIGENQL function in IDL which is theoretically based on 
equation (3.14) and (3.15). As this function orders the eigenvalues by their size, the 
important (largest) eigenvalues were easily obtained relating on equation (3.11). In a 
next step the principal components were calculated through equation (3.20). In order to 
verify the results of the calculations, several reconstruction-controls as demonstrated in 
equation (3.30)  
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ΕΑX =         (3.30) 
 

were performed. Concerning equation (3.30) the input field X  was recalculated through 
Ε , the m*m or n*n matrix containing the eigenvectors of X , and Α , representing the 
m*m or n*n principal components matrix connected to X . Equation (3.30) was only 
formulated in respect of field X  but was also audited with the respective patterns and 
coefficients of field Y . 
In order to filter the records from noise equation (T.2.3) and (3.19) were incorporated to 
retain those eigenvalues plus their associated eigenvectors and principal components 
that explained at least 95 % of the total variance. Additionally, two more restrictions, 
namely: 

• The North’s Rule of Thumb and 
• A limitation for eigenvalues explaining less that 0.1 % of the total variance 

were included. Finally, the remaining eigenvectors and principal components were 
normalized via equation (3.22) and (3.23). 
 

 
Figure 3.10: The implementation scheme for the Principal component analysis (PCA). 
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How to understand EOF analysis 

What is the EOF Analysis for? Imagine a contour map of an atmospheric field evolving 
in time. What happens is that the contours change, and move around the map. The EOF 
method now is way of analyzing a ‘map series’ that takes all the variability in this time 
evolving field and breaks it into a few standing oscillations (EOFs) and a time series 
(principal components) going with each oscillation. Each found oscillation is referred to 
as a mode of variability and the associated expansion coefficient reveals how this mode 
oscillated over time. 
Thus, in climate research these empirical orthogonal functions are very powerful tools 
in representing variance and covariance - in the sense of joint variance. As proportions 
of the total variance of certain components of the given vector X

r
 can be calculated, it 

becomes possible to compress the data amount through the approximation of the vector 
by ( )kαα ,...,1=α

r
with k<m (where the original data vector has m dimensions), while 

retaining most of the variance. 
Physical interpretations especially of the second or higher indexed EOFs are often hard 
to proof. As it is sometimes possible to connect the first EOF to a known physical 
process, the constraint that the second EOF has to be orthogonal to the first poses a 
problem in the nature, where processes do not have to come out in orthogonal pattern 
with uncorrelated indices (North, 1984 in Björnsson and Venegas, 1997). Thus, patterns 
that turn out to be good representations of variance do not necessarily have to be 
associated with the underlying dynamical structure. Additionally, EOFs are not meant to 
inform about the structure of the underlying continuous field, from which the vector X

r
 

is sampled, as this analyse method considers all components of X
r

 as equally important, 
independently what they are representing (i.e. a large or a small grid box in case of a 
longitude ×  latitude grid, or a thin or thick layer dealing with ocean general circulation 
model output). 

3.4 Canonical Correlation Analysis (CCA) 

3.4.1 The classical CCA 

The following Section is mainly based on v. Storch and Zwiers (1999). Additionally the 
book ‘Analysis of Climate Variability’ edited by v. Storch and Navarra (1993) as well 
as articles form Bretherton et al. (1992) and Wallace et al. (1992) were considered to 
give a mathematical view of the CCA subject (v. Storch and Zwiers, 1999; v. Storch 
and Navarra, 1993; Bretherton et al., 1992; Wallace et al., 1992). 
With the empirical orthogonal function a powerful instrument to analyse the variability 
of a statistical field was discussed but as the aim of this work is to investigate the link 
between two fields of interest a method capable of studying two (co-varying) 
fields/vectors is needed. The Canonical Correlation Analysis (CCA) is such an approach 
dealing with coherent pairs of vectors, their correlation structure and time evolution.  
Generally, the CCA method was proposed by Hotelling (1936), then used by Glahn 
(1968) in the context of weather prediction as a meteorological use and consequently 
brought into the climate research by Barnett and Preisendorfer (1987), among others 
(Barnett and Preisendorfer, 1987 in Bretherton et al., 1992). Therefore, one special CCA 
application is called after them - the Barnett Preisendorfer CCA - which will be 
discussed later in this section. More historical information can be read up in Bretherton 
et al. (1992) where the historical development of PCA and SVD are discussed too 
(Bretherton et al., 1992). 
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Mathematically, the CCA is designed to look for the maximum correlation between a 

linear combination XfX
rr

,  of one data set and the linear combination YfY
rr

,  of 

another set. For this purpose, an Xm -dimensional random vector X
r

 and an Ym -

dimensional random vector Y
r

 are analyzed. The aim is a Xm -dimensional vector Xf
r

 

and a Ym -dimensional vector Yf
r

, two patterns, that maximize the correlation between 

the inner products X
XfX β=
rr

,  and Y
YfY β=
rr

, . Therefore, the correlation 

coefficient ρ  has to be maximized as following 

( )
( ) ( )YX

YX

ββ
ββρ

VarVar

Cov ,= , which can be rewritten (equation 3.31) using the requested 

patterns as: 
 

( )
( ) ( )YX

YX

fYfX

fYXf
rrrr

rrrr

,,

,

VarVar

CovT

=ρ .      (3.31) 

 

According to the constraint in equation (3.32) 
 

( )
( ) 1,

1,

==

==

YYYYY

XXXXX

fΣffY

fΣffX
rrrr

rrrr

T

T

Var

Var
,      (3.32) 

 

with XXΣ  and YYΣ  being the covariance matrices of X
r

 and Y
r

, equation (3.31) can be 
rewritten in a normalized way (equation (3.33)) 
 

YXYX fΣf
rr

T=ρ ,       (3.33) 
 

where XYΣ  denotes the cross variance matrix.13.  

The vectors Xf
r

 and Yf
r

 in the ‘maximisation problem’ can be found with the help of the 
Lagrange multipliers ζ  and η , accounting for the constraints in equation (3.34) 
 

( ) ( )11 −+−+=Ε YYYYXXXXYXYX fΣffΣffΣf
rrrvrr

TTT ηζ .  (3.35) 
 

Setting the partial derivates of Ε  in equation (3.35) to zero14, equations (3.36a and 
3.36b) are obtained. 
 

 
YXXYYY

XyXYXX

ffΣΣ

ffΣΣ
rr

rr

η

ζ

2

2
1

1

−=

−=
−

−

T
 

                                              (3.36a) 
                                              (3.36b) 

 

Substituting (3.36a) in (3.36b) and vice versa, a pair of eigen-equations result for Xf
r

 

and Yf
r

 (compare equation (3.37a) and (3.37b)). 

                                                 
13 ( )( )( )T

YXXY µYµXΣ
rrrr

−−= ε  

14 02 =+=
∂

Ε∂
XXXXXY

X

fΣfΣ
f

rr
r ζ , as one example for the partial differenzation Xf

r
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YYXYXXXYYY

XXXYYYXYXX

ffΣΣΣΣ

ffΣΣΣΣ
rr

rr

ζη
ζη

4

4
11

11

=

=
−−

−−

T

T

 
                                                          (3.37a) 
                                                          (3.37b) 

 

These eigenvalue-problem can be solved as it is demonstrated in equations (3.38) and 
(3.39) 
 

XXYYYXYXX AΣΣΣΣ =−− T11  and YXYXXXYYY AΣΣΣΣ =−− 11 T by  (3.38) 

( ) 0det0 =−→=−→= λλλ IAfIAffA XXXXXX

rrr
  (3.39) 

and 

( ) 0det0 =−→=−→= λλλ IAfIAffA YYYYYY

rrr
, 

where ζηλ 4=  and I  represents the identity matrix. As XA ( XX mm × ) and 

yA ( YY mm × ) may be written as the product 21BB  and 12BB , with two matrices 1B  

and 2B 15, that share the same non zero eigenvalues. So if Xf
r

is a solution of equation 

(3.37a), then XXYYY fΣΣ
r

T1−  is a solution of equation (3.37b), as their joint eigenvalues are 

non zero. Thus, the solutions from equation (3.37a) and (3.37b) - Xf
r

 and Yf
r

 - that 
correspond to the largest eigenvalue ( ζηλ 4= ) are the sought patterns that maximize 
equation (3.31). 
Consequently, Xβ  and Yβ can be found, which enables the calculation of the 
correlation coefficient. The correlation coefficient can also be expressed as the square 

root of the eigenvalue that correspond to the eigenvectors Xf
r

 and Yf
r

. 

This described derivation can naturally be repeated to obtain ( )YX mmm ,min=  pairs of 

patterns ( )ii
YX ff
rr

,  with their canonical variates Xiβ  and Y
iβ  (of the same dimension m) 

and correlation coefficientsiρ . These patterns and the variates, that are uncorrelated and 

describe the time evolution, are indexed in order of decreasing eigenvalue iλ . 

The Canonical Correlation Patterns (CCPs) 

Assuming that X
r

 and Y
r

 have the same dimension m , the canonical variates can be 

formulated as ( )XXX
βββ m

rrr
,...,1=  and equally with index Y for vector Y

r
. These canonical 

variates (CVs) can be regarded as results of a coordinate transformation applied to 

X
r

andY
r

through unknown matrices XF  and YF  as it can be seen in equation (3.40a, 
3.40b): 
 

XXβFX
rr

=         (3.40a) 

YYβFY
rr

= .        (3.40b) 
 

In order to find these unknown matrices, note that 

( )
Xf

fXfXβ

X

XX
X

r

rrrrr

T

T
m

=

= ,,...,, 1

      (3.41) 

with the mm×  Xf  matrix holding the i
Xf
r

 eigenvector in the i th column. Consequently, 
 

                                                 
15 XYXXΣΣB 1

1
−=  and T

XYYYΣΣB 1
2
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( ) ( ) ( ) XXXXX
X fΣfXXXfXβX ===

rrrrrr
,,, CovCovCov T .   (3.42) 

 

Looking for the unknown transformation matrix, equation (3.40a) is substituted for X
r

 
in equation (3.43) 
 

( ) ( ) ( ) X
XX

X
XX

X
X FββFββFβX ===

rrrrrr
,,, CovCovCov ,  (3.43) 

 

As the covariance between the same vector has to be perfect, the identity matrix can be 
replaced there. Thus the transformation matrix can be formulated via equation (3.44) 
 

XXXX fΣF =         (3.44) 

and similar YF , by changing the indices to Y. The columns of XF  and YF , i
XF
r

 and i
YF
r

 
are the so called canonical correlation patterns, which are similar to the eigenvectors. As 
the canonical variates Xβ i  and Y

β i , were normalized to unit variance in equation (3.32), 

the canonical correlation patterns are expressed in the units of the field they represent 
and additionally give an impression of the typical strength of the mode of co-variation 

described by the patterns ( YX ff
rr

, ). 
With these canonical correlation patterns equation (3.40a) and (3.40b) can be rewritten 
the following way 
 

,∑
∑
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=

i
i

i

i
i
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Y
Y
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X

FβY

FβX
rr

rr

        (3.45) 

 

where an expansion of X
r

 and Y
r

 with respect to their corresponding canonical 
correlation patterns is presented. Therefore, the consideration of approximating the 
considered statistical fields by truncating the summation above - to use only the 
`essential` correlation patterns - can be followed. 

3.4.2 CCA with EOF basis - Barnett Preisendorfer (BP) CCA: 

One possibility to simplify the CCA calculation is to transform the given data into a 
low-dimensional EOF space before analysing them. This method was proposed by 
Barnett and Preisendorfer in 1987 (Bretherton et al., 1992) and is therefore called BP-
method (Barnett-Preisendorfer method). The advantage of this approach is that using 
only the first few EOFs, the amount of noise in the problem is reduced. Another 
advantage is the simplification of the mathematics as X'X'Σ  and Y'Y'Σ  both become 

identity matrices, where '' ,YX  indicates that the data are given in EOF coordinates. 

Thus, the patterns ii
YX ff
rr

,  represent the eigenvectors of T

Y'X'Y'X' ΣΣ  and Y'X'Y'X' ΣΣT  
respectively according to equation (3.37a) and (3.37b). An essential disadvantage is the 
fact that these patterns are given in coordinates of the re-normalized EOF. Thus it is 
necessary to reverse the transformation to get adequate solutions for further analyzes. 
In a mathematical way, the last lines can be formulated via equation (3.46)  
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rr

rr

α

α
        (3.46) 

 

that represents the approximation of the random vectors YX
rr

, , with the first Xk  and Yk  
re-normalized EOF patterns and their coefficients (compare equation (3.22) and (3.23)). 
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The CCA is then applied to the transformed random vectors ( )Tk
++= XX'X αα ,...,1

r
 and 

( )Tk
++= YY'Y αα ,...,1

r
, that are now representing the base for each field (comparable to 

Section 3.3). According to some mathematical simplification the matrices T
Y'X'Y'X' ΣΣ  

and Y'X'Y'X' ΣΣT  yield the eigenvectors ii
YX ff
rr

, . As these matrices are definite and non-
negative symmetric their eigenvectors are orthogonal. More over, the canonical 

correlation patterns i
X'F
r

 are equal to the eigenvectors i
X'f
r

 and respectively for the vector 

'Y
v

. For the purpose of presenting these patterns in the origin Euclidean coordinate 
space a back transformation (via equation (3.47) (3.48)) has to be realized16, where ( ) j•  

denotes the thj  element of the vector contained within the brackets. 
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The significant feature of orthogonal CCA patterns in the EOF space is no longer 

present after the re transformation and the vectors if
r

 and iF
r

 are no longer identical. 

Along with Section 3.3, the Singular Value Decomposition can also be applied for 
finding pairs of coupled patterns, with the difference that this approach maximizes the 
covariance between the time evolving patterns. As this method will not be tested in this 
work a further description will be left out. 
 
 
 

                                                 
16 This back-transformation reverses equation 14.10 using an invertible matrix L  to get ZXL

rr
= , with 

the according patterns ( ) i
X

i
Z fLf

rr
1−= , that maximize the correlation. Because the canonical correlation 

patterns are determined by the covariance matrix ofX
r

 and the pattern i
Xf
r

 it can be shown, that those 

CCP can be transformed the same way as the random vector X
r

. Thus its very important to mention, that 
the CCA is invariant under coordinate transormation. 
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3.4.3 Estimating Canonical Correlation Patterns 

Estimations of the CCPs and the canonical correlation coefficients are calculated 
replacing YYXX ΣΣ ,  and the cross-covariance matrix XYΣ  with their corresponding 
estimates that are discussed in Theorem (2). Those estimated matrices are then arranged 

in such a way, that XÂ  and YÂ  can be obtained, where Â  represents the estimated 
matrix of A  in equation (3.39). The calculation is simplified, by transforming the data 
into EOF coordinates, which also reduces the noise. 
Comparable to the EOF analysis, where the first eigenvalues of the estimated 
covariance matrix tend to overestimate the variance, which is accounted for by the first 
EOFs, a similar problem occurs, working with CCA. The correlations are 
overestimated. The overestimation decreases with increasing sample size and increases 
with the number of EOFs used in the a-priori compression (compare equation (3.46)). 
Similar to Section 3.3 this overestimation-attribute was accepted for this study. 
Furthermore, there are methods existing, to make inferences about the canonical 
correlations themselves. These approaches range from testing the null hypothesis17 that 
the last lm− canonical correlations are zero knowing that the first l  are nonzero - 

( )YX mmm ,min=  as proposed by Bartlett to a bias correction for iρ)  presented by 

Glynn and Muirhead (both cited in v. Storch and Zwiers, 1999). Due to the limitation of 
observational stations and consequently limited EOFs for the further CCA, these 
approaches were not encountered in this work. 
 
After these last lines, the question arises what sample size is needed to make good 
estimates and inferences. Looking into the literature Thorndike (1978) proposes 

( )YX mmn +> 10 as a reasonable number of samples but additionally remarks, that 

( ) 502 ++> YX mmn  samples can be useful in some cases (v. Storch and Zwiers, 1999). 
According to v. Storch and Zwiers (1999) also smaller numbers can provide meaningful 
information about the first few patterns and correlations, which was for example shown 
by Borgert (1990) (v. Storch and Zwiers, 1999), using a sample size of ten, without the 
problem of getting strongly biased information. 
In this study case the sample size n, with, 902 is significantly larger than ten (compare 
Borgert (1990)) but also 4 times smaller than the dimension of the regional scale field. 
Therefore the North Rule of Thumb investigated the usefulness of each eigenvalue in 
order to yield robust results. 
 

                                                 
17 Generally speaking, a statistical test is a way of checking a hypothesis about the probability 
distribution of a random variable with a random sample. If the result of the random sample does not speak 
against the assumption, the hypothesis is retained, otherwise it is rejected. Splitting the probability 
distribution in two disjunctive quantities, we are able to define the one quantity that represents the 
hypothesis as the null hypothesis and the other as the alternative hypothesis. Thus, the null hypothesis 
constitutes a particular logical frame or reference against which to judge the observed test statistic 
(Wikipedia encyclopaedia, 2005; Stephenson and Benestad., 2000). 
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3.4.4 The implementation 

The normalized principal components, described in Section 3.3.5, demark the starting 
point for the CCA implementation (compare Fig. 3.11). Explaining at least 95% of the 
field’s variance, these temporal patterns functioned as a filtered input for the calculation 
of the respective covariance and cross-covariance matrices. 
 

 
Figure 3.11: The implementation scheme of the CCA. 
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Y'X'Y'X' ΣΣT  with the constraint that Y'Y'X'X' ΣΣ ,  both were identity matrices. Since these 
patterns were given in the coordinates of the renormalized EOF space this 
transformation had to be reversed with equation (3.47), (3.48) in order to obtain useable 

canonical variates Xβ
r

 and Yβ
r

 for the linear model. These time depending vectors were 
tested via equation (3.49) by reconstructing the input fields. 
 

∑
∑

=

=

i ii

i ii

YY

XX

Fβ

Fβ

Y

X
        (3.49) 

 

Finally, the correlation coefficient ρ  was calculated according to equation (3.31) and 
verified via the following formulation. 
 

( ) i
Y
i

X
ii Cov λββρ ==  

3.5 Linear model 
In this Section a method for estimating local anomalies at a set of stations from a given 
large scale (in this case regional scale) predictor anomaly field in a consistent way is 
presented. Based on the results of the BP CCA, a linear model is constructed, which 
couples ( )ti

Xβ  with ( )ti
Yβ  via equation (3.50) 

( ) ( ) ∈+= tt iii
XY βαβ .        (3.50) 

As these canonical variates are normalized to unit variance, the least squares estimator 
of coefficient iα  is the canonical correlation iρ . Thus with a realization of ( )tX

1β , the 

canonical variate for the desired local anomaly field can be forecasted by 
( ) ( )tt XY

111 βρβ =   

and therefore the local field L̂  can be calculated by 

( )∑
=

=
k

i

i
ii t

1

ˆ
Y

X FL
r

βρ         (3.51) 

with k useful canonical correlation patterns that have been isolated in Section 3.4.  
Thus, according to this procedure, it is possible to describe the contribution of local 
variance that can be related to the atmospheric predictor field. As the aim of this work 
was to investigate the atmospheric influence on the local parameters temperature and 
precipitation, this linear regression was applied to create estimations of these local 
parameters and compare them to the observed parameters in order to be able to select 
the locally most important predictors. 

3.5.1 The implementation 

The linear model was implemented along with equation (3.51) in order to (a) reconstruct 
nine winter seasons of the 10 years data set and (b) to do a one season forecast. In order 
to achieve a statistical skilful result, each winter-period in the considered time span was 
forecasted with the respective rotated fitting period. For (a) all the necessary patterns in 
equation (3.51) were taken into account from the BP CCA fitted with the considered 
nine years segment. According to (b) the DJF forecast was obtained by calculating a 

new Y
iβ 18, as in equation (3.41), that then was associated with the local patterns from 

                                                 
18 In this case the canonical variate for the tenth year was calculated. 
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the nine years fitting period (equation 3.51) in order to estimate the desired local 
variable at the analyzed local stations. 

3.6 Model validation 
Due to the fact that the implemented ‘downscaling machine’ estimated the local 
parameters, ways had to be found to quantify these results. Therefore, statistical 
parameters that are listed above objectively assessed the models’ performance by 
measuring the quality of the reconstructed and predicted local anomalies (mx ) due to 

the respective observations (ox ) at several single sites.  

Following parameters were used: 
 
Difference:    oimidi xxx −=     (3.52) 
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Figure 3.12: The implementation scheme for the model validation. 
 
Mainly, the emphasis has been on last three parameters (RMS, r, r²) (illustrated in Fig. 
3.12). Accounting the arithmetic mean at each station turned out to be a first test on a 
possible model bias as the mean had to be zero. After this first ‘check’ the (root) mean 
square difference - also called (root) mean square error in the scientific literature - 
represented the ‘distance’ between the estimated and the observed values. This 
parameter enabled an objective comparison between two competing estimators vv ~,ˆ  of 

v  the way that if ( ) ( )vRMSvRMS ~ˆ <  then v̂  was meant to be a more efficient estimator. 
An important assistance in the validation process was the correlation coefficient (after 
Pearson) that is one of the most important parameters investigating dependence between 
two variables as it measures the tendency of oix  and mix  to co-vary. The application 

requires an approximate linear relationship between the two variables and furthermore 
the variables should be distributed normally. Its values range from -1 to +1 - the greater 
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r , the greater the ability of the modelled data to specify the observations - and inform 

about the strength and the direction of the association. For this study purpose the 
Pearson’s correlation coefficient for both temperature and precipitation analysis. 
Finally, the r² – which is also called coefficient of determination – measured the extent 
of variance in the observed variable ox  that is explained by the fitted model mx . This 

parameter should not be confused with the model’s goodness-of-fit (RMS). A large r² 
does not always indicate a good model-fit in a statistical sense neither does a small r² 
have to state that the model fits poorly. The coefficient of determination contrary to r is 
always positive and therefore does not provide information about the direction of the 
dependence.  
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4. Results 
After the description concerning the background of downscaling, the theory behind the 
model and the practical implementation of the mathematics in a source code, this 
section deals with the most interesting aspects - the results. The purpose of the whole 
study was to build a ‘downscaling machine’ in order to reconstruct and predict local 
daily temperature and precipitation variability in the winter-season in the given 
ALPCHANGE study area the best way possible. Therefore, those predictors had to be 
extracted that significantly condition the local scale variability. In Section 1.2 a general 
theoretic background on the dominant large scale influences in the alpine region was 
given which, as well as studies from Matulla et al. (2003) and Matulla (2004) who 
already engaged in the downscaling topic for Austria, was used as a guideline.  
According to literature and the considerations in Section 1.2, a rough assortment of 
regional scale predictors (compare Tab. 3.1) was firstly considered as equally important. 
These atmospheric fields were analyzed via a BP CCA (Chapter 3) for a nine years 
fitting period as well as for a one year forecast due to idealized period. For this purpose, 
the according local scale input field was either assembled by time series from all 
available local stations or by time series due to the applied station-classification scheme 
(compare Section 3.2.2). These results gave an impression of the importance of each 
predictor19. The so far best predictors were additionally tested for those in Section 3.2.1 
described sub-domains (A, B, C, D).  
From all these analyze the objective best 10 predictors at each representative station 
were filtered out. This selection was based on the in Section 3.6 discussed statistical 
parameters. If one predictor worked out nearly equally good at the focused station in 
several different domains, only the best result was accepted in the top ten list whereas 
the results with the same predictor due to other domains were left out. On this account 
an extra column named ‘Model run’ was incorporated in the Tables indicating the 
applied model domain. Consequently, the top 40 idealized predictors for the study 
region functioned as the predictors that were analyzed in the winter seasons from 1981-
1990. Therefore, this time span was split into a 1981-1989 fitting period and 1990 
winter-season forecast. Finally, taking into account all the results so far, the outstanding 
atmospheric influences for the representative stations were investigated by additional 
split sampling test in order to increase the statistical significance. Since each single 
winter-period in the ten years with respectively changing fitting period was analyzed, 
one overall advisable predictor for each representative station was obtained. 
The following pages will be arranged in a way that Section 4.1 represents a form of 
preparatory work before the findings for daily temperature and precipitation 
downscaling are presented for the idealized seasons (10 times repetition of 1999 run) as 
well as for the ten years run from 1981 to 1990, which are described in Section 3.2.1. In 
order to back up the theoretical discussions, few essential canonical patterns with their 
joint expansion coefficients will additionally be display. Finally, the most influencing 
atmospheric fields will be investigated in more detail before the conclusions summarize 
the entire study with its findings. 

                                                 
19 According to Chapter 3 single atmospheric fields as well as combined atmospheric fields were taken 
into account. 
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4.1 Filtering the data and proper truncation rules 
As Section 3.3 indicated, the PCA can be seen as a very potent technique for filtering 
and consequently reducing data records. It has already been pointed out that for this 
work the data set was reduced in such a way that only those eigenvalues and associated 
patterns were considered that explained at least 95% of the total variance. But why 
95%? According to Jolliffe (2002), general limitation values at about 70% to 90%, 
according to equation (3.19), can be found in practical issues. Depending on the details 
of particular data sets these values can also be higher or lower. As, e.g., a value greater 
than 90% is appropriate if one or two PCs represent very dominant and rather obvious 
sources of variation and the less obvious structures beyond them are to be found. 
Otherwise, if the sample size is very large, the number of PCs due to a cut off at 70% 
could become impractically large. Therefore thresholds below should be aspired 
(Jolliffe, 2002) 
In this case, after analyzing the MM5 and observed fields, the threshold was determined 
at least at 90%, as most of the fields were dominated by a few patterns accounting for 
most of the variance. In order to find the ‘ideal’ limit four test runs with varying cut-of- 
conditions were performed, namely 

1. 95% threshold plus a rejection for eigenvalues explaining less than 0.1 % of the 
total variance (vers1) 

2. 95% threshold plus a rejection for eigenvalues explaining less than 0.5 % of the 
total variance (vers2) 

3. 99% threshold plus a rejection for eigenvalues explaining less than 0.5 % of the 
total variance (vers3), and  

4. 99% threshold plus a rejection for eigenvalues explaining less than 0.1 % of the 
total variance (vers4). 

The additional restriction concerning eigenvalues that explain less than a certain amount 
of the total variance can be seen as a modification of the Kaiser’s rule. This rule, which 
considers covariance matrices, only takes into account eigenvalues for further 
investigation that are greater than the average eigenvalue.  
 

Ev Ev
(rs/ss) (rs/ss)

T2_vers1 10/3 0,7984 10/3 0,9019
T2_vers2 9/3 0,7792 9/3 0,5662
T2_vers3 9/6 0,7717 9/6 0,8978
T2_vers4 22/6 0,7467 22/6 0,7826

Mooserboden Sonnblick
T2_vers1 10/3 0,9671 10/3 0,9475
T2_vers2 9/3 0,9521 9/3 0,9454
T2_vers3 9/6 0,9615 9/6 0,9320
T2_vers4 22/6 0,9743 22/6 0,9178

r
Lienz

r
Kals

 
Table 4.1: A comparison of the statistical model results for the near surface temperature (T2) with 
different thresholds. The different thresholds (vers1,…, vers4) are described in Section 4.1. Ev represents 
the eigenvalues that were taking into account due to the considered limitations on the regional scale (rs) 
and on the local scale (ls). The correlation coefficient is indicated by r. 
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Ev Ev
(rs/ss) (rs/ss)

Rain_adv_vers1 7/6 0.8741 7/6 0.5499
Rain_adv_vers2 7/6 0.8441 7/6 0.5499
Rain_adv_vers3 7/9 0.8669 7/9 0.2530
Rain_adv_vers4 7/9 0.8669 7/9 0.2530

Mooserboden Sonnblick
Rain_adv_vers1 7/6 0.4891 7/6 0.6453
Rain_adv_vers2 7/6 0.4891 7/6 0.6453
Rain_adv_vers3 7/9 0.2060 7/9 0.4727
Rain_adv_vers4 7/9 0.2060 7/9 0.4727

r
Lienz

r
Kals

 
Table 4.2: A comparison of the statistical model results for the advective rain (Rain_adv) with different 
thresholds. The different thresholds (vers1,…, vers4) are described in Section 4.1. Ev represents the 
eigenvalues that were taking into account due to the considered limitations on the regional scale (rs) and 
on the local scale (ls). The correlation coefficient is indicated by r. 
 
Accounting Tab. 4.1, the results for near surface temperature field T2 according to the 
different explained variance threshold are presented. Concentrating on the correlation 
coefficient (r) and the number of EOF patterns taken into account, which is given in 
parentheses in the second column of Fig. 4.1 and Fig. 4.2, it becomes obvious that 
,except at Kals, all considered versions achieve similar results as the additional 
limitation constricts the number of EOF patterns before achieving the cumulative 
limitation of 95%. Since T2_vers3 and T2_vers4 also encounter 99% on the local 
scale20 it can be shown that a grater number of EOFs/PCs do not improve the result. At 
Kals it can be seen that the raising number of patterns incorporated (shown in the 
parentheses) can also introduce additional noise in the analyses so that the correlations 
decay.  
Along with the near surface temperature field, the advective precipitation field 
(Rain_adv) was tested due to the same scheme. The results given in Tab. 4.2 indicate 
that the 99% threshold (Rain_adv_vers3, Rain_adv_vers4) does not accomplish better 
results as the additional limitation restricts the numbers of applied eigenvalues to 7 on 
the regional scale. Contrary, the higher cut-off level produces inferior results at all 
considered observational stations.  
Hence, although an improvement for single dynamic fields (not shown) with higher 
thresholds were noticed, the limit for this work was fixed at 95% with an additional cut 
off for explained variances lower than 0.1 % (vers1). Dealing with different elevation 
levels on the small scale it was agreed on loosening the 95% constriction as for example 
only two stations namely Lienz and Kolbnitz where classified below 1000 meters above 
sea level. In those cases, where the first pattern already explained over 95% of the total 
variance, at least one more pattern resulting in no data rejection were accepted. 
 

                                                 
20 Normally a 95% limitation for locally explained variance was implemented.  
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4.2 Downscaling of the idealized-run winter period 
As indicated in Section 3.2.1, the idealized winter period represents a synthetically 
constructed 10 years time span, formed by sequence of 10 idealized 1999 winter 
seasons that were strung together. 

4.2.1 Idealized-run results for estimated local temperature 

Station Lienz 

Table 4.3 represents the best 10 predictors below 1000 m asl for the reconstruction of 
the idealized nine winter seasons-fitting period. The first obvious fact is that the 
predictor-combinations dominate this listening. This is rather comprehensible as they 
are enlarging the phase space for the eigenvalue-analysis. Thus, it is possible to account 
for additional essential information in the atmospheric structures.  
 

Lienz
Predictor Model 

run
r r² RMS

1 T2+rel_H700 D2 el 0.8243 0.6796 1.9816
2 T2+V850 SdomB el 0.8208 0.6738 1.9996
3 V10+sp_H850 D2 el 0.8121 0.6594 2.0431
4 V10+Q850 D2 el 0.8119 0.6593 2.0435
5 T2+sp_H200 SdomC 0.8046 0.6474 2.0797
6 T2+rel_H850 SdomB el 0.8031 0.6450 2.0858
7 T2+sp_H850 SdomB el 0.8013 0.6422 2.0941
8 T2+T700 D2 el 0.8008 0.6412 1,9816
9 V10+Sp850 D2 0.7996 0.6394 2.1024

10 T2 D2 0.7985 0.6367 2.1089 
Table 4.3: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized temperature time series at Lienz according to the correlation coefficient, r, the square 
correlation coefficient, r², and the root mean square error, RMS, between the observed and the modelled 
time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate 
those sub-domains described in Section 3.2.1. Furthermore el indicates the classification of the local 
observation stations due to their elevation. 
 
Concerning the predictors themselves it can be seen that the local temperature 
variability in Lienz seems to be influenced to a big part by  
(a) the near surface temperature situation T2 which as a single predictor already 
explains 79% of the locally observed temperature anomalies,  
(b) wind-related parameters which are represented via the v component of the horizontal 
wind, the vorticity and the wind-divergence and  
(c) atmospheric parameters that are related to humidity as six of the top ten predictor 
combinations are assembled for one part by mixing ratio, relative humidity or specific 
humidity. 
Although T2 seems to be dominant in the resulting predictors in Tab. 4.3 due to the 
comprehensible fact that the MM5 near surface temperature field should account for the 
local temperature behaviour, one third of the top ten predictors works out without its 
contribution. These predictor-combinations consist of humidity related parameters 
associated with wind-parameters. The importance of (c) can be related to general 
climatic correlations between temperature and humidity as well as to the theory that 
cyclones and their ‘captured’ humidity are crucial for the winter climate in the Alps 
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(compare Section 1.2). The focused winter 1999 coincidentally demonstrated this 
influences in a very impressive way: Winter storm Lothar that evolved on the 26th  of 
December as a secondary cyclone over the North Atlantic into a storm traversed middle 
Europe (compare Fig. 4.1). According to literature, the strongest and most devastating 
winds occurred at the southern parts of the cyclone where the impact of Lothar and of 
the central cyclone ‘Kurt’ were added. Cyclones - or even more drastic winter storms  
 

 

 

like in December 1999 - from the North Atlantic passing Europe are associated to fronts 
and strong winds that have an impact on the local temperature. This meteorological 
description fits with the obtained results for (b). Furthermore, the V10 parameter could 
indicate a cyclone in the Mediterranean. Relating on the theory in Section 1.2, it could 
be assumed that the SLP parameter could influence the alpine winter weather condition. 
This fact is not affirmed by Tab. 4.3 maybe also due to the regional scale MM5 domain, 
which probably is too small to account for the large scale pressure conditions over the 
Atlantic. 
 
 
Although the focus of this work is on the method of statistical downscaling using a BP 
CCA, some short interpretations are added to chosen findings. The patterns that will be 
illustrated in the next sections as homogenous correlation maps (compare Section 3.3.4) 
should give an impression of the dominating spatial structures and their time 
coefficients that are incorporated in the regression model. The according correlation 
values are characterized by the colorbar ranging from magenta (-1) to red (+1). The 
Figures are arranged in a way that the latter two columns of the first row represent the 
first CCP, the latter two columns of the second row the second CCP and the same 
allocation for the third CCP, accounting for a selected predictor combination. Within 
these latter two columns, each column accords to the spatial distribution for each part of 
the considered predictor-combination. For example, if the patterns for the combination 
T2+rel_H700 are presented, the middle panel in the first row illustrates CCP1 for T2, 
whereas the respective CCP1 mode for rel_H700 can be found in the rightmost panel of 
row one. The leftmost column of row one accords to the joint normalized canonical 
variate for the predictor-field. If two time series are illustrated in the CV panel, the 
corresponding maximum correlating local scale CV (bold line) is displayed. CCP2 and 
CCP3 and their corresponding CVs are presented the same way. Consequently the 
estimates of the local parameters will be presented via line plots. 
 

Figure 4.1: The winter storm Lothar and its 
location over Europe, Austria and our study 
region December 1999 (from University of 
Kalsruhe, Institute for Meteorology and 
Climate: http://imkhp2.physik.uni-
karlsruhe.de/~muehr/Sat/satsp.htm) 
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Figure 4.2: Illustration of the first three idealized T2+rel_H700 CCPs calculated for Lienz as homogenous 
correlation maps plus their joint canonical variates. The first row shows the first CCP for the considered 
predictor-combination with the respective spatial distribution for each of the contributing parameters 
separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row represents the 
first idealized DJF period of the respective time evolving canonical variate for each spatial mode in 
normalized units (light line) and the according small scale coefficients (bold line). The correlations are 
indexed by the colorbar. 
 
As described above, Fig. 4.2 gives a spatial impression of the first three CCPs for T2 
combined with rel_H700 as one selected predictor combinations at Lienz. Due to a 
general limitation of CCPs on the local scale - the first two modes explained already 
95% of the total variance - only the first two local scale modes were taken into account 
for the linear model (compare equation (3.51)). Therefore, the T2+rel_H700 CV3 could 
not be compared with the respective local scale one. This ‘phenomenon’ will reoccur in 
most of the following descriptions. 

T2 rel_H700 
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The three illustrated patterns in Fig. 4.2 represent 37.8 %, 29 % and 8.5 % of the total 
variance, respectively. Thus the first two modes (of overall 18 modes considered in the 
canonical analysis) dominate the variability of the origin field. Focusing on the spatial 
structure of the canonical correlation patterns in Fig. 4.2, CCP1 for T2 and rel_H700 
show East-West (E-W) dipoles with T2 dominating the predictor-combination due to 
the high positive situation particularly in the south-eastern part of the MM5 domain. 
Worth notifying is the resolution of the geographical structure of the Po-plane in CCP1 
and CCP2 for T2, whereas CCP2 for T2 additionally indicates the alpine crest with a 
maximum in the Venediger mountain range. Similar to the patterns in CCP1, CCP2 for 
T2 and rel_H700 show comparable spatial structures considering a decreasing North-
South (N-S) distribution, but presenting the relative humidity filed as at least equally 
important as the temperature field. CCP3 for T2 and rel_H700 illustrates a neutral 
behaviour as this mode only accounts for 8% of the total variance. 
Concerning the joint canonical variates (compare leftmost row in Fig.4.2), these 
patterns show the time evolution of the above illustrated spatial mode within the 
idealized winter season 1999 in normalized units. Therefore, they give an impression of 
the inter-seasonal variations. Maximum correlated with the locally obtained patterns 
these regional scale time series (light line) show that CCP1 correlates with 83% with the 
respective local mode (bold line) whereas a correlation of 70% for CCP2 is obtained. 
Accounting for the behaviour of these two CVs it is obvious that CV1 shows a calmer 
characteristic with fewer fluctuations compared to CV2. 
 

 
Figure 4.3: Estimated time series for idealized winter temperature at Lienz: T2 combined with relative 
humidity at 700 hPa as predictors for reconstructing the fitting period (top panel) and for an one year 
forecast (lower panel). In the lower panel the solid line represents the observed time series, whereas the 
dashed line shows the models estimation. In the upper panel the comparison between the estimation and 
the observation is shown by temperature differences. GebDom8257+lt1100 indicates that the results were 
obtained by using the atmospheric parameters from the Domain2 and by a separation of the local stations 
according to their elevation level as described in section 3.2.1. The numbers within the parentheses advise 
the number of eigenvalues retained for the CCA calculated via the PCA with a fixed threshold. The 
values for the correlation index (r), the root mean difference (RMS) and the square correlation coefficient 
(r²) between the simulations and the observations assess the quality of the model results. 
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Using the described T2+rel_H700 time coefficients associated with the according local 
spatial patterns plus discussed the correlations between the CVs on both scales 
(compare equation (3.51)) estimated reconstructions of the fitting period as well as 
estimations for the predicted season were obtained. These time series are shown in Fig. 
4.3. The upper panel presents the difference between the calculated and the observed 
fitting period whereas the lower panel compares these two time series for one predicted 
winter season. Regarding the difference plot, the values range between -7°C and +5°C, 
but these maximums are recurring single events. The root mean square difference 
(RMS) indicates the prediction error with ~2°C, which assesses the good quality of the 
model at Lienz considering the daily time scale. This is additionally approved by the 
correlation coefficient with a value of 0.82% between the estimated and the observed 
time series. Focusing on the lower plot in Fig. 4.3, the prediction illustrates for obvious 
reasons the same information as the first 90 days in the reconstruction due to the 
idealized 10 years run (compare Section 3.2.1). Disregarding the respective RMS index 
at the peak values - around day 10, day 30, day 45, day 60 or day 90 in Fig. 4.3 lower 
panel - this criterion would turn out to be much better for the downscaling model with 
possible values at 1.0°C.  

Station Kals 

Kals is located between 1000 and 2000 m asl and thus should give an idea of the 
climatic situation in the ‘middle-elevated regions’ between the study region’s valleys 
and the summits. Similar to the considerations for Lienz, the plausibility of the best 
performing predictors will be discussed.  
 

Kals
Predictor Model 

run
r r² RMS

1 T2+rel_H700 D2 el 0.9333 0.8710 1.4201
2 T2+U850 D2 el 0.9170 0.8408 1.5777
3 T2+rel_H850 SdomB el 0.9159 0.8389 1.5872
4 T2+U10 SdomB 0.9151 0.8375 1.5944
5 T850+Vort700 SdomD el 0.9148 0.8368 1.5980
6 T2+T850 D2 0.9132 0.8340 1.6115
7 U10+Svp850 D2 el 0.9093 0.8268 1.6459
8 T850+U10 SdomB el 0.9080 0.8244 1.6570
9 V850+T850 SdomA 0.9038 0.8168 1.6929

10 T2+V850 SdomC el 0.9025 0.8144 1.7033  
Table 4.4: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized temperature time series at Kals according to the correlation coefficient, r, the square correlation 
coefficient, r², and the root mean square error, RMS,  between the observed and the modelled time series. 
D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate those sub-
domains described in Section 3.2.1. Furthermore el indicates the classification of the local observation 
stations due to their elevation. 
 
Accounting the best predictors in Tab. 4.4, a similar situation compared to Lienz is 
presented. The atmospheric temperature parameters (a) - T2 and T850 - dominate the 
local temperature at Kals. The wind related parameters (b), represented by the u-
component of the horizontal wind instead of the v-component, remain essential additive 
components in the predictor-combinations. As the westerlies are the dominating wind 
related factors in winter this result seems to be suitable, always keeping in mind that the 
MM5 model cannot account for specific processes that are smaller than its resolutions, 
e.g. local wind systems that certainly would have an impact on Kals regarding its 
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geographical location. On the other hand the importance of humidity related parameters 
(c) in Tab. 4.4 decreases.  

Stations Mooserboden / Sonnblick 

In this Section, the results for Mooserboden and Sonnblick are considered in a 
combined form as both were classified on the same elevation level - higher than 2000 
meters asl - and both nearly provide the same outcomes.  
 

Mooserboden
Predictor Model 

run
r r² RMS

1 Windd850+T700 D2 el 0.9794 0.9593 1.1769
2 T700+Vort700 SdomA el 0.9794 0.9592 1.1783
3 T2+T850 SdomA el 0.9785 0.9574 1.2041
4 T2+T700 SdomB el 0.9779 0.9563 1.2196
5 T850+Vort700 SdomA el 0.9776 0.9557 1.2284
6 T2+U850 SdomB el 0.9764 0.9534 1.2594
7 T850+U10 D2 el 0.9762 0.9529 1.2659
8 T2+U10 SdomB el 0.9758 0.9523 1.2746
9 T850+Vort850 D2 0.9757 0.9519 1.2801

10 T2+rel_H850 D2 0.9754 0.9515 1.2856 
Table 4.5: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized temperature time series at Mooserboden according to the correlation coefficient, r, the square 
correlation coefficient, r², and the root mean square error, RMS,  between the observed and the modelled 
time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate 
those sub-domains described in Section 3.2.1. Furthermore el indicates the classification of the local 
observation stations due to their elevation. 

 

Sonnblick
Predictor Model 

run
r r² RMS

1 T700+Vort700 SdomA el 0.9846 0.9694 1.0497
2 Windd700+T700 SdomB el 0.9836 0.9674 1.0840
3 Windd850+T700 SdomB el 0.9818 0.9639 1.1406
4 T700+Windd500 SdomB el 0.9806 0.9615 1.1787
5 Windd200+T700 D2 el 0.9799 0.9603 1.1968
6 U10+T700 D2 el 0.9796 0.9597 1.2057
7 T700+Vort700 SdomB el 0.9790 0.9585 1.2233
8 T700+rel_H850 D2 el 0.9787 0.9578 1.2341
9 T700+Vort200 SdomB el 0.9781 0.9567 1.2493

10 T850+H500 SdomA el 0.9761 0.9527 1.3056 
Table 4.6: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized temperature time series at Mooserboden and Sonnblick according to the correlation coefficient, 
r, the square correlation coefficient, r², and the root mean square error, RMS,  between the observed and 
the modelled time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and 
SdomD indicate those sub-domains described in Section 3.2.1. Furthermore el indicates the classification 
of the local observation stations due to their elevation. 
 
The elevation level matches with the dominance of parameters at 700 hPa in Tab. 4.5 
and Tab. 4.6. Due to the correlation coefficients, higher values in addition to very little 
differences in these indices can be found for both stations. This finding contrasts to the 
results for Lienz and Kals (Tab. 4.3 and Tab. 4.4), where at least a distinction of 4% in 
the correlations for the top ten predictors occurred. Thus, due to the exposure of 
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Mooserboden and Sonnblick, the reduced influence of the local forcings at these 
stations results in improved estimations with prediction errors around 1°C. Following 
the evaluation of the found predictor as done in the examples before, the combination of 
temperature fields (a) associated to wind-related parameters (b) stand out significantly. 
Cyclones and the westerlies in general apply here to an even stronger degree since these 
highly elevated stations are much stronger related to the situation in the free troposphere 
and therefore to mesoscale systems. Consequently the importance of humidity-related 
parameters (c) in Tab. 4.5 and Tab. 4.6 can be characterized as secondary contrary to 
the results obtained for the lower regions in Tab. 4.3. 
 

.     
Figure 4.4: Illustration of the first idealized three U10+T700 CCPs calculated for Sonnblick as 
homogenous correlation maps plus their joint canonical variates. The first row shows the first CCP for the 
considered predictor-combination with the respective spatial distribution for each of the contributing 
parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row 
represents the first idealized DJF period of the respective time evolving canonical variate for each spatial 
mode in normalized units (light line) and the according small scale coefficients (bold line). The 
correlations are indexed by the colorbar. 

U10 T700 
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Similarly to the interpretation of Fig. 4.2, a discussion of one characterizing predictor-
combination for the station Sonnblick will be given. For U10+T700 the first 10 
eigenvectors were taken into account for the CCA, with the first explaining 45.13%, the 
second 30.10% and the third mode explaining 8.92 % of the total variance. Again the 
first two modes are very dominant in representing the explained variance, which 
becomes obvious regarding Fig. 4.4. The spatial structures for all three U10 CCPs in 
Fig. 4.4 show irregular distributions in the entire model domain. Similar to the near 
surface parameter in Fig.4.2, the structure of the Po-plane reoccurs in CCP2 and CCP3 
of U10. The second and the third canonical pattern for U10+T700 in Fig. 4.4 relate the 
essential information to the U10 field.  
On the other hand the CCPs for T700 are illustrated as large homogenous spatial 
distributions in Fig. 4.4. The respective CCP1 shows a strong positive situation in the 
entire domain, whereas CCP2 and CCP3 represent overall neutral regions indicating 
that nearly the entire regional scale T700 information is associated with the first CCP. 
Overall the first canonical variate is correlated with 98% to the first local temperature 
canonical expansion coefficient (bold line), whereas this correlation level is not 
achieved by the second canonical variate with a correlation of 57% (compare Fig. 4.4 
third row). This finding shows that the first CCP of U10+T700 is of utmost importance 
for the correlation structure. Additive information is incorporated via CCP2. 
 

 
Figure 4.5: Estimated time series for idealized winter temperature at Sonnblick: U10 combined with 
temperature at 700 hPa as predictors for reconstructing the fitting period (top panel) and for an one year 
forecast (lower panel). In the lower panel the solid line represents the observed time series, whereas the 
dashed line shows the models estimation. In the upper panel the comparison between the estimation and 
the observation is shown by temperature differences. GebDom8257+gt2000 indicates that the results were 
obtained by using the atmospheric parameters from the Domain2 and by a separation of the local stations 
according to their elevation level as described in Section 3.2.1. The numbers within the parentheses 
advise the number of eigenvalues retained for the CCA calculated via the PCA with a fixed threshold. 
The values for the correlation index (r), root mean difference (RMS) and square correlation coefficient 
(r²) between the simulations and the observations assess the quality of the model. 
 
The modelled time series for the considered predictor-combination (U10+T700) are 
given in Fig. 4.5. Incorporating the first two important regional scale modes, the 
focused periods were modelled in such an adequate way that 96% of the locally 
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observed variance could be estimated. Especially at the beginning and the end of the 
idealized winter-season few outliners occur. The RMS confirms the qualitatively high 
result indicating a difference of 1.2°C between the daily estimated and observed 
variabilities. 

4.2.2 Idealized-run results for estimated local precipitation 

Before the results concerning the local precipitation are presented some pre-information 
is worth adding. The local precipitation, which is related to stochastic processes, is 
characterized as a more chaotic phenomenon with higher variability compared to the 
local temperature. Hence, as this study focuses on a linear relationship approach 
between two scales, it is difficult to account for the precipitation’s non-normal 
distribution. The possible consequent bias in the results could be avoided if the 
predictor and the predictand (e.g., both precipitation) indicate the same distribution. 
Thus the following results should be regarded accordingly to these circumstances. 

Station Lienz  

In Tab. 4.7 the best ten predictors for reconstructing the idealized local precipitation-
time-series at the observational station Lienz are presented. According to the shown 
predictors the winter precipitation situation in East Tyrol is mainly influenced by the 
advective precipitation (d).  
 

Lienz
Predictor Model 

run
r r² RMS

1 Rain_adv+Svp850 SdomC el 0.9620 0.9254 1.3701
2 Rain_adv+T200 SdomB el 0.9618 0.9251 1.3738
3 Rain_adv+H500 D2 el 0.9608 0.9232 1.3913
4 Rain_adv+H700 SdomB el 0.9593 0.9203 1.4173
5 Rain_adv+Windd700 SdomC el 0.9581 0.9179 1.4380
6 Rain_adv+Svp500 SdomC 0.9570 0.9158 1.4580
7 Rain_adv+sp_H850 SdomA el 0.9555 0.9130 1.4808
8 Rain_adv+V700 SdomB el 0.9553 0.9127 1.4834
9 Rain_adv+Vort850 SdomB el 0.9495 0.9016 1.5749

10 Rain_adv SdomA el 0.9477 0.8982 1.6017 
Table 4.7: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized precipitation time series at Lienz according to the correlation coefficient, r, the square 
correlation coefficient, r², and the root mean square error, RMS,  between the observed and the modelled 
time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate 
those sub-domains described in Section 3.2.1. Furthermore el indicates the classification of the local 
observation stations due to their elevation. 
 
Combined with humidity related parameters (c), wind related variables (b), temperature 
(a) or geopotential height (e) representing the pressure-related parameter, very high 
correlations up to 96% between the simulation and the observation are obtained. 
Focusing on these correlations it is obvious that the Rain_adv field contributes most to 
these results as the single predictor field already describes 95% of the locally observed 
variance. Thus the associated parameters only contribute little additive information. 
Since the advective precipitation controls the winter precipitation over Europe (compare 
Section 1.2) the essential role of (d) in Tab. 4.7 is comprehensible. As circulations from 
the South, which dominate the precipitation situation at Lienz (comparing also the 
cyclogenesis theory in Section 1.2), are also advective systems these results are 
enforced. The occurrence of wind-related variables as well as parameters representing 
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humidity in the best predictor-combinations can be related with the topographic 
influence (compare the lifting of moist air at mountains) to their general climatic 
correlation with precipitation events. Additionally they fit to the background in Section 
1.2 and the discussion for the idealized temperature results at Lienz in Section 4.2.1, 
along with the geopotential height in combination three and four as this parameter is 
suited in indicating cyclones. 
 

    
Figure 4.6: Illustration of the first three idealized Rain_adv+H500 CCPs calculated for Lienz as 
homogenous correlation maps plus their joint canonical variates. The first row shows the first CCP for the 
considered predictor-combination with the respective spatial distribution for each of the contributing 
parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row 
represents the first idealized DJF period of the respective time evolving canonical variate for each spatial 
mode in normalized units (light line) and the according small scale coefficients (bold line). The 
correlations are indexed by the colorbar. 
 
Due to the empirical outcomes in Tab. 4.7, the advective precipitation is of utmost 
importance for the locally observed precipitation situation in winter. For this reason, the 

Rain_adv H500 
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Rain_adv+H500 predictor-combination was chosen to be worth explaining. Altogether, 
the first 18 eigenvectors for the combined atmospheric field were used for further 
calculations. CCP1 accounts for 50.56 %, CCP2 for 11.27 % and CCP3 for 7.80 % of 
the total variance. This division in the importance of the considered modes can also be 
followed in Fig. 4.6. Illustrated as a homogenous correlation map, the first canonical 
correlation pattern for the advective rain exhibits a strong positive situation over 
northern Italy. This structure affirms the influence of circulations from the South on the 
local precipitation situation at Lienz. Furthermore, CCP2 and CCP3 for Rain_adv show 
comparable characteristics with positive structures along the alpine ridge. On the other 
side, the first canonical patterns for the geopotential height in Fig. 4.6 represent typical 
large scale distributions showing an overall neutral situation. CCP2 and CCP3 for H500 
also indicate large scale distributions in the model domain, but contrary to the 
respective first mode, contribute essential additional information to the Rain_adv+H500 
CCP2 and CCP3. 
More interesting are the correlations between the canonical variates on the large and the 
local scale. These time series indicate a 97% correlation for the first CV, 69% for CV2 
and 59% for CV3, which is illustrated in the leftmost row of Fig. 4.6. Focusing on the 
time coefficients’ behaviour, a notable contrast to the so far discussed examples can be 
observed. These modes are characterized by several single events similar to a 
precipitation time series. Again, the higher order modes show more fluctuations within 
the considered time span. 
 

 
Figure 4.7: Estimated time series for idealized winter precipitation at Lienz: advective Rain (Rain_non in 
panel title) combined with geopotential height at 700 hPa as predictors for reconstructing the fitting 
period (top panel) and for an one year forecast (lower). In the lower panel the solid line represents the 
observed time series, whereas the dashed line shows the models estimation. In the upper panel the 
comparison between the estimation and the observation is shown by precipitation differences. 
GebDom8257+lt1100 indicates that the results were obtained by using the atmospheric parameters from 
the Domain2 and by a separation of the local stations according to their elevation level as decrypted in 
Section 3.2.1. The numbers within the parentheses advise the number of eigenvalues retained for the CCA 
calculated via the PCA with a fixed threshold. The values for the correlation index (r), the root mean 
difference (RMS) and the square correlation coefficient (r²) between the simulations and the observations 
assess the quality of the model results. 
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Due to the shown time series in Fig. 4.7, the model’s performance has to be assessed as 
very good keeping in mind the earlier mentioned precipitation-modelling-problems. 
Considering the first three regional and small scale modes in the linear model and their 
correlations, a RMS difference of 1.39 mm/d and a correlation of 93% with the 
observation is obtained. These indices could be even better if some peaks around day 25 
and day 80 (compare lower panel) would be estimated in a more adequate way. 

Station Kals 

In this section the optimized predictor results for local precipitation anomalies at Kals 
are analyzed.  
 

Kals
Predictor Model

 run
r r² RMS

1 U10+Windd500 SdomB el 0.6457 0.4170 2.6497
2 Rain_adv+T200 SdomB el 0.6404 0.4101 2.6659
3 V10+U10 SdomC el 0.6399 0.4094 2.6670
4 sp_H850+V700 D2 0.6392 0.4086 2.6719
5 Rain_adv+sp_H850 SdomB 0.6342 0.4022 2.6842
6 Rain_adv+Ssp500 SdomB el 0.6334 0.4012 2.6859
7 U10+V850 SdomB el 0.6290 0.3956 2.6976
8 Pwat+U10 D2 el 0.6280 0.3944 2.7007
9 Rain_adv+Windd700 SdomB 0.6162 0.3797 2.7329

10 Rain_adv+Svp850 SdomB 0.6104 0.3726 2.7500 
Table 4.8: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized precipitation time series at Kals according to the correlation coefficient, r, the square correlation 
coefficient, r², and the root mean square error, RMS, between the observed and the modelled time series. 
D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate those sub-
domains described in Section 3.2.1. Furthermore el indicates the classification of the local observation 
stations due to their elevation. 
 
First of all a dramatic decay concerning the correlations in Tab. 4.8 can be recognized. 
Compared to Lienz, where correlation coefficients in the order of 0.90 were obtained, 
here indices up to 0.65 characterize this middle-elevated observational site. 
Considering the predictor-combinations in Tab. 4.8, the dominance of the advective rain 
parameter Rain_adv in the combinations diminishes compared to Tab. 4.7 but remains 
the top influence in for the local condition at Kals. Comparable to the outcomes for 
local temperature (Tab. 4.4), the u-component of the horizontal wind becomes more 
essential what can be attributed to the overall influence of the strong westerlies. Wind 
related parameters (b) occur in 60 % of the top predictors and consequently have an 
outstanding impact on the local precipitation situation. Finally, also humidity related 
variables (a) play a role in describing the local precipitation variability. All these 
findings accord to a basic comprehension mentioned in the former section dealing with 
the idealized precipitation conditions at Lienz. 
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Station Mooserboden 

Coming to the idealized precipitation results of the third representative station, 
Mooserboden, Tab. 4.9 shows improved correlation coefficients compared to Kals but 
not as significantly as expected due to the stations exposure.  
 

Mooserboden
Predictor Model 

run
r r² RMS

1 U10+V10 D2 0.7140 0.5098 2.6246
2 sp_H850+T2 D2 0.6967 0.4853 2.6868
3 T2+V850 D2 0.6928 0.4799 2.7036
4 U10+Windd500 SdomD 0.6800 0.4623 2.7479
5 Rain_adv+Windd500 SdomD 0.6741 0.4545 2.7715
6 T2+sp_H500 D2 0.6705 0.4495 2.7799
7 T2+Sp500 D2 el 0.6685 0.4469 2.7865
8 Pwat+V10 D2 0.6680 0.4462 2.7878
9 U10+V850 SdomD 0.6633 0.4400 2.8100

10 sp_H850+V700 D2 0.6626 0.4390 2.8059 
Table 4.9: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized precipitation time series at Mooserboden according to the correlation coefficient, r, the square 
correlation coefficient, r², and the root mean square error, RMS, between the observed and the modelled 
time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate 
those sub-domains described in Section 3.2.1. Furthermore el indicates the classification of the local 
observation stations due to their elevation. 
 
Nevertheless, an impact of the mountainous location, considering Mooserboden in a 
kind of caldera at ~2000 m asl in the Glockner Group, cannot be put aside. The 
dominance of fields at 500 hPa matches to the stations’ height. Going more into detail 
with the predictor-combinations in Tab. 4.9 it can be noticed that the wind related 
parameters affirm their importance, whereas the Rain_adv parameter becomes, except 
one example, inexistent. One possible reason for that can be found in the shielding 
effect due to the orography. Maybe the Glockner group or more general the Central 
Alps isolate this specific location from the advective circulations from the North 
Atlantic. The remaining parameters are humidity related ones - extending their influence 
compared to the former discussed stations - and temperature fields. 
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Station Sonnblick 

In Tab. 4.10 the top ten predictor-combinations for local precipitation for the 
representative station Sonnblick are shown in descending order according to the 
correlation coefficient.  
 

Sonnblick
Predictor Model 

run
r r² RMS

1 H850+Windd700 SdomC el 0.8962 0.8032 3.0603
2 Rain_adv+Windd700 SdomB el 0,8829 0.7795 3.2378
3 Rain_adv+V700 SdomB el 0.8686 0.7544 3.4171
4 Rain_adv+H700 D2 el 0.8673 0.7523 3.4321
5 U10+Windd500 SdomA el 0.8670 0.7516 3.4367
6 Rain_adv+Svp850 D2 el 0.8574 0.7351 3.5486
7 V850+Windd500 D2 el 0.8564 0.7335 3.5599
8 V10+Windd500 D2 el 0.8554 0.7317 3.5716
9 Rain_adv+H500 D2 el 0.8550 0.7310 3.5763

10 V850+Windd850 D2 0.8544 0.7300 3.5831 
Table 4.10: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) for the reconstruction of 
idealized precipitation time series at Sonnblick according to the correlation coefficient, r, the square 
correlation coefficient, r², and the root mean square error, RMS, between the observed and the modelled 
time series. D2 indicates the origin MM5 domain, whereas SdomA, SdomB, SdomC and SdomD indicate 
those sub-domains described in Section 3.2.1. Furthermore el indicates the classification of the local 
observation stations due to their elevation. 
 
These indices are significantly higher compared to those at Mooserboden that also 
represents the elevation level over 2000 m mean sea level (msl). This improvement may 
be traced back to the unique location in the study area. Due to its height of 3105 m asl, 
the station is much more exposed to the situation in the free troposphere than to 
influences due to local forcings. As a result, parameters like the geopotential height (e) 
that indicate cyclones, wind related parameters (b) like wind-divergence, vorticity or the 
v-component of the horizontal wind and certainly the advective precipitation (d) due to 
general considerations specify the winter precipitation state here with a dominance of 
the 700 hPa and 500 hPa pressure level. 
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Figure 4.8: Illustration of the first three idealized Rain_adv+Svp850 CCPs calculated for Sonnblick as 
homogenous correlation maps plus their joint canonical variates. The first row shows the first CCP for the 
considered predictor-combination with the respective spatial distribution for each of the contributing 
parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row 
represents the first idealized DJF of the respective time evolving canonical variate for each spatial mode 
in normalized units (light line) and the according small scale coefficients (bold line). The correlations are 
indexed by the colorbar. 
 
Concerning the predictor-combination Rain_adv+Svp850 for Sonnblick, 18 large scale 
eigenvectors were considered as useful for the CCA after the EOF analysis. The first 
three modes, presented in Fig. 4.8, account for 40.80%, 14.48% and 10.51% of the 
respective total variance. The first three CCPs for Rain_adv resemble those presented 
for Rain_adv+H500 in Fig. 4.6 in the way as they visualize a form of ‘barrier’ effect of 
the Alps. Contrary to CCP1 in Fig. 4.6 (positive situation at the Southern Alps), CCP1 
for Rain_adv in Fig. 4.8 shows a maximum at the northern Alps. The Svp850 field 
demonstrates its secondary importance in the combination by presenting overall 
homogenous neutral structures. Worth annotating is the similarity in both atmospheric 

Rain_adv Svp850 
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parameters in CCP1 in Fig. 4.8, with the Alps’ function in dividing the spatial 
structures.  
The joint CVs affirmed the dominate impression of the Rain_adv spatial structure in 
CCP1 with a correlation of 0.86 for CCP1. CCP2 shows a 65% correlation with the 
respective local variate (demonstrated in row 3 of Fig. 4.8). In general these time series 
vary more and stronger due to the more frequent precipitation events in these elevated 
regions. 
Although the measurements of quality (RMS, r) of the linear model for Sonnblick in 
Fig. 4.9 fall behind the respective ones for Lienz in Fig. 4.7, they can be denoted as 
highly appropriate. The importance of the regional scale Rain_adv modes can be seen as 
the model is capable of capturing every precipitation event in the focused period which 
can be followed in the lower panel of Fig. 4.9. This results in a correlation around 85%. 
The higher RMS value (3.55 mm) compared to former results can be related to 
cumulative peak-values in the reoccurring time span between day 65 and day 90 
(February 1999). 
 

 
Figure 4.9: Estimated time series for idealized winter precipitation at Sonnblick: advective Rain 
(Rain_non in panel title) combined with saturation vapor pressure at 850 hPa as predictors for 
reconstructing the fitting period (top panel) and for a one year forecast (lower panel). In the lower panel 
the solid line represents the observed time series, whereas the dashed line shows the models estimation. In 
the upper panel the comparison between the estimation and the observation is shown by precipitation 
differences. GebDom8257+gt2000 indicates that the results were obtained by using the atmospheric 
parameters from the Domain2 and by a separation of the local stations according to their elevation level 
as described in Section 3.2.1. The numbers within the parentheses advise the number of eigenvalues 
retained for the CCA calculated via the PCA with a fixed threshold. The values for the correlation index 
(r), the root mean difference (RMS) and the square correlation coefficient (r²) between the simulations 
and the observations assess the quality of the model results. 
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4.2.3 Comparison between the results of different model domains  

Concluding this Section, the efficiency of the additional sub-domains is assessed. 
Therefore, Tab. 4.11a/b presents the overall top five predictors obtained from all 
encountered domains-variants (Sub-domain A, Sub-domain B, Sub-domain C and Sub-
domain D compare Section 3.2.1) opposed to the respective best five predictors that 
were obtained from the origin MM5 domain (Domain2). Focusing on the associated 
correlations it can be seen that the additional model domains provide slightly better 
results considering the precipitation in Fig. 4.11b, whereas the temperature results 
overall accord on both sides in Tab. 4.11a. Thus, the additive sub-domains do not profit 
the expected significant improvement in the analyses. As a result, the ten years MM5 
model run was analyzed by investigating the best presented predictors for each 
representative station only in Domain2. 
 

a Domain2 All Domains

Lienz Predictor r Predictor r
1 T2+rel_H700 0.8243 T2+rel_H700 0.8243
2 V10+sp_H850 0.8121 T2+V850 0.8208
3 V10+Q850 0.8119 V10+sp_H850 0.8121
4 T2+T700 0.8008 V10+Q850 0.8119
5 T2 0.7984 T2+sp_H200 0.8046

Kals Predictor r Predictor r
1 T2+rel_H700 0.9332 T2+rel_H700 0.9333
2 T2+U850 0.9169 T2+U850 0.9170
3 U10+SSP850 0.9092 T2+rel_H850 0.9159
4 T2 0.9019 T2+U10 0.9151
5 T2+rel_H850 0.8956 T850+Vort700 0.9148

Mooserboden Predictor r Predictor r
1 Windd850+T700 0.9794 Windd850+T700 0.9794
2 T2+T850 0.9793 T700+Vort700 0.9794
3 T2+rel_H850 0.9764 T2+T850 0.9785
4 T850+U10 0.9762 T2+T700 0.9779
5 T850+Vort700 0.9756 T850+Vort700 0.9776

Sonnblick Predictor r Predictor r
1 Windd850+T700 0.9332 T700+Vort700 0.9846
2 Windd200+T700 0.9169 Windd700+T700 0.9836
3 U10+T700 0.9092 Windd850+T700 0.9818
4 Windd700+T700 0.9019 T700+Windd500 0.9806
5 T700+rel_H850 0.8956 Windd200+T700 0.9799 
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b Domain2 All Domains

Lienz Predictor r Predictor r
1 Rain_adv+H500 0.9608 Rain_adv+Svp850 0.9620
2 Rain_adv+Svp850 0.9581 Rain_adv+T200 0.9618
3 Rain_adv+H700 0.9427 Rain_adv+H500 0.9608
4 Rain_adv+T200 0.9381 Rain_adv+H700 0.9563
5 Rain_adv+Svp500 0.9102 Rain_adv+Windd700 0.9581

Kals Predictor r Predictor r
1 sp_H850+V700 0.6392 U10+Windd500 0.6457
2 Pwat+U10 0.6279 Rain_adv+T200 0.6404
3 Rain_adv+Windd700 0.6118 V10+U10 0.6399
4 T2+V700 0.6020 sp_H850+V700 0.6392
5 Rain_adv+sp_H850 0.5734 Rain_adv+sp_H850 0.6342

Mooserboden Predictor r Predictor r
1 U10+V10 0.7140 U10+V10 0.7140
2 sp_H850+T2 0.6966 sp_H850+T2 0.6967
3 T2+V850 0.6927 T2+V850 0.6928
4 T2+sp_H500 0.6704 U10+Windd500 0.6800
5 T2+SP500 0.6685 Rain_adv+Windd500 0.6741

Sonnblick Predictor r Predictor r
1 Rain_adv+H700 0.8673 H850+Windd700 0.8962
2 Rain_adv+Svp850 0.8574 Rain_adv+Windd700 0.8829
3 V850+Windd500 0.8564 Rain_adv+V700 0.8686
4 V10+Windd500 0.8554 Rain_adv+H700 0.8673
5 Rain_adv+H500 0.8549 U10+Windd500 0.8670 

Table 4.11a/b: Comparison of the top five predictors for temperature (a) and precipitation (b) for all 
representative stations. The left side of the tables indicate the obtained predictors only from Domain2 
whereas the right side shows the already listed top five predictors from all analyzed model runs. The 
index r represents the correlation coefficient.  
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4.3 Downscaling results for the ten years run 

4.3.1 Temperature 

Station Lienz 

In this Section the top predictors calculated from the ‘real’ ten years run (compare 
Section 3.2.1) will be discussed and compared to those obtained for the idealized 
period. Incorporating a filter for inferior predictors, only those predictors were taken 
into account that stood out through their performance considering the idealized time 
span.  
 

Lienz Predictor Run r rec Predictor Run r for

1 T2+U700 D2 el 0.7749 T2+sp_H850 D2 el 0.8855
2 T2+U10 D2 0.7697 T2+U10 D2 el 0.8768
3 T2+sp_H850 D2 0.7684 T2+U700 D2 el 0.8747
4 T2+V850 D2 el 0.7596 T2+sp_H200 D2 el 0.8741
5 T2+rel_H200 D2 el 0.7536 T2+V850 D2 el 0.8738
6 T2+H700 D2 el 0.7457 T2+rel_H850 D2 el 0.8712
7 T2 D2 el 0.7447 T2+rel_H700 D2 el 0.8644
8 T2+T850 D2 el 0.7394 T2+rel_H200 D2 el 0.8607
9 T2+rel_H850 D2 el 0.7227 T2+H700 D2 el 0.8524

10 T2+rel_H700 D2 el 0.7206 T2+Ssp200 D2 el 0.8523 
Table 4.12: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of temperature time series at Lienz according to the correlation coefficient 
(rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 whereas el 
abbreviates the classification of the local stations according to their elevation. 
 
Regarding Tab. 4.12, the top ten predictors with their according correlations between 
the observed local temperature anomalies and estimations for the reconstruction of the 
1981-1989 period (r rec) and for the predicted year 1990 (r for) for Lienz are presented. 
The focus of the following considerations will be mainly on the estimates for the 
reconstructed period as they present a longer time span and consequently more essential 
information. 
Comparing the correlation values (rrec) in Tab. 4.12 to the respective ideally obtained 
values for Lienz in Tab. 4.3, it can be seen that the correlation level of the results for the 
10 years run slightly diminishes. Focusing on the predictors in Tab. 4.12, all the top ten 
predictors for local temperature are at least associated with the near surface temperature 
field (a). This fact is comprehensible for already indicated reasons and confirms the 
similar findings in Tab. 4.3. According to the correlations for the reconstructed fitting 
period (rrec) it becomes obvious that the contributing atmospheric fields in the predictor-
combinations with T2 account for little additive information as the single temperature 
field already describes 74% of the local temperature variability. However, since with 
their help the quality of the estimations is increased, they have to be assessed as 
essential contributors for the statistical model. These additive atmospheric parameters – 
overall wind parameters, relative humidity - also resemble those found in Tab. 4.3.  
Nearly the same predictor-combinations as for the reconstruction of the fitting period - 
with the overall domination feature of T2 - work out the best for the one year forecast 
(compare Tab. 4.12). The significant improvement of the models quality for the 
forecast, as correlations up to 88% are attained compared to 77% for the reconstruction 
is outstanding. 
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Figure 4.10: Illustration of the first three T2+rel_H700 CCPs calculated for Lienz between 1981-1989 as 
homogenous correlation maps plus their joint canonical variates. The first row shows the first CCP for the 
considered predictor-combination with the respective spatial distribution for each of the contributing 
parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row 
represents the corresponding time evolving canonical variate for the respective spatial mode in 
normalized units. The correlations are indexed by the colorbar. 
 
After having analyzed the top predictor-combinations resulting from the ten years run at 
Lienz and comparing them to those combinations obtained via the idealized setup, those 
predictors and their joint CCA patterns that were discussed in detail in Section 4.2.1 and 
Section 4.2.2 will be presented for the 1981-1990 data set in the following. This way, 
potentially, an objective quantification about the suitability of the idealized winter-
season 1999 can be given.  
Regarding Fig. 4.10, which is constructed the same way as in the former sections, a 
similarity as expected in the spatial structures with Fig. 4.2 can be found. Comparable to 
the idealized spatial modes for T2+rel_H700, CCP1 for both parameters illustrate a 

T2 rel_H700 
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similar E-W dipole structure with T2 being the dominant influence in describing 38.9% 
of the total variance (compare Fig. 4.10). CCP2 for T2 and rel_H700 indicate a NW-SE 
dipole structure whereas the respective CCP3 for both fields show neutral situations 
over most of the entire model domain. CCP2 accounts for 22.6% of the total variance, 
CCP3 for 9.6% of the respective variance. Additionally these explained variances of 
each pattern are comparable to those indicated for Lienz in Section 4.2.1. 
Contrary to the former illustrations the corresponding CVs are shown for the whole 
fitting period in order to give an impression for the variability of the investigated 
modes. As a consequence, due to visualization arguments, the respective local time 
coefficients are left out. However, the first CV for T2+rel_H700 in Fig. 4.10 accords to 
the outstanding influence of CCP1 with its correlation coefficient of 80% compared to a 
28% correlation of CV2 with the respective local mode. The third canonical variate was 
not incorporated in the linear model due to the already mentioned limitations of local 
scale modes. 

 
Figure 4.11: Estimated time series for winter temperature at Lienz: T2 combined with relative humidity at 
700 hPa as predictors for reconstructing the fitting period (top panel) and for an one year forecast (lower 
panel). In the lower panel the solid line represents the observed time series, where as the dashed line 
shows the models estimation. In the upper panel the comparison between the estimation and the 
observation is shown by temperature differences. GebDom8257+lt1100 indicates that the results were 
obtained by using the atmospheric parameters from the Domain2 and by a separation of the local stations 
according to their elevation level as described in Section 3.2.1. The numbers within the parentheses 
advise the number of eigenvalues retained for the CCA calculated via the PCA with a fixed threshold. 
The values for correlation (r), root mean difference (RMS) and square correlation coefficient (r²) between 
the simulations and the observations assess the quality of the model results. 
 
With a RMS error of 3°C in the reconstruction model, which is over 1°C greater than 
for the respective idealized modelled time series in Fig. 4.3, and a correlation coefficient 
of 0.72, 10% below the value with the idealized setup, the model does not perfectly 
cover all events in the regarded time span comparing Fig. 4.11. Especially, positive 
deviations around +8°C at the beginning, around day 400 and day 600 stand out 
dramatically accompanied by large negative ‘errors’ around day 200, 450 and 750 and 
consequently influence the relative large error for the statistical model. On the other 
hand the model improves its quality at the forecast in Fig. 4.11 lower panel, where a 
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correlation of 86% is attained. Due to systematic errors between day 25 and day 50 and 
around day 80, the RMS index does not account for this improvement for the correlation 
index. Overall it has to be said that the general observed temperature behaviour in Fig. 
4.11 lower panel is captured by this forecast. 

Station Kals 

What has been found for Lienz - that the top ten predictor combinations for the 
idealized 10 years run resembles those for the ‘real’ one - can also be followed in Tab. 
4.13 presenting the best predictors due to the reconstruction as well as due to the 
forecast for Kals.  
 

Reconstruction Forecast
Kals  Predictor Run r rec Predictor Run r for

1 T2+U10 D2 0.9226 T2+U10 D2 0.8597
2 T2+rel_H850 D2 el 0.9155 T2 D2 0.8474
3 T2+sp_H850 D2 0.9082 T2+sp_H200 D2 el 0.8431
4 V850+T850 D2 0.9006 T2+rel_H850 D2 el 0.8351
5 T2 D2 0.8976 T2+U700 D2 el 0.8337
6 T2+rel_H700 D2 0.8949 T2+U850 D2 el 0.8313
7 T2+sp_H200 D2 el 0.8926 T2+sp_H850 D2 0.8207
8 T2+U700 D2 el 0.8899 T850+U10 D2 el 0.8167
9 T2+T850 D2 el 0.8887 T2+T200 D2 0.8116

10 T850+U10 D2 el 0.8847 T2+T850 D2 el 0.8060 
Table 4.13: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of temperature time series at Kals according to the correlation coefficient 
(rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 whereas el 
abbreviates the classification of the local stations according to their elevation.  
 
At this transition-observational-station between the ‘valleys’ and the summits in the 
study region, the temperature fields exert the most influence, also in higher pressure 
levels matching with the elevation of Kals. The presence of the single T2 field in Tab. 
4.13 punctuates this importance. Therefore, the contributing atmospheric fields that 
consist of humidity-parameters as well as wind-parameters only account for little 
additive information. In other words these parameters improve the obtained correlations 
for 3% at most. Even more impressive this phenomenon is shown for the one year 
forecast, where the single T2 field ranks at the second position of the listening in Tab. 
4.13 (compare the respective right side). There an improvement of maximum 1% can be 
attributed to these contributing parameters  
Comparable to all the findings disused so far at Kals, the u-component of the horizontal 
wind indicating weather systems from the West emerges to be the essential wind 
direction. Focusing on the attained correlations for the reconstruction as well as for the 
forecast in Tab. 4.13 indicates a different situation compared to the former discussed 
results at Lienz. While the reconstruction values (rrec) are comparable to those obtained 
for the idealized period in Tab. 4.4, the forecasted ones indicate a decay of ~ 8% 
although the listed top ten predictors are similar to the best for the reconstruction.  
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Stations Mooserboden / Sonnblick 

Equal to the discussion in Section 4.2.1, the remarks for Mooserboden and Sonnblick 
will be given in a combined form due to there already mentioned reasons.  
 

Reconstruction Forecast
Mooserboden Predictor Run r rec Predictor Run r for

1 T2+rel_H850 D2 el 0.9557 T850+H500 D2 el 0.9381
2 T2+T700 D2 el 0.9529 T2+T700 D2 0.9257
3 T2+T850 D2 el 0.9524 T2+rel_H850 D2 el 0.9232
4 V850+T850 D2 el 0.9524 T850+U10 D2 el 0.9211
5 T850+U10 D2 0.9506 V850+T850 D2 0.9207
6 Sp500+T850 D2 el 0.9495 T700+Vort700 D2 0.9197
7 T850+Vort700 D2 0.9493 T850+Vort700 D2 el 0.9196
8 T2+sp_H850 D2 0.9489 T2+sp_H850 D2 0.9191
9 T2+U10 D2 0.9453 Sp500+T850 D2 0.9160

10 T2+rel_H200 D2 el 0.9420 U10+T700 D2 0.9155 
Table 4.14: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of temperature time series at Mooserboden and Sonnblick according to the 
correlation coefficient (rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model 
Domain2 whereas el abbreviates the classification of the local stations according to their elevation. 

 
Reconstruction Forecast

Sonnblick Predictor Run r rec Predictor Run r for

1 T2+rel_H200 D2 el 0.9472 T700+Windd850 D2 el 0.8770
2 T2+rel_H850 D2 el 0.9453 T2+U10 D2 0.8598
3 T2+T700 D2 el 0.9447 T2+rel_H850 D2 el 0.8572
4 T2+Vort700 D2 el 0.9446 T700+Vort700 D2 el 0.8563
5 Windd700+T700 D2 el 0.9441 T2 D2 el 0.8468
6 T700+rel_H850 D2 0.9413 Windd200+T700 D2 el 0.8436
7 U10+T700 D2 0.9374 T2+sp_H850 D2 0.8390
8 T700+Vort500 D2 el 0.9371 T700+Windd500 D2 el 0.8349
9 T700+Vort200 D2 0.9350 T700+Vort500 D2 el 0.8341

10 T850+H500 D2 0.9347 T700+Vort200 D2 0.8324 
Table 4.15: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of temperature time series at Mooserboden and Sonnblick according to the 
correlation coefficient (rrec.) for the reconstruction and (rfor) for the forecast. D2 indicates the model 
Domain2 whereas el abbreviates the classification of the local stations according to their elevation. 
 
In contrast to the findings so far, the results for these two stations in Tab. 4.14 and Tab. 
4.15 do not fit perfectly with those obtained with the idealized period shown in Tab. 4.5 
and Tab. 4.6. The most striking difference is the strong occurrence of humidity-related 
parameters in these heights. However, these results are affirmed by the Sonnblick 
Verein with its paper from 1992, where a significant connection between the variability 
of the temperature at the Sonnblick station and the variability of the atmospheric 
humidity in the last century was pointed out (ZAMG, 1992).  
Beside this change in Tab. 4.14 and Tab. 4.15, the same atmospheric fields - wind-
parameters or the geopotential height - as discussed in Section 4.2.1 for Mooserboden 
and Sonnblick, influence the temperature situation at the considered stations. Thus, also 
the top predictor-combinations according to the forecast do not change. Similarly to 
Tab. 4.13, the correlations in Tab. 4.14 and Tab. 4.15 (right side) diminish at 
Mooserboden and Sonnblick if the forecasted season is regarded compared to the 
respective reconstructed period, whereas the reconstructed correlation values are 
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comparable to those calculated in Tab. 4.5 and Tab. 4.6. This decay in the correlations 
(r for) is more significant for the station Sonnblick. 
 

    
Figure 4.12: Illustration of the first three U10+T700 CCPs calculated for Sonnblick between 1981 - 
1989as homogenous correlation maps plus their joint canonical variates. The first row shows the first 
CCP for the considered predictor-combination with the respective spatial distribution for each of the 
contributing parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel 
of each row represents the corresponding time evolving canonical variate for the respective spatial mode 
in normalized units. The correlations are indexed by the colorbar. 
 
Continuing the scheme for comparing chosen predictors and their associated patterns 
between the idealized setup and the setup working with the 1981-1990 period, the 
U10+T700 predictor for the temperature situation at the Sonnblick has to be analyzed. 
Regarding Fig. 4.12 with the according illustrated CCPs no doubt about the recovery of 
those spatial structures in the idealized CCPs in Fig. 4.4 can arise. The only difference 
is the more regular situation in CCP3 for U10. Therefore, the given arguments in 
Section 4.2.1 for Sonnblick also apply to these structures in Fig. 4.12, with T700 

U10 T700 
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dominating CCP1 and U10 dominating CCP2. CCP1 accounts for 40.8% of the total 
variance, followed by 29.6% for CCP2 and 10.6% for CCP3. 
Accessorily, the canonical variates in the third row of Fig. 4.12 show similar features as 
those for U10+T700 in Fig. 4.4 by varying between about -3 and +3 with the 
characteristic that the second and third canonical variates fluctuate stronger in shorter 
time spans maybe indicating finer resolved processes. Due to the correlations of these 
time-coefficients with their corresponding local ones, CCP1 indicates a 95% correlation 
followed by 45% between the second pair of canonical variates that are associates with 
CCP2. 
 

 
Figure 4.13: Estimated time series for winter temperature at Sonnblick: U10 combined with temperature 
at 700 hPa as predictors for reconstructing the fitting period (top panel) and for a one year forecast (lower 
panel). In the lower panel the solid line represents the observed time series, where as the dashed line 
shows the models estimation. In the upper panel the comparison between the estimation and the 
observation is shown by a temperature differences. GebDom8257+gt2000 indicates that the results were 
obtained by using the atmospheric parameters from the Domain2 and by a separation of the local stations 
according to their elevation level as described in Section 3.2.1. The numbers within the parentheses 
advise the number of eigenvalues retained for the CCA calculated via the PCA with a fixed threshold. 
The values for correlation (r), root mean difference (RMS) and square correlation coefficient (r²) between 
the simulations and the observations assess the quality of the model results. 
 
The statistical regression model for the fitting-period-reconstruction in Fig. 4.13 (upper 
panel) accomplishes a RMS value of 1.8°C, which is much better that the one obtained 
at Lienz in Fig. 4.11. Consequently these values could be increased if such peaks around 
day 200 in the positive direction and around day 500 in the negative one could be 
avoided. Considering the forecasted period in Fig. 4.13 (lower panel) the statistical 
indices become slightly worse, which can be related to the deviations around day 17 and 
day 40. However, the model is capable of estimating the overall behaviour of the 
temperature situation at the considered station in either case. 
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4.3.2 Precipitation 

The precipitation results that are presented in the following sections should be regarded 
carefully as serious sampling difficulties occurred due to identified technical errors in 
the MM5 simulation. The 6 hour time slices for the accumulated advective rain 
parameter partly showed striking discontinuities at isolated grid points as well as at 
whole cut-outs in the considered domain so that former to the calculation of the daily 
sums, a linear interpolation ate the damaged grid points had to be performed. 

Station Lienz  

Focusing on the local precipitation, Tab. 4.16 presents the top ten predictors for local 
precipitation anomaly estimation at Lienz. Equal to the former illustration of the top ten 
temperature predictors, analyses on the one hand of the fitting period reconstruction and 
on the other hand on a one winter-season outlook will be discussed.  
 

Reconstruction Forecast
Lienz Predictor Run r rec Predictor Run r for

1 Rain_adv D2 0.7300 Rain_adv+Vort850 D2 0.6021
2 Rain_adv+H500 D2 el 0.7117 Rain_adv+Windd850 D2 0.6015
3 Rain_adv+Svp500 D2 el 0.7068 Rain_adv+H500 D2 0.5934
4 Rain_adv+Windd700 D2 0.7003 Rain_adv+Svp500 D2 el 0.5923
5 Rain_adv+Windd850 D2 el 0.6977 Rain_adv+T200 D2 el 0.5698
6 Rain_adv+H700 D2 0.6943 Rain_adv D2 el 0.5654
7 Rain_adv+T200 D2 0.6891 Rain_adv+Windd700 D2 el 0.5653
8 Rain_adv+V700 D2 el 0.6760 Rain_adv+H700 D2 el 0.5548
9 Rain_adv+Svp850 D2 el 0.6735 Rain_adv+Svp850 D2 el 0.5537

10 Rain_adv+Vort850 D2 el 0.6502 Rain_adv+sp_H850 D2 0.5364 
Table 4.16: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of precipitation time series at Lienz according to the correlation 
coefficient (rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 
whereas el abbreviates the classification of the local stations according to their elevation. 
 
First of all, Tab. 4.16 shows dramatic lower correlations for the reconstruction (rrec) as 
compared to the idealized results in Tab.4.7 which seem to give a more realistic 
impression on the possibilities estimating precipitation as a usually not normally 
distributed parameter. Another reason for the correlation decay could be the earlier 
mentioned MM5 simulation bias. Similar to the findings for the temperature 
estimations, the forecast correlation values (r for) in Tab. 4.16 are significantly lower 
than the respective indices for the reconstruction (rrec). According to the predictor-
configuration for the reconstruction, Tab. 4.16 offers the single advective rain parameter 
as the outstanding best predictor for precipitation in Lienz. This fits to the already cited 
theoretical considerations that advective conditions from the Atlantic, plus, especially 
for Lienz, situations from the Adriatic Sea dominate the winter-precipitation. The 
contributing parameters can be classified equally to the findings for the idealized time 
span in temperature-related (a), pressure-related (e) and wind-related (b) atmospheric 
fields at which the wind-parameters have the most impact of these contributors on the 
precipitation situation at Lienz. Reasons for all these factors were already been listed in 
the former Sections. Focusing on the forecast in Tab. 4.16, the overall predictor-
situation compared to the reconstruction does not change with the difference that the 
single Rain_adv is displaced from the top ranking. 
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Figure 4.14: Illustration of the first three Rain_adv+H500 CCPs calculated for Lienz between 1981 - 1989  
as homogenous correlation maps plus their joint canonical variate. The first row shows the first CCP for 
the considered predictor-combination with the respective spatial distribution for each of the contributing 
parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel of each row 
represents the corresponding time evolving canonical variate of the respective spatial mode in 
normalized. The correlations are indexed by the colorbar. 
 
Analyzing the important canonical modes for Rain_adv+H500 for Lienz, Fig. 4.14 
presents the first three respective structures of 20 modes considered for the CCA. The 
first three CCPs represent 46.9%, 7.8% and 6.9% respectively of the total variance, 
which already displays the importance of the first structure. This finding is equal to the 
conditions received with the idealized setup in Fig. 4.6. The outstanding influence of 
Rain_adv can be observed by the strong positive structure over the Alps in CCP1 in Fig. 
4.14. Similar to CCP1 for Rain_adv, all the in Fig. 4.14 given canonical patterns except 
CCP2 for H500 resemble those in Fig. 4.6 with the consequent effects that H500 
contributes little information to the explained variance. Considering CCP2 for H500 in 
Fig. 4.14, most of the entire model domain shows neutral areas, whereas the respective 

Rain_adv H500 
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pattern in Fig. 4.6 indicated an overall slightly anti-correlated spatial mode. Another 
remarkable difference is a negative situation in the Po-plane in CCP3 for Rain_adv as 
this structure can not be found in the respective CCP in Fig. 4.6. 
 

 
Figure 4.15: Estimated time series for winter precipitation at Lienz: advective Rain combined (Rain_non 
in panel titles) with geopotential height at 500 hPa as predictors for reconstructing the fitting period (top 
panel) and for a one year forecast (lower panel). In the lower panel the solid line represents the observed 
time series, whereas the dashed line shows the models estimation. In the upper panel the comparison 
between the estimation and the observation is shown by precipitation differences. GebDom8257+lt1100 
indicates that the results were obtained by using the atmospheric parameters from the Domain2 and by a 
separation of the local stations according to their elevation level as described in Section 3.2.1. The 
numbers within the parentheses advise the number of eigenvalues retained for the CCA calculated via the 
PCA with a fixed threshold. The values for correlation (r), root mean difference (RMS) and square 
correlation coefficient (r²) between the simulations and the observations assess the quality of the model 
results. 
 
The statistical model in Fig. 4.15 does not come up with the correlation results attained 
in Fig. 4.7. Nevertheless focusing on the RMS value of 0.35 mm/d of the reconstructed 
time series in Fig. 4.15 (upper panel), the model does a significant good job. There, very 
few single events in this considered 900 day period can not be reconstructed with an 
outstanding event around day 350. Also the results for the predicted winter season as 
shown with the dashes line in Fig. 4.15 (lower panel) can be regarded as qualitatively 
high as nearly all precipitation events are covered. Neglecting the one striking 
difference to the observed event between day 15 and 20, the given indices would be 
even more remarkable. 
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Station Kals 

Contrary to the findings in Tab. 4.8, the advective precipitation emerges to be the most 
essential predictor for local precipitation at Kals considering the reconstructed fitting 
period as well as the one season forecast for 1981-1990 in Tab. 4.17.  
 

Reconstruction Forecast
Kals Predictor Run r rec Predictor Run r for

1 Rain_adv D2 0.6425 Rain_adv D2 0.8275
2 Rain_adv+Svp500 D2 el 0.6421 Rain_adv+T200 D2 0.8230
3 Rain_adv+T200 D2 0.6274 Rain_adv+Svp500 D2 0.8167
4 Rain_adv+Windd700 D2 0.6248 Rain_adv+V700 D2 0.8082
5 Rain_adv+Svp850 D2 el 0.5935 Rain_adv+sp_H850 D2 0.8006
6 Rain_adv+H700 D2 el 0.5868 Rain_adv+Svp850 D2 0.8006
7 Rain_adv+V700 D2 0.5654 Rain_adv+H700 D2 0.7878
8 Rain_adv+sp_H850 D2 0.5281 Rain_adv+Windd700 D2 0.7758
9 Rain_adv+H500 D2 el 0.4994 Windd500+H700 D2 0.7042

10 Rain_adv+Windd850 D2 el 0.4566 Rain_adv+H500 D2 el 0.6061 
Table 4.17: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of precipitation time series at Kals according to the correlation coefficient 
(rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 whereas el 
abbreviates the classification of the local stations according to their elevation. 
 
Therefore, the contributing fields in the predictor-combinations, which are similar to 
those found in Tab. 4.16 do not account for a significant improvement in the obtained 
correlation coefficients. One difference in the predictor-combination worth mentioning 
is the fact that the dominance of wind-related parameters in Tab. 4.17 diminishes at 
which the influence on the local precipitation situation caused by temperature-related 
(a) parameters seem to advance.  
Focusing on the obtained correlation levels for the nine seasons reconstruction, the first 
four predictors in Tab. 4.17 (left side) yield comparable indices to the respective 
idealized ones shown in Tab. 4.8. From the 5th predictor on, a significant gap up to 15% 
between those considered correlations can be observed. Even more drastic is the 
difference between the correlations for the reconstruction and the forecast in Tab. 4.17. 
With values up to 80% the quality of the predicted time span is assessed by 20% higher 
than the respective reconstruction of the fitting period. What is also remarkable with the 
findings for the forecast is the fact that the top predictors all were calculated with all the 
locally available stations. So far a mixture of the model setup in the top ten could be 
observed.  
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Stations Mooserboden / Sonnblick 

Differing to the separate discussions of the results for the idealized model run in Section 
4.2.2, the analyses for Mooserboden and Sonnblick will be handled in a combined way 
for already given arguments.  
 

Reconstruction Forecast
Moooserboden Predictor Run r rec Predictor Run r for

1 Rain_adv+H500 D2 el 0.6264 Rain_adv+Svp850 D2 el 0.7823
2 Rain_adv+Svp500 D2 el 0.6211 Rain_adv+Windd850 D2 el 0.7803
3 Rain_adv D2 el 0.6207 Rain_adv+sp_H850 D2 el 0.7745
4 Rain_adv+T200 D2 el 0.6067 Rain_adv D2 0.7723
5 Rain_adv+Svp850 D2 el 0.6020 Rain_adv+H500 D2 el 0.7705
6 Rain_adv+H700 D2 el 0.5918 Rain_adv+T200 D2 0.7675
7 Rain_adv+Windd850 D2 el 0.5769 Rain_adv+Vort700 D2 el 0.7641
8 Rain_adv+Vort850 D2 el 0.5502 Rain_adv+Svp500 D2 el 0.7567
9 Rain_adv+Windd700 D2 el 0.5472 Rain_adv+V700 D2 0.7539

10 V10+U10 D2 el 0.5402 Rain_adv+Windd700 D2 el 0.7481 
Table 4.18: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of precipitation time series at Mooserboden according to the correlation 
coefficient (rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 
whereas el abbreviates the classification of the local stations according to their elevation. 
 

Reconstruction Forecast
Sonnblick Predictor Run r rec Predictor Run r for

1 Rain_adv+Windd850 D2 el 0.7027 V10+U10 D2 el 0.8359
2 Rain_adv+H700 D2 el 0.7006 U10+V850 D2 el 0.8151
3 Rain_adv+Windd700 D2 el 0.7003 V10+Windd500 D2 el 0.7957
4 Rain_adv+H500 D2 el 0.6869 H850+Windd700 D2 el 0.7682
5 Rain_adv D2 el 0.6858 Pwat+V10 D2 el 0.7646
6 Rain_adv+Svp850 D2 el 0.6856 rel_H700+V10 D2 el 0.7520
7 Rain_adv+Vort850 D2 el 0.6746 V850+T2 D2 el 0.7473
8 Rain_adv+T200 D2 el 0.6729 V850 D2 el 0.7441
9 V10+U10 D2 el 0.6703 Rain_adv+Vort850 D2 el 0.7390

10 Rain_adv+Svp500 D2 el 0.6663 Rain_adv+Windd850 D2 el 0.7367 
Table 4.19: Top ten predictors (symbols explanation Table 3.1 / Section 3.2.1) from the 10 year run for 
the reconstruction and forecast of precipitation time series at Sonnblick according to the correlation 
coefficient (rrec) for the reconstruction and (rfor) for the forecast. D2 indicates the model Domain2 
whereas el abbreviates the classification of the local stations according to their elevation. 
 
Comparable to all regarded representative stations the winter precipitation-situation at 
Sonnblick and Mooserboden is mainly influenced by the advective precipitation 
(compare Tab. 4.19 and Tab. 4.20). This makes up a notable difference to the top ten 
predictors for Mooserboden shown in Tab. 4.9, where the Rain_adv parameter only 
occurred in one predictor combination. A little difference to the former discussed results 
dealing with local precipitation estimations is the fact that at these two stations the 
single advective rain parameter does not dominate the top listening that significantly. 
Therefore, the additional information through the attributing atmospheric variables is 
needed by the Rain_adv parameter, in improve the results. Due to the higher altitude 
mainly large scale parameters as wind (geostrophic wind), temperature or the 
geopotential height gain more importance.  
Focusing on the performance of the statistical model, the estimations for the 
reconstruction and for the outlook at Mooserboden and Sonnblick in Tab. 4.18 and Tab. 
4.19 are comparable to the extend that the values for rrec are remarkably lower than 
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those for r for. On the other side these rrec indices in Tab. 4.18 affirm the findings for 
Mooserboden in the idealized period given in Tab. 4.9 contrary to Sonnblick, where the 
obtained idealized results in Tab. 4.10 yielded far better indices. As the predictor 
combinations for the one season forecast remain quasi the same at Mooserboden, this 
constellation changes for Sonnblick. There, the parameters in the predictors are 
assembled from the similar categories as for the reconstruction period, but the advective 
precipitation is replaced by wind-related fields.  
 

    
Figure 4.16: Illustration of the first three Rain_adv+Svp850 CCPs calculated for Sonnblick between 1981 
- 1989 as homogenous correlation maps plus their joint canonical variates. The first row shows the first 
CCP for the considered predictor-combination with the respective spatial distribution for each of the 
contributing parameters separately. The same scheme is applied to CCP2 and CCP3. The leftmost panel 
of each row represents the corresponding time evolving canonical variate for the respective spatial mode 
in normalized units. The correlations are indexed by the colorbar. 
Finally, Rain_adv+Svp850 as one characterizing regional scale predictor for the high 
elevated station Sonnblick will be analyzed and compared to its modes for the 
respective idealized combination. Similar to all the compared modes so far, this focused 

Rain_adv Svp850 
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predictor-combinations in Fig. 4.16 accords with its spatial modes due to the idealized 
period in Fig. 4.8 with the exception for CCP2 for Rain_adv. This pattern differs from 
the respective idealized pattern the way that the maximum is shifted to the Southern 
Alps reaching into Italy. Additionally this pattern is more developed accompanied by a 
larger expansion in the model domain. Nevertheless, the mentioned arguments of a 
dominating Rain_adv field in Fig. 4.8 can be assigned to Fig. 4.16. Concerning the 
explained variances for each pattern, the first CCP explains 34.6%, the second CCP 
11.9% and the third CCP 6.7% of the total variance. These values are slightly lower 
than the respective indices for the idealized modes, where additionally the first 18 EOFs 
were taken into account for the CCA compares to 11 for the ten years setup. This 
finding shows the stronger influence of CCP2 for Rain_adv. 
The joint canonical variates in Fig. 4.16 yield a correlation of 74% for the first pair of 
time coefficients and 41% for the respective second pair. 
 

 
Figure 4.17: Estimated time series for winter precipitation at Sonnblick: advective Rain (Rain_non in 
panel titles) combined with saturation vapor pressure at 850 hPa as predictors for reconstructing the 
fitting period (top panel) and for a one year forecast (lower panel). In the lower panel the solid line 
represents the observed time series, whereas the dashed line shows the models estimation. In the upper 
panel the comparison between the estimation and the observation is shown by precipitation differences. 
GebDom8257+gt2000 indicates that the results were obtained by using the atmospheric parameters from 
the Domain2 and by a separation of the local stations according to their elevation level as described in 
Section 3.2.1. The numbers within the parentheses advise the number of eigenvalues retained for the CCA 
calculated via the PCA with a fixed threshold. The values for correlation (r), root mean difference (RMS) 
and square correlation coefficient (r²) between the simulations and the observations assess the quality of 
the model results. 
 
The statistical model unfortunately cannot achieve a quality comparable to the results at 
Lienz in Fig. 4.15 but with a mean difference of 0.48 mm/d and a correlation of 68% the 
reconstruction of the fitting period in Fig. 4.17 seems to work adequately with some 
exceptions which can be regarded in the top panel. 
Accounting the forecasted period in Fig. 4.17 (lower panel) these values stay constantly. 
Nevertheless, the estimated precipitation variability is over- as well as underestimated 
by the model. Compared to the idealized season in Fig. 4.9, the achieved quality 
measurements in Fig. 4.17 could also be related to the input data’s systematic bias  
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4.3.3 Rotating split sample tests 

Temperature
Lienz r rec r for Kals r rec r for

T2+U700 0.7833 0.7589 T2+rel_H850 0.8599 0.8305
Mooserboden r rec r for Sonnblick r rec r for

T2+rel_H850 0.9491 0.9415 T2+rel_H850 0.9179 0.9021

Precipitation
Lienz r rec r for Kals r rec r for

Rain_adv+H500 0.6110 0.6608 Rain_adv+H500 0.6056 0.5827
Mooserboden r rec r for Sonnblick r rec r for

Rain_adv+Windd850 0.6142 0.6065 Rain_adv+Windd850 0.6640 0.6978 
Table 4.20: The best predictor-combinations for each representative station obtained by split sampling 
tests. The correlations for the reconstruction are indicated by rrec , and rfor, for the forecast. 
 
As indicated, the best three predictors for each representative station were analyzed in 
additional split sample tests to increase the statistical significance. The chosen 
predictors focused on predictor-combinations although especially for the local 
precipitation the single Rain_adv field showed remarkable results in estimating the 
focused local anomalies. For the split sample tests each winter-season of the 1981-1990 
period was predicted with respectively changing nine seasons fitting periods. The mean 
correlation coefficient for the finally best evolving predictor at each station is presented 
in Tab. 4.20 for the fitting period reconstruction as well as for the forecast.  
Considering the correlations in Tab. 4.20, the focused predictors describing the local 
temperature variability affirm their importance as similar indices compared to Section 
4.3 are obtained at each station. Additionally, contributing atmospheric parameters for 
the predictor combination for the higher elevated stations go along with the already 
cited paper of the Sonnblick Verein, which demonstrated a significant correlation 
between the variability of the temperature and the humidity for the last century at the 
Sonnblick. 
On the other hand the findings for the local precipitation estimation in Tab. 4.20 
indicate that the predicted winter-period 1990 at Kals, Mooserboden and Sonnblick 
(compare Section 4.3.2) can be characterized as outlier. The given indices here show 
that the ability of estimating a single winter-season precipitation is comparable to the 
one of reconstructing the fitting period. These results seem to give a more adequate 
impression of the difficulties in estimation of daily precipitation. 
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4.3.4 Comparison of MM5 to statistical downscaling 

Temperature Precipitation
Lienz r RMS Lienz r RMS
T2 0.4920 4.563 Rain_adv 0.6843 0.6154

Sonnblick r RMS Sonnblick r RMS
T2 0.8899 2.376 Rain_adv 0.4847 0.6935 

Table 4.21: Comparison of MM5 model results with the statistical downscaling results by focusing on the 
correlation r, and the root mean square error (RMS).  
 
Finally, the downscaling results were compared to the respective ones for the near 
surface temperature and the advective precipitation from the dynamically based MM5 
model. Therefore, the geographic location of Lienz and Sonnblick was located in the 
MM5 grid in order to obtain the representative model value for the respective station by 
a bi-linear interpolation. After calculating the daily means according to equation (3.1), 
and filtering out the winter seasons for the period 1981-1990, the daily variabilities 
were correlated with the respective locally observed winter variabilities at Lienz and 
Sonnblick. Concluding, it can be said that Tab. 4.21 confirms what already has been 
mentioned. According to the temperature results, the MM5 model obtains nearly similar 
correlations for Sonnblick as the statistical model in Tab. 4.20 (rrec), whereas the 
statistical model for Lienz does a significantly better job in estimating the local 
variability. This finding can be related to the decreasing influence of the local forcings 
with an increase in the height. 
On the precipitation side, the situation changes regarding Tab.4.21 showing higher 
correlations for Lienz than for Sonnblick. The correlations for Lienz in Tab. 4.21 also 
exceed those obtained by the statistical model, whereas those for Sonnblick are 
significantly lower than the respective statistical ones in Tab. 4.20. In general, these 
results for precipitation in Tab. 4.21 and their comparison to the respective statistical 
results have to be taken with care due to the already mentioned technical problems with 
the Rain_adv parameter in the MM5. Additionally, a linear statistical approach can have 
problems by estimation non-normally distributed daily precipitation events and 
therefore the MM5 model, as physically based simulation, should have advantages in 
simulating site specific local precipitation. 
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Conclusions and outlook 
In this study, a predictor-optimized statistical downscaling was performed for a study 
region in the Hohe Tauern. The applied Barnett-Preisendorfer (BP) CCA related 
regional scale atmospheric fields of a mesoscale model (MM5) to local temperature and 
precipitation observational records focusing on the daily time scale in different testing 
periods. Referring to the complex terrain there, the best regional scale predictors were 
calculated for four representative observational sites classifying into the valleys, the 
middle-elevated areas as well as the high-elevated areas. The 1999 idealized winter-
period functioned as a pre-filter for obtaining the dominant regional scale predictors, 
which then were tested in the 1981-1990 period.  
In general, it was notable that the classification scheme for the local observational 
stations improved in most of the cases the correlation indices by ~2-5%.  
Considering the local temperature variability, it is obvious that the regional scale near 
surface temperature field is of utmost importance for all representative stations although 
often additional information, incorporated via other atmospheric fields, seems to 
‘improve the correlation’. These contributors mainly consist of humidity parameters and 
wind parameters. These constitutions of the predictors are comparable to Matulla et al. 
(2003), Matulla (2004), and ZAMG (1992). Focusing on the quality of the estimations, 
the correlations with the daily observations increase with increasing height above sea 
level from 77% to 94%, probably due to the decrease of the influence of local scale 
forcings and the consequent dominant exposure to the free troposphere, which is well 
represented in the regional model, there.  
Similar to the local temperature description, the local precipitation variability is mainly 
correlated to the advective rain field of MM5, associated with wind parameters, 
humidity or the geopotential height due to their general climatic correlation with 
precipitation. Thus, this work agrees with Widmann and Bretherton (2003), who 
suggested estimating local precipitation due to the respective large scale field, and 
additionally with Matulla et al. (2003), considering the associated atmospheric fields. 
Since the simulation of precipitation is far more difficult than the one of temperature 
due to the phenomenon’s chaotic behaviour, the correlations obtained between the 
estimations and the observations do not exceed 70%. Overall, these results indicate the 
usability of statistical downscaling, as this approach improves the dynamical MM5 
results significantly in most cases. 
For further studies it would be first of all important to focus more on the validation of 
the incorporated regional scale MM5 data as well as on the local scale records as both 
data sets were associated with partly considerable shortcomings. Additional studies with 
even longer simulated time periods could consequently re-affirm the results. 
Considering the quality of the results, especially for the temperature, it would be 
interesting to account more for the local scale forcings as the lower elevated stations 
differed remarkably from more exposed higher elevated stations. Similarly, concerning 
the local precipitation variability, the incorporation of the convective precipitation could 
add important information. Studies on the correlation between advective conditions in 
winter and local precipitation behaviour could evaluate the overall influence of the 
North Atlantic on the alpine weather. 
Furthermore, these daily temperature and precipitation time series could be used to 
calculate snow related parameters as proposed by Scheppler (2000). Another possibility 
could be their usage in climate impact models, in order to assess the climatic impacts of 
a possibly changed climate system in the already more affected mountainous regions. 
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These impact studies could in a next step serve economical models as important 
environmental and climate background information. 
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Abstract: 
This report deals with the methodology and the application of statistical downscaling. For this 
purpose, the relationships between various meteorological parameters from a regional-scale 
model (MM5 model) and the local temperature- and precipitation-situation in a study region in 
the Hohe Tauern, Austria, were analyzed using the mathematical method of the Barnett-
Preisendorfer Canonical Correlation Analysis. In this way, the regional-scale predictors that 
determined most of the local-scale climate in the study region between 1981 and 1990 could 
be filtered out. 
Concerning the results of the estimated local temperature situation, the near surface 
temperature turned out to be the dominant regional-scale influence. Additional information 
was brought in by wind- and humidity-related parameters. Similarly, the local precipitation 
between 1981 and 1990 was dominantly influenced by the advective rain parameter. Also for 
precipitation combination with further meteorological parameters could improve the results in 
many cases. 
The work furthermore demonstrated the utility of statistical downscaling for the refinement of 
dynamical regional-scale climate information, by comparing the statistically obtained results 
with the original dynamical MM5 model outcomes. 
 
Zum Inhalt: 
Diese Arbeit beschäftigt sich sowohl mit der Methodik als auch mit der Anwendung von 
statistischem Downscaling. Dafür wurden die Zusammenhänge zwischen verschiedenen 
meteorologischen Parametern aus einem regionalskaligen Modell (MM5 Modell) und der 
lokalen Temperatur- und Niederschlagssituation in einem Testgebiet in den Hohen Tauern 
(Österreich) mittels einer mathematischen Methode (Barnett-Preisendorfer Kanonischen 
Korrelationsanalyse) analysiert. Dadurch konnten jene regionalskaligen Prädiktorenfelder 
herausgefiltert werden, die die lokalklimatische Situation des Testgebietes zwischen 1981 
und 1990 am stärksten beeinflussten. 
Bezogen auf die Modellierung der lokalen Temperatursituation in der Testregion stellte sich 
das bodennahe regionalskalige Temperaturfeld als die dominante Größe heraus, wobei 
zusätzlich Informationen vor allem durch Wind- und Feuchtigkeitsparameter eingebracht 
wurden. Eine ähnliche Situation ergab sich bei der Schätzung des lokalen Niederschlags, 
wobei hier ein dominanter Einfluss des advektiven Niederschlags auf die lokale 
Niederschlagssituation im analysierten Zeitraum zu erkennen war. Auch bei diesem 
Prädiktanden konnten zusätzliche regionalskalige Informationen zu einer Verbesserung der 
Korrelation führen. 
Durch den direkten Vergleich des statistischen Downscalings mit den dynamisch erzielten 
Resultaten (aus dem MM5 Modell) konnte weiters der Nutzen von statistischen Regionali-
sierungsverfahren zur Verfeinerung von regionalen Informationen gezeigt werden. 
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