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Abstract

The European Alps are particularly vulnerable to the effects of climate change, as
evidenced by an above-average increase in surface air temperature in recent decades.
Besides the thermal changes impacts on the hydrological cycle can also be expected.
Alpine water resources act as an important factor not only for the ecosystem but
also for humanity, in the form of water security considering irrigation, hydrological
energy production or winter tourism. Consequences are manifold but yet often not
sufficiently investigated. This study is intended to give insight on modifications
in the locally available water resources at the Zugspitze and Hoher Sonnblick area
deducted from observed and simulated meteorological time series. Target variables
include temperature and precipitation at both stations as well as relative humidity
and wind speed at Zugspitze.

Future scenarios are provided by Earth System Model projections. To bridge the
gap between the coarse spacial resolution of climate models, a statistical downscal-
ing framework is developed to derive the corresponding local impact. The statistical
transfer function between the large and local-scale is gained from non-linear meth-
ods, namely Artificial Neural Networks, Cluster Analysis and a novel approach com-
bining both methods. Statistical downscaling models are calibrated and evaluated
on a daily basis considering large-scale reanalysis datasets and local-scale observa-
tions. A main goal of this study is to find the best predictor setup with Artificial
Neural Networks, whereby in climate studies rarely used sensitivity studies, in par-
ticular the Partial Derivative method, produced the most reliable results. Usually
best modelling performance in validation is obtained by Artificial Neural Networks.

Future changes are investigated by transferring the statistical downscaling models
on Earth System Model datasets. Hereby, the historical period is compared to time
periods within future scenarios RCP 4.5 and RCP 8.5 and analysed for differences.
Considering precipitation, high increases are found at both stations in winter, sug-
gesting a future shift in the annual precipitation distribution. With low uncertainties,
temperature is simulated to increase successively, with most intense warming taking
place in summer and winter. Simultaneously, relative humidity at Zugspitze is found
to continuously decrease. A weak trend in wind speed at Zugspitze is projected by
the statistical downscaling models, showing a significant increase not before the end
of the 21st century.

The resulting time series of the downscaling framework are applied in a statistical
modelling application based on Artificial Neural Networks targeting monthly mea-
surements of snow depths at both stations. In the annual average especially the RCP
8.5 based simulations expect partly drastically reduced snow depths of up to 50 %.
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Introduction

Preface

The Alpine region is considered to be highly vulnerable to climate change. Between
the late 19th and early 21st century an overall temperature increase of 2 °C is ob-
served, which is more than twice the rate of the average warming of the northern
hemisphere (Auer et al. 2007). Consequences are manifold but yet often not suffi-
ciently investigated. Observed climate change impacts are, for example, the Alpine
area wide melting of glaciers, changes in river runoffs or a shift in snow lines. The
Alps contribute a large proportion of runoff to some of the main European river
systems like the Danube, Rhine, Po and Rhone (Weingartner et al. 2007). Changes
in water resources therefore affect not only agriculture, industry, hydro power pro-
duction or winter tourism in the Alpine region but have a widespread influence on
nature as well as water related management throughout Europe.

This thesis aims to contribute to the understanding of the Alpine water cycle, in
particular, by analysing important influential meteorological variables at two high
mountain stations, the Zugspitze located at the northern edge of the Alps in South-
ern Germany and the Hoher Sonnblick near the meridional centre of mountain range
in Austria in a changing climate. Parts of this study result from investigations dur-
ing the project Virtual Alpine Observatory (VAO II) founded by the Bavarian State
Ministry of the Environment and Consumer Protection. Focus lies on the future de-
velopment and characteristics of local temperature, precipitation, relative humidity
and wind speed derived from Earth System Model (ESM) projections by non-linear
statistical downscaling techniques. Statistical downscaling is a necessity to bridge
the gap between the coarse resolution of Earth System Models, which make small
scale impact analysis in complex terrain impossible, and the local climate. Statistical
downscaling models are initially calibrated and evaluated on observed and reanaly-
sis datasets and are, in a second step, transferred onto Earth System Model scenarios.
In this thesis the focus on building transfer functions between the large and local-
scale lies on non-linear techniques. In particular Artificial Neural Networks, Cluster
Analysis and a novel approach of a combined application of both methodologies.
The resulting time series of the statistical downscaling framework are then applied
in an impact study on snow depths at Zugspitze and Hoher Sonnblick.



The highly elevated locations of Zugpitze and Hoher Sonnblick bear potential ad-
vantages and disadvantages. On the one hand, their summits are exposed to the
free atmosphere resulting in a more direct impact of the above boundary layer cir-
culation, which is usually better represented in Earth System Models. On the other
hand, the complex terrain surrounding the summits can lead to the development of
micro and meso climatic processes blurring the large-scale influence, e.g. turbulence

or meso scale wind systems.

Motivation and Primary Aims of the Study
The major goals of this study can be summarised as follows:

e Future climatic conditions in the Alpine study areas Zugspitze and Hoher Sonn-
blick shall be derived from climate model scenarios in a statistical downscaling
approach and the resulting local time series shall be analysed in their charac-
teristics.

e In statistical downscaling so far underrepresented non-linear modelling tech-
niques shall be evaluated in the scope of their applicability in a statistical down-
scaling framework.

e A major issue in the application of Artificial Neural Networks in climate stud-
ies is the identification of important input variables and their respective do-
main. A suitable approach needs to be identified.

e A novel approach of combining cluster analysis with Artificial Neural Net-
works shall be developed and investigated for a possible added value to the
individual approaches.

Structure of this Thesis

Initially, an overview over key-factors and driving forces of climate change is given
in Chapter 2 followed by a general description of the geographical and climatolog-
ical aspects in the Alpine region in Chapter 3. In Chapter 4, the applied local- and
large-scale datasets are summarised. Tools for statistical analyses and the statistical
downscaling approaches are presented in Chapter 5, including a detailed insight on
the difficulties on working with Artificial Neural Networks and the realisation of the
novel combined approach of Cluster Analysis and Artificial Neural Networks. The
large-scale climate model inputs and their climate signal are investigated in Chap-
ter 6. Chapter 7 describes the development of the statistical downscaling approach
with focus on the input variable selection and tuning of the statistical model param-
eters. Chapter 8 to 11 cover the analyses of the observed and simulated time series of
precipitation, temperature, relative humidity and wind speed, respectively. In Chap-
ter 12, the derived time series of the downscaling approach are applied in a climate



change impact study on snow depths at Zugspitze and Hoher Sonnblick. Finally, the
major findings of this study are summarised in Chapter 13.



Climate Change

This chapter gives an introduction to the main drivers of climate change and the po-
tentially resulting consequences on the recent and future climate conditions - world-
wide and thus also for the investigation area of this thesis. Climatic changes origi-
nate from internal processes as well as external forcings according to Latif (2009). In-
ternally induced natural climate variability modes are described by Jacobeit (2007):
They result from oceanic variations, e.g. the Thermohaline Circulation (THC), from
atmospheric variability modes such as the northern Atlantic Oscillation or from com-
bined atmospheric and oceanic interactions like El Nifio Southern Oscillation (ENSO).
Changes in frequency and/or intensity of these modes affect the climate from re-
gional to global extend.

Interrelated with the THC is the Atlantic multidecadal oscillation (AMO), which
describes a periodical change in North Atlantic sea-surface temperature based on an
underlying wavelength of approximately 60 to 90 years with high influence on the
European climate and therefore most likely on the Alpine region as well (Knudsen
etal. 2011; Knight et al. 2006; Schlesinger and Ramankutty 1994). Sutton and Hodson
(2005) show that a warm AMO phase comes hand in hand with increased summer
precipitation and temperatures in western Europe. Furthermore, Sutton and Dong
(2012) suggest that during the 1990s, a substantial shift of European climate towards
anomalously mild and wet summers in northern Europe and hot and dry summers
in southern Europe is related to the AMO, switching to the recent warm phase. In
addition, Knight et al. (2006) find positive near-surface air temperature anomalies
in Europe and increased cyclonic pressure anomalies over the Atlantic and Europe
at positive AMO conditions throughout all seasons. The impact of the AMO on
Alpine climate has so far not been investigated very well. Zampieri et al. (2013)
assess snowfall variations in the Swiss and French Alps occurring simultaneously
with changes of the AMO phase. Transitions from cold to warm phases of the AMO
can produce significant snowfall reductions up to 30 % with a more robust signal in
the western Alps, especially in spring. In the case of warm to cold AMO transitions,
the signal is not as strong, indicating a slight increase in precipitation. Moreover,
Huss et al. (2010) show that glacier mass budget in the Swiss Alps varies in phase
with the AMO in the past 250 years. In warm AMO phases glaciers are retreating,



while in cold phases glacier advance.

ENSO labels a coupled ocean (El Nifio/La Nifia) and atmospheric (Southern Os-
cillation) see-saw in the equatorial Pacific region (T. Li and Hsu 2018). The more
frequent condition is characterised by a cold sea current (Humboldt current) at the
South American coast near Equator and Peru in combination with a downward
movement in the atmosphere and a very dry climate at the coastal region (Atacama
desert). In contrast, the counter part near North Australia and Indonesia shows an
upward movement in the atmosphere with an increased chance of precipitation and
high sea surface temperatures (SSTs) in the equatorial West Pacific. An extreme oc-
currence of this state is called La Nifia. In time scales of 2-8 years, the system shows
inverted conditions, known as El Nifio, resulting in high precipitation at the South
American coast and drought in the western Pacific region (D’Arrigo et al. 2005; Moy
et al. 2002). ENSO strongly influences climate in the Pacific region, but through tele-
connections, ENSO signals can be detected worldwide (Alexander et al. 2002; Ott et
al. 2015; B. Wang et al. 2000) and even impact European climate (Mariotti et al. 2002;
Bronnimann et al. 2007; Greatbatch et al. 2004; Pozo-Vazquez et al. 2001; Fraedrich
and K. Miiller 1992). Nevertheless, a clear signal in the Alps is hard to identify. Stud-
ies by Quadrelli et al. (2001) and Wanner et al. (1997) and Fraedrich and K. Miiller
(1992) find no evidence for an ENSO related signal in the European Alps. Durand et
al. (2009) investigated ENSO response on snow parameters in the French Alps for the
later 20th century, but could not establish a link either. Yet, Moy et al. (2002) discov-
ered a correlation between the south Alpine occurrence of extreme flood events and a
record of moderate to strong El Nifio events, which might indicate a teleconnection.
Efthymiadis et al. (2007) associated ENSO indices with temperature and precipita-
tion in the Alpine region finding only weak and non-stationary impacts during the
late 19th and 20th century. Temperature increased, in most cases, in late autumn and
early winter after an El Nifio event in summer, except for the interval 1925 to 1972,
where temperature decreased. Precipitation mainly showed a decrease following La

Nifia events.

The North Atlantic Oscillation (NAO) relates to the sea level pressure difference
and respective location of the Icelandic low and the Azores high (Wanner et al. 2001).
The NAOQO varies over time on interannual and multidecadal time scales. The NAO
pressure see-saw is one of the main drivers of European weather and climate (Hurrell
et al. 1995). During a positive NAO phase, one can observe opposite behaviour in
southern and northern Europe precipitation, with wetter and warmer than normal
conditions in northern Europe and drier and often colder than normal conditions in
southern Europe and in the Mediterranean area. The opposite is true for periods
when the NAO index is negative. Impact studies of the NAO phases on the Alpine
climate were performed by various authors (Agrawala et al. 2007; Brunetti et al. 2006;



Casty et al. 2005; Beniston 2005; Hurrell et al. 1995). In general, the NAO index
shows a negative correlation with precipitation, although Brunetti et al. (2006) find
no significant relation in the northern parts of the Alps. Furthermore, Casty et al.
(2005) depict the correlations as temporally unstable. The conclusions of this article
indicate that the Alps are situated in a weak and probably varying forcing of the
NAO, and therefore other atmospheric circulation modes may dominate during low
correlation periods. Yet, all previous mentioned studies focusing temperature agree
that the NAO index is positively correlated with Alpine temperatures.

The climate of our planet is not solely influenced by internal drivers, but is also
affected by external forces. These are either of natural origin or caused or altered by
mankind. Sorted by the speed of change from slowest to fastest, natural processes
include for example plate tectonics, variations in Earth’s orbital parameters, differ-
ences in solar radiation and volcanic activities (Latif 2009; Jacobeit 2007).

On long time scales of millions of years, plate tectonics change the Earth surface by
shifting the position of continents or impact the atmospheric circulation by orogeny.
Variations in the Earth’s orbital parameters are often referred to as Milankovitch cy-
cles and affect the orbital shape (eccentricity with a cycle duration of approximately
100000 years), the axial tilt (obliquity with a cycle duration of approximately 41000
years) and precession (axial precession and apsidal precession with a combined cy-
cle duration of approximately 22000 years). The Milankovitch cycles are considered
as the drivers of ice age cycles. The impact on climate from the Milankovitch cy-
cles in small time periods is little. Cubasch and Kasang (2000) estimate changes in
temperature to approximately 0.01 °C per 100 years. Solar radiation varies with the
periodicity of sunspots. One of the most well known cycles, the Schwabe cycle, has
a duration of approximately eleven years and is therefore responsible for mainly
short-term variability. Finally, the climate influence of volcano activities has short
term impact on climate in the following couple of years. Thereby, particulate mat-
ter, transported into the stratosphere from strong eruptions, results in a temporal
cooling.

The recently observed global temperature increase in the 20th century cannot be
explained only by the described natural causes, as the impact of the natural influ-
encers is either too slow or too fast or the effects on climate are in the considered
time period are too low. Next to the possibility of a yet unknown natural cause, the
most likely reason for the current climate change is of anthropogenic origin.

First of all, the greenhouse effect is anthropogenically altered by emitting climate
affective trace gases. Initially, the greenhouse effect is of natural origin. Longwave
infrared radiation emitted by the Earth, balancing the short wave solar radiation in-
put, is absorbed by trace gases in the atmosphere and partly emitted back to the Earth
surface as counter-radiation. Increasing the amount of trace gases in turn increases



Table 2.1: Characteristics of trace gases and anthropogenic influences. Units: dry-air mole fractions
in parts per million (ppm), billion (ppb) and trillion (ppt). Sources: Trace gas origin and
concentration in 1750 by Latif (2009); Resident time by IPCC (2007); Concentration from 2017
provided by ESRL (2018); Contribution to the anthropogenic green house effect computed from
datasets provided by ESRL (2018).

Trace Primary Concen- Concen- Atmospheric Contribution
gas anthro- tration tration residence anthro-
pogenic 1750 2017 time in pogenic
origin years green house
effect 2017
CO, incineration 280 ppm 405 ppm (7 66 %
CH,4 agriculture, 730 ppb 1850 ppb 9 17%
incineration
N.,O incineration, 270 ppb 330 ppb 131 6 %
fertilizer
CFC-12 manufactured (0) 509 ppt 100 5%
purely
industrial
CFC-11  manufactured (0) 229 ppt 45 2%
purely
industrial

the amount of counter-radiation. Since the industrial revolution, the composition of
gases in the air is heavily influenced by human activities. Usually, the year 1750 is
used as reference, where atmospheric air composition is primarily developed natu-

rally.

First, of particular interest are climate affective trace gases emitted by mankind
with a long residence time in the atmosphere. In that case, turbulent mixing of the
atmosphere and the planetary circulation lead to a global dispersion. Relevant gases
with long residence in the atmosphere are carbon dioxide (CO,), methane (CHy),
nitrous oxide (N;O) and hydrofluorocarbons (HFCs). Table 2.1 lists the respective
characteristics. CFC-12 and CFC-11 are selected as representatives for HFCs, as these
two variations are considered the most harming. Anthropogenic sources of trace
gases are combustion of fossil fuels or biomass and agriculture. Most trace gases
have natural sources as well, with the exception of HFCs, which are produced syn-
thetically. Comparing concentrations from 1750 and 2017 leads to the conclusion
that climate relevant trace gas concentrations increased heavily. CO, concentration
is raised by 45 %, CHy by 156 % and N,O by 22 %. In contrast, the concentration of
HEFCs is currently regressive, as recently, due to the Montreal Convention, chemical



substitutes are used. CFC-12 reached its peak in 2002 with 543 ppt and CFC-11 in
1993/1994 with 268 ppt (ESRL 2018). Although concentrations of some trace gases
are low in comparison to CO,, the amplification of counter-radiation can be much
higher. HFCs for example are considerably less present in air (ppt) than CO, (ppm)
but still have a strong impact on the anthropogenic green house effect. Note that
the residence time of CO; is discussed controversial. The reasons are the complex
interactions with oceans and biosphere. Resident times between decades and mil-
lennials are suggested in the IPCC (2007). Additional trace gases of anthropogenic
origin are tropospheric ozone (O3) and water (HO). O3 is primarily locally produced
by photochemical reactions. Concentrations vary strongly as the residence time in
the atmosphere is quite short. Nevertheless, O3 has a much higher greenhouse gas
potential than CO,. H,O is the most important natural green house gas. The anthro-
pogenic influence on H,O concentrations in air is hard to identify. H,O can be, for
example, emitted by incineration or air planes into the atmosphere. Comparing 1750
to 2017, the total additional radiative forcing caused by anthropogenic interference
in the green house effect is suggested to be 3.1 Wm ™2 but bears large uncertainties
(ESRL 2018).

Second, anthropogenic emitted particulate matter has an overall decreasing ef-
fect on solar radiation, often referred to as “global dimming” (Ramanathan et al.
2001). An increased amount of particulate matter leads to a compensation of anthro-
pogenic green house effect, which was especially evident in the period 1950-1980 on
the northern hemisphere (Cubasch and Kasang 2000).

Third, land use changes the Earth surface, which again leads to changing climatic
conditions. Land use can either have positive or negative effects on solar radiation
(Jacobeit 2007). On the one hand, the reduction or change of the vegetation coverage,
e.g. clearing or degradation of vegetation, increases the Earth’s albedo resulting in
a cooling effect. On the other hand, fire clearing and various agricultural forms, e.g.
rice cultivation, livestock farming or the usage of fertilizer, emit green house gases
resulting in an enhanced counter-radiation.

In this thesis, the impact of climate change is evaluated for the high mountain
regions Zugspitze and Hoher Sonnblick during the 20th century, as well as in fu-
ture scenarios of the 21st century simulated by Earth System Models. To compute
the future climate development, beside natural climate interactions, scenarios of
anthropogenic influences are used to assess a broad spectrum of possible climatic
trends. These so called “representative concentration pathways” (RCPs) include an-
thropogenic and natural climatic influences and the expected impact on radiative

forcing. RCPs will be discussed in section 4.2.2.



Study Region: The European Alps

3.1 Geomorphology and Spatial Delineation

The Alpine mountain range, as described in Pfiffner (2015), is the result of the con-
verging of primarily two tectonic plates: the Eurasian Plate and African Plate. The
orogeny started approximately 125 million years ago and is still ongoing. A dis-
tinction is made between two main stages. First, during the Cretaceous period, the
converging movement was primarily aligned in the east-west direction, while sec-
ond, during the Cenozoic, the movement changed to a northern-southern one. The
latter more direct encounter of the tectonic plates lead to a high gain in elevation. As
soon as the surface rises in the orogeny process, erosion sets in (Zepp 2014). Beside
a general loss in surface material, a more severe removal at geological weak points
leads to the development of valleys usually caused by rivers.

The spacial expansion of the European Alps, in this study simply referred to as
Alps, will in the following be defined by the greater Alpine region (GAR) ranging
from 4° to 19° E and 43° to 49° N (Auer et al. 2007). The term and dimension is
recently widely adapted by Alpine climate studies (Rubel et al. 2016; Smiatek et al.
2009; Agency 2009; Barry 2008; Efthymiadis et al. 2007; Brunetti et al. 2006; Matulla
et al. 2005). The Alps are of arcuated form especially in the western parts with a
primary extension parallel to the circle of latitude. Therefore, the Alps in general ac-
centuate the climatic gradient between the Mediterranean climate and the climate of
central Europe (Barry 2008). Figure 3.1 illustrates the spacial shape of the Alps by the
snow cover of high elevated regions. The width of the Alps varies between 100 km
in Switzerland and 250 km in the western parts (Barry 2008), the highest mountain
being the Mont Blanc with an elevation of 4810 m above sea level. The Alps are sub-
divided by pronounced valleys such as the Rhone, Po, Rhine, Inn, Salzach, Enns,
Mur or Drau. The heterogeneity in relief between high mountain summits and val-
leys lead to very specific regional weather and climate (Cebon 1998; Whiteman 2000;
Barry 2008). The associated rivers secure water availability in large areas of Europe.



3 Study Region: The European Alps

Figure 3.1: MODIS satellite image of the European Alps on March 19, 2016. The snow covered regions
emphasise the Alpine mountain range. Source: Schmaltz (2016).

3.2 Atmospheric Influence on the Alps Considering Different
Scales of Atmospheric Motion

Influencing factors on different atmospheric scales determine the Alpine climate. On
the global scale, the main drivers are resulting from the energy gradient between the
tropical and polar regions. The steep angle of solar incidence near the equator leads
to an energy abundance compared to the polar regions, resulting in a (seasonally
varying) pole-to-equator temperature difference. A direct compensation movement
is prevented by the Coriolis effect. Trajectories of air streams are bent to the right
on the northern hemisphere and bent to the left on the southern hemisphere. In
the long term mean, a typical global pattern, referred to as planetary circulation,
forms. A detailed description of the planetary circulation is beyond the scope of this
study, but is given by various authors, for example Randall (2015) or Weischet and
Endlicher (2008). Three major cells can be distinguished in the planetary circulation:
The Hadley cell in the tropical latitudes (roughly 0° to 30° N/S), the Ferrel (or mid-
latitude) cell (roughly 30° to 60° N/S) and the polar cell (roughly 60° to 90° N/S).
The Alpine region is located in the westerlies of the Ferrel-cell.

On the synoptic scale, the westerlies are defined by transient weather systems like
cyclones, anticyclones and the resulting fronts, which form, propagate and decay in
the mid-latitudes. Different synoptic pattern determine the variations in the day-
to-day weather. The particular daily setting can be categorised by similar weather
types, which are typically generated from the respective atmospheric pressure field.
Horizontal and vertical pressure gradients are closely related to the air stream ve-
locity field, which is in turn highly related to the local climate and weather. This
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was already suggested by Kirchhofer (1974) and has become a typical approach in
statistical downscaling (Philipp et al. 2014b; Hofstétter et al. 2013; Beck et al. 2013; Ja-
cobeit 2010; Huth et al. 2008a). A comprehensive overview regarding weather types
of the European and Alpine specific region is provided by the COST 733 project -
Harmonisation and Applications of Weather Type Classifications for European re-
gions (Philipp et al. 2014b). Regarding the long-term mean, the sea level pressure
fields over Europe show typical seasonal-depending characteristics. In winter, the
Alps are embedded between the Icelandic Low in the north-west, the Azores High
in the south-west, the Siberian High to the east and a weak low in the Mediterranean
area to the south. Cebon (1998) points out that the Alps are located within the weak-
est pressure gradients in the extra tropical northern hemisphere. In winter, the main
storm track trajectories start over the Atlantic Ocean and end in north-east Europe.
The Alps are therefore mainly influenced by the southernmost frontal features. In
summer, the Azores high greatly expands to the north becoming the major pressure
influence of the Alps and further decreases the influence of the Atlantic storm track.
In the consequence even less fronts pass the Alps during summer leading to a reduc-
tion of frontal induced precipitation.

The smallest meteorological scales mentioned in this section are the meso- and
microscale features. Mesoscale weather events primarily affect the regional climate
in the Alps on a spacial range of 2km to 200 km (Whiteman 2000). Examples are
thermally driven or diurnal wind systems as well as thunderstorms. The microscale
meteorology (range below 2 km) focuses on small-scale atmospheric phenomena like
gusts, turbulence, thermals or certain cloud types (Whiteman 2000). The local im-
pact of meso- and microscale atmospheric processes is described in more detail in
chapters 8 to 12 in combination with their effect on the respective target variables.

Several aspects need to be kept in mind when considering the chain of spacial
scales and their influence on the Alpine region (Cebon 1998). First, the influence of
scale is bidirectional and not merely top to bottom. The energy transport from the
equator to the pole, for instance, highly depends on synoptic weather systems in
the mid-latitudes. Second, all four introduced scales show high temporal variability.
Third, the impact of climate change can be transmitted through all scales. Changes
in strength, frequency, location or trajectories track length of Atlantic cyclones have
a particularly high influence on the regional Alpine climate. Fourth, the Alps them-
selves impact the weather and climate by affecting the air streams.

3.3 Alpine Regions with Similar Climate Variations

There are some attempts of collecting Alpine wide datasets and make them available
to the public, one of the most well-known is the “historical instrumental climatologi-
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Figure 3.2: Coarse Resolution Subregions (CRS) of the Alps. Source: Auer et al. (2007)

cal surface time series of the Greater Alpine Region” (HISTALP) by Auer et al. (2007).
The HISTALP database is consisting of monthly homogenised records of tempera-
ture, pressure, precipitation, sunshine and cloudiness for countries in the GAR. The
HISTALP dataset can be used to identify subgroups of observational stations with
similar climate variations. Auer et al. (2007) combine previous research results from
Matulla et al. (2005) for temperature and Brunetti et al. (2006) for precipitation and
added further analysis for air pressure, sunshine and cloudiness to define groups of
stations with similar variations on an annual time scale via a varimax rotated prin-
cipal component analysis in s-mode considering a time period from approximately
1930-2000. Areas were defined using the first four principal components. Figure 3.2
shows the final result in form of five Coarse Resolution Subregions (CRS) includ-
ing a subgroup of summits. Boundaries (black lines) show a compromise between
all investigated variables. More detailed figures for each individual variable can be
found in Auer et al. (2007). A more or less zonal border following the main crest line
separates the temperate westerly (north) from the Mediterranean subtropical climate
(south). The meridional border line at approximately 12° longitude might be an in-
dicator for a decreasing maritime influence of the Atlantic ocean in favour of more
continental features of the Eurasian continent. The fifth CRS introduces vertical dis-
crimination as it separates summits from the horizontal CRS, since especially winter
temperature shows a strong decoupling of lower and higher altitudes. Precipitation
was not considered for the summit cluster, as Auer et al. (2007) stated that there is
almost no agreement between the stations. Both Zugspitze and Hoher Sonnblick
belong to the fifth category of summits.
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Data

4.1 Local-Scale Variables: Measuring Sites and Observational
Records

The European Alps have a long history in meteorological observation and, today,
represent one of the best monitored mountain ranges. According to Auer et al. (2007)
some stations, for instance Basel, provide continuously measured data for air pres-
sure and temperature since the 18th century. Frei and Schér (1998) estimate the num-
ber of rain gauges to approximately 6600. The high complexity of the terrain and the
resulting heterogeneity in climatic conditions justify the large amount of measure-
ment sites. Unfortunately, only a small number of datasets is internationally avail-
able. Auer et al. (2007) further point out that some observational records include a
high number of inhomogeneities and outliers.

In this thesis, local variables of two high mountain weather stations in the Alps
are investigated. The Bergwetterwarte Zugspitze, operated by the German weather
service (Deutscher Wetterdienst, DWD), is located at 2964 m above sea level in the
northern part of the Alps at 47.42° latitude and 10.99° longitude. Note that in the
meta data in 2007 a relocation of the the measurement instruments to 10.98° longi-
tude is mentioned, which may lead to inhomogeneities in the dataset. With 3105 m
above sea level, the Sonnblick Observatory, operated by the Austrian weather ser-
vice (Zentralanstalt fiir Meteorologie und Geodynamik, ZAMG), is found to be at
a slightly higher elevation. The Sonnblick Observatory is located in the centre of
the Alpine mountain ridge at 47.05° latitude and 12.96° longitude. In this study, the
Bergwetterwarte Zugspitze is usually simply referred to as “Zugspitze” or abbrevi-
ated as “Zug”, while the Sonnblick Observatory is called “Sonnblick” or “Son”. Both
stations are mapped in figure 4.1. Of particular interest are observed variables linked
to the Alpine water balance. Table 4.1 shows the selected predictands and gives an
overview over the dataset characteristics. A daily temporal resolution is required for
all predictands to fulfil the needs of this study. Both stations offer a long-time obser-
vational record starting in the late 19th or early 20th century. At the end of World
War II data recording at Zugspitze was cancelled from 01/05/1945 until 14/8/1945
resulting in the large amount of missing values considering precipitation, tempera-
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Figure 4.1: Satellite image of the Alpine relief with the marked locations of the Zugspitze and Hoher
Sonnblick. The dashed grey grid indicates the 2° resolution of the large-scale predictors (see
section 4.2). (Map based on Google 2018.)

ture and relative humidity. Unavailable measurements are usually omitted, except
for the otherwise even shorter Zugspitze wind time series, where missing values are
linearly interpolated.

One main point of this study is to analyse the future development of the local
climate conditions at Sonnblick and Zugspitze. Scenario projections of future cli-
mate are derived from state of the art Earth System Models. Technical limitations of
these models lead to a very coarse resolution (discussed in section 4.2). The common
denominator of the spacial resolution considering all applied large-scale datasets in
this study is a 2° longitude and latitude grid marked with dashed grey lines in figure
4.1. The Alpine mountain ridge and its topological complexity is poorly represented
in the large-scale datasets. The Alps are located in an approximate total of ten grid
cells. Each cell provides one single value intended to represent the average mag-
nitude of a large-scale variable. If located in the same segment, peaks and valleys
would be characterised by the same grid value. In the high complex terrain of the
Alps it is therefore not feasible to analyse small scale climate directly from large-scale
datasets, considering the coarse spacial resolution. To fulfil the aim of this study and
generate local future projections for the summit stations Zugspitze and Sonnblick,
downscaling procedures are indispensable. Several downscaling methodologies are
evaluated and applied in this study (see chapter 7).
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4.1 Local-Scale Variables: Measuring Sites and Observational Records

Table 4.1: Meteorological variables monitored at Zugspitze and Sonnblick.

Station Predictand Abbreviation Recording Number of
period missing
days
daily precipitation sum prc 01/01/1901 - 108
31/12/2015
ZugspitZe  jaily mean temperature tmp 01/08,/1900 - 106
31/12/2015
daily mean relative hu- rhum 01,/08/1900 - 140
midity 31/12/2015
daily mean wind speed wnd 01/01/1976 - 22
31/12/2015
) daily precipitation sum prc 01,/08/1890 - 2
Sonnblick 31/12/2008
daily mean temperature tmp 01/10/1886 - 0
31/12/2008

Figure 4.2: Measuring sites at the Goldbergkees. See table 4.2 for more details. (Map based on Google
2018.)
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Figure 4.3: Measuring sites at the KleinfleiBgees. See table 4.2 for more details. (Map based on Google
2018.)

Figure 4.4: Measuring sites at the Zugspitze. (Map based on Google 2018.)
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Table 4.2: Snow depth observations at Zugspitze and Sonnblick. The information is based on the meta
dataset provided by DWD and ZAMG. ACR: Acronym for further usage in this thesis; NM:
number of missing values, Ele: elevation in meter above sea level; Lat: latitude; Lon: longitude.

ZAMG Label Acr Data Record NM Ele Lat/Lon
Unterer Goldbergkeesboden G1 ~ 11/1927-10/2014 2 2400 47.0450/12.9779
Oberer Goldbergkeesboden G2 11/1927-10/2014 0 2670 47.0469/12.9641
Steilhang G3  11/1927-10/2014 O 2878  47.0477/12.9561
Untere Brettscharte G4  11/1970-10/2014 0 2923  47.0491/12.9554
Obere Brettscharte G5 11/1970-10/2014 0O 2958  47.0502/12.9550
Fleifischarte G6  11/1927-10/2014 0 2980 47.0510/12.9550
Fleifskees Zunge F1 11/1975-10/2014 1 2820 47.0535/12.9430
Fleiffkees unten F2 11/1970-10/2014 2 2860 47.0513/12.9476
Fleifkees oben F3 11/1970-10/2014 1 2940 47.0527/12.9516
Pilatusscharte F4 11/1927-10/2014 0 2905 47.0549/12.9502
Zugspitze 71 01/1937-12/2013 0 (2872) 2964 47.42/10.98

In addition, time series of snow depths from ten monitoring stations operated by
ZAMG in the surrounding Sonnblick area are investigated. The Sonnblick snow
depth dataset provides monthly in situ measurements. Locations at Sonnblick are
marked for the Goldbergkees (G1-G6) in figure 4.2 and KleinfleifSgees (F1-F4) in fig-
ure 4.3. From the Sonnblick summit, the Goldbergkees extends into the south-east
direction, while the Kleinfleifigees is located on the western slope. At Zugspitze, one
time series of daily snow depth observations is available. The location of the snow
depth measuring point is marked in figure 4.4. Further description of the snow depth
datasets at Sonnblick and Zugspitze is given in table 4.2. Note that the high number
of missing values in the Zugspitze dataset does not affect the model framework in
chapter 12, as only the first day of each month is used in the statistical modelling
approach, where no missing values are recorded.

Monitoring in high mountain areas with heterogeneous terrain is susceptible to
errors. On the one hand, random errors are caused by unknown and unpredictable
changes in the experiment (Ren and M. Li 2007). Errors may occur from electronic
noises in the circuit of an electrical instrument. On the other hand, systematic errors
come from the measuring instrument itself. Precipitation suffers from systematic
errors, in particular, induced by wind, wetting loss, evaporation loss or splashing
loss (Isotta et al. 2014a; Auer et al. 2007; Ren and M. Li 2007). For a common rain
gauge Sevruk (1986) estimates the average systematic error for rainfall in the range
of 5% to 15 % and for snow fall between 20 % to 50 % at which the largest errors arise
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from wind and turbulence. For stations on mountain summits, where wind flow
dynamics are complex, the error can be expected to be even higher. To reduce the
error, effective protection from wind impact is beneficial (R. Rasmussen et al. 2012).
Misinformation from wrong measurements can have a severe consecutive impact in
hydrological assessment studies or on the calibration process of downscaling models
(Stisen et al. 2012). Measuring snow depth is also affected by wind drift or different
melting processes in shaded or non-shaded areas (NOAA 2013). To reduce the con-
sequences of this error, typically several measurements are performed and averaged
within a defined measuring field. Temperature, relative humidity or wind are less
affected by systematic errors. Still, wrong calibration or neglected maintenance can
cause discrepancies. For instance, by incorrect handling, the functionality of cup or
vine anemometer can be impaired by icing due to the cold climatic conditions on
summits. Furthermore, in a complex relief with heterogeneous microclimatic con-
ditions even short distances can lead to a significant difference in climatic variables
(Whiteman 2000). Measurements might not be representative even for nearby sur-
roundings of the climate station. Beside monitoring issues, inhomogeneities can oc-
cur especially in long time series. The origin of inhomogeneities comes from further
non-climatic impacts on the measuring timeline (Toreti et al. 2011). There are vari-
ous reasons for inhomogeneities, for example relocation of the measurement instru-
ments, varying time of measurement, replacement of the sensor, calibration of the
sensor or changing in the surroundings of the measuring instruments: New build-
ings or changing vegetation, like tree growth, can influence micro-climatic condi-
tions. Depending on the cause, inhomogeneities show a sharp change (relocation of
the sensor) or effect in a creeping way (tree growth).

Following the meta data of the datasets listed in tables 4.1 and 4.2, data quality is
routinely checked by both weather services DWD and ZAMG and are therefore not
further investigated in this study.

4.2 Large-Scale Variables: Reanalysis and Climate Model
Datasets

4.2.1 20th Century Reanalysis Dataset

As a substitute for observational data serves the 20th century reanalysis dataset ver-
sion 2 (20Cv2) (Compo et al. 2011). Reanalysis data is produced with numerical
weather prediction (NWP) models. The aim is to gain a regular grid from a finite
set of possibly imperfect or irregularly distributed observations by a process called
data-assimilation. The result is a complete and as homogeneous as possible global
gridded dataset with a high spacial and temporal resolution (Dee et al. 2011). Re-
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analysis datasets are often used in statistical downscaling frameworks, as there are
several advantages compared to interpolated observational data. First, as previously
mentioned, inhomogeneities or errors in measurements have a strong impact on in-
terpolated data but can be cushioned by the NWP model. Second, reanalysis does
not suffer too much from sparsity of observations, but data sparsity can be critical
when interpolating observations. Third, variables, even those of which measure-
ments are nearly absent (e.g. moisture flux, radiative heating or omega) or variables
that are difficult to interpolate, can be derived from a NWP model on a quasi con-
tinuous, three or four dimensional grid (dimensions: longitude, latitude, if feasible
vertical levels and time). Fourth, to investigate the impact of climate change with
statistical downscaling approaches, “observations” need to be replaced with climate
model data in the further progress. Statistical downscaling models calibrated with
reanalysis datasets can often be better transferred to climate model data, as both
datasets show a similar behaviour, which is typical for numerical models.

The 20Cv2 was generated with the coupled atmosphere-land model NCEP-GFS
version 2008 of the Environmental Modeling Center (EMC) (Compo et al. 2011).
Available are 6-hour, daily averaged and monthly time steps for the time period 1871
to 2012. The horizontal spatial resolution is 2° longitude to 2° latitude, with a verti-
cal resolution based on pressure levels ranging from 1000 hPa to 10 hPa with a step
size of 50 hPa followed by a reduced step size above the 100 hPa level. To be able to
reconstruct such a long time period, a minimum of observation data is assimilated:
Surface pressure, sea-surface temperature and sea-ice distributions are included as
boundary conditions. The dataset can be downloaded from the Earth System Re-
search Laboratory (ESRL) of the National Oceanic and Atmospheric Administration
(NOAA).

In this thesis, the 20Cv2 is selected, as Zugspitze and Sonnblick provide long ob-
servational periods including the entire 20th century (see section 4.1), a similar time
period is only provided by the 20Cv2 at the beginning of this study.

4.2.2 Climate Models

Climate modelling has come a long way, starting with zero dimensional energy
balance models to the complex, now state-of-the-art, Earth System Models (ESM).
The first more dimensional atmospheric models emerge from weather forecasting,
steadily improved in line with the performance increase of computer systems. First
term for these models was General Circulation Models (GCMs), sometimes also re-
ferred to as Global Circulation Models. At a time when only atmosphere or ocean
could be considered due to limited computational power, different GCMs for at-
mosphere (AGCM) and ocean (OGCM) were developed. Later on, AGCMs and
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Figure 4.5: Development of the average climate model resolution from the first IPCC assessment report
(FAR) over the second (SAR) and third (TAR) assessment report to the fourth assessment
report (AR4). The climate model resolution in the current fifth report (AR5) did not substan-
tially change. Source: IPCC (2007).

OGCMs were coupled to atmosphere-ocean general circulation models (AOGCM),
a type still common in the climate modelling community, especially the improved
versions with land surface modules and sea-ice models (IPCC 2013). Furthermore,
the newest generation of ESMs includes biogeochemical cycles, like the carbon cy-
cle, atmospheric chemistry, aerosol chemistry, dynamical vegetation components or
land ice modules (Taylor et al. 2012). Internal feedback between the ocean, atmo-
sphere and terrestrial biosphere reservoir is taken into account, e.g. allowing the
model to adjust to greenhouse gas concentrations with sinks or natural emission
sources. Over the past decades a quite large improvement in climate model perfor-
mance can be noted with a much more realistic representation of the Earth system
(Reichler and Kim 2008). Recent model runs are collected by the Working Group on
Coupled Modelling (WGCM) of the World Climate Research Programme (WCRP)
within the framework of the Coupled Model Intercomparison Project (CMIP). The
current fifth phase (CMIP5) serves as database in this study. The aim of CMIP is to
coordinated worldwide climate model experiments. CMIP5 is a popular database
with free download access for non-commercial scientific or educational purpose. It
includes a large ensemble of over 50 state-of-the-art climate models developed by
over 20 working groups in over a dozen countries. A new phase 6 experimental
design is currently in development.

To this day, uncertainties in climate models have kept the scientist community
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busy. Origins of uncertainties are for example parametrisation techniques. Model
parameters are a method to compensate missing subscale processes that cannot be
physically described in the coarse temporal and spacial resolution of climate models.
Examples for parameters are given by the IPCC (2013). In the atmospheric compo-
nents of climate models for instance adaptions need to be made for clouds, convec-
tive precipitation, gravity waves, radiation (e.g. interaction between radiation and
clouds) or aerosols. But the other modules need parameters as well, e.g. the distribu-
tion of vegetation, soil types or albedo in land models subscale currents like eddies in
the ocean model or ice thickness in sea-ice modules. Parameters need to be set with
caution, as they may be dependent on time or location of a specific region (Giorgi
and Mearns 1999; Merz et al. 2011). By reason of spacial resolution, another limita-
tion is the digital elevation model (DEM). Mountain ranges like the Alpine region
and its heterogeneous relief are poorly represented in climate models. Figure 4.5
shows the horizontal resolution development since the first assessment report (FAR)
to the previous fourth assessment report (AR4). The spacial resolution of the cur-
rent fifth assessment report did not increase substantially in comparison to the AR4
due to the trade-off against higher model complexity in the established Earth system
components (IPCC 2013). In addition in figure 4.5, the different relief complexity is
indicated. In high complex terrain like in the Alpine region, resolution of climate
models is still too coarse to include the heterogeneous climate conditions under the
influence of the altitudes. Subsequently applied downscaling techniques can fill the
gap by increasing the resolution or even by generating local-scale information. Fur-
ther, uncertainties emerge from short control runs and inert systems like the ocean
(Taylor et al. 2012). Oceans typically react in time periods of thousands of years.
Control runs of several hundred years cannot ensure an equilibrium state within
climate models, therefore these models might still be affected by climatic drift. Un-
certainties can also result from the initial conditions of each model run. Fortunately,
uncertainties from different initial conditions can be identified by running the model
for several times with different starting patterns and evaluating the resulting climate
trajectories. These runs are called realisations in the CMIP5 database (Taylor et al.
2012). The large amount of different model runs contributed to CMIP5 leads to a
good representation of the expected future pathways and uncertainties in climate
scenarios.

Several experiment families performed with climate models can be distinguished
in the CMIP5 experimental design (Taylor et al. 2012). In the following, the experi-
ments for long-term climate modelling used in this study are briefly described. Start-
ing from pre-industrial climate in historical runs, climate models are forced with ob-
served atmospheric composition changes, reflecting both anthropogenic and natural
sources. Furthermore, in CMIP5, time-evolving land cover is included. Historical
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Figure 4.6: Comparison of RCPs and former SRESs including Figure 4.7: Estimated energy usage

the first scenario 1S92a of the first IPCC assessment and sources at the end of
report. Historical and projected total anthropogenic the 21st century by differ-
radiative forcing (RF) in [Wm™] relative to pre- ent RCP scenarios. Source:
industrial values (ca. 1765). Source: IPCC (2013). Vuuren et al. (2011a).

runs typically cover the time period from 1850 to 2005. The historical runs are fol-
lowed by future projections guided by RCPs. An overview of RCPs is given by Moss
et al. (2010) and Vuuren et al. (2011b). Each RCP is assembled by independent work-
ing groups. Figure 4.6 shows the radiative forcing for four RCPs and compares them
to selected previous Special Report on Emissions Scenarios (SRES) and the even older
business as usual IPCC Scenario from 1992 (IS92a). The number behind RCP rep-
resents the resulting radiative forcing at stabilization after 2100 in Wm™ relatively
to pre-industrial values, therefore, currently the most pessimistic scenario is repre-
sented by RCP 8.5 and the most optimistic by RCP 2.6. The four RCPs illustrated in
Figure 4.6 show the main representative pathways. RCP dataset provide primarily
emissions and concentrations of greenhouse gases and associated radiative forcing
covered in already existing literature analysing the 21st century (Vuuren et al. 2011a).
RCPs should not be interpreted as forecasts or absolute bounds. In addition, differ-
ent climate models using the same RCP can have varying results, as most current
climate models can adjust greenhouse gas concentrations during runtime within in-
tegrated cycles of matter. Figure 4.7 splits the estimated energy usage into the main
sources. Beside a high energy usage, the pessimistic RCP 8.5 scenario shows a heavy
increase in non-renewable energy sources like coal. In comparison to the year 2000,
the optimistic RCP 2.6 still features an almost doubled energy usage but with focus
on renewable energy sources with low impact on radiative forcing.
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Table 4.3: Description of Earth System Models applied in this study. In figures and tables of this thesis
the model names are usually abbreviated with their first three letters, added in the model name
column in brackets.

Model name Institute/ Working group Realisations

ACCESS1-0 (ACC) CSIRO (Commonwealth Scientific and Industrial —rl
Research Organisation) and BOM (Bureau of
Meteorology), Australia

CMCC-CMS (CMC) CMCC (Centro Euro-Mediterraneo per i Cambi- rl
amenti Climatici), Italy

HadGEM2-CC (HAD) Met Office, United Kingdom rl
IPSL-CM5A-LR (IPS) IPSL (Institut Pierre Simon Laplace), France rl
MPI-ESM-LR (MPI) Max-Planck-Institut, Germany rl, r2, r3

Timeline analysis of climate models needs to be done with care. The starting point
of a model experiment (e.g. state of atmosphere and ocean) in the beginning of a
scenario varies between different models or realisations. As a result, although most
models provide a timeline, used datasets of this thesis cannot be compared directly
on a daily basis, but need to be compared in larger, for example climatological, peri-
ods. This effect concerns both historical runs and future scenarios.

In this thesis, historical runs and the scenarios RCP 4.5 Wm ™2 and RCP 8.5 Wm™?,
referred to as RCP 4.5 and RCP 8.5, are applied in the statistical downscaling ap-
proaches. The three selected experiments belong to the core-set of long-term climate
model runs (Taylor et al. 2012), hence are typically available in the CMIP5 database.
At time of data acquisition, only five climate models and three different realisations
of the MPI-ESM-LR (see Table 4.3) were available on a daily basis providing the
required datasets for this study. Table 4.4 summarises included modules and re-
spective categorisation of each climate model. All five models use at least one ESM
module and are therefore referred to as ESMs in this thesis.

4.2.3 Selection and Processing of Large-Scale Predictor Variables

Model input variables (predictors) are selected by considering the current state-of-
the-art of statistical downscaling in scientific literature as well as variables found to
be suiting in this study. Nearly all predictor sets for the model target (predictand)
precipitation include circulation based variables like sea level pressure, zonal or
meridional wind velocity, geopotential height, atmospheric layer thickness of pres-
sure fields, vorticity or divergence combined with moisture variables like specific
humidity, relative humidity, precipitation itself or moisture flux (e.g. Carreau and
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Table 4.4: Integrated modules in the selected climate models, which are classified with the new ESM
standard by the IPCC 2013 (Physically based equation and two-way coupling of the respec-
tive module). In addition, all listed climate models include the AOGCM dedicated modules:
Atmosphere, Land Surface, Ocean and Sea-lce. source: IPCC (2013).

Model name Aerosols Atmosphere Land Carbon Ocean Bio-
Chemistry geochemistry

ACCESS1-0 X

CMCC-CMS X

HadGEM2-CC X X X

IPSL-CM5A-LR X X X

MPI-ESM-LR X X X b'e

Vrac (2011), Cavazos and B. Hewitson (2002), Dobler et al. (2013), Duan and Mei
(2014), Friederichs (2010), Gaitan et al. (2014), Hertig and Jacobeit (2013), Jarosch et
al. (2012), Lutz et al. (2012), Maraun et al. (2010), Schmidli et al. (2007), Tareghian
and P. F. Rasmussen (2013), Yang et al. (2012), and Wilby and Wigley (2000)). Some
authors further include temperature (e.g. Dobler et al. (2013), Gaitan et al. (2014),
Jarosch et al. (2012), Schmidli et al. (2007), and Yang et al. (2012)). There are also
studies using simpler predictor setups, e.g. only sea level pressure (e.g. Schiemann
and Frei (2010)). Predictor sets for temperature include less variety: Setups are of-
ten simply based on circulation based variables like sea level pressure or geopotetial
height and temperature (e.g. (Hofer et al. 2015; Jarosch et al. 2012; Yang et al. 2012)).
Table 4.5 gives a full list of applied predictor variables in this thesis, with respective
abbreviations. Pressure level based variables are considered on atmospheric pres-
sure levels 250 hPa, 500 hPa, 750 hPa and 850 hPa, as these belong to the core-set of
CMIP5 and are therefore usually available for all models. Although in stock, the
near surface pressure level 1000 hPa is excluded as ACCESS1-0, HadGEM2-CC and
IPSL-CM5A-LR datasets are characterised here by a large amount of missing values,
which cannot reasonably be interpolated. No missing values are set in any model
from 500 hPa and above. Note that in a pre study, level 300 hPa and 1000 hPa of the
reanalysis dataset are used as well (see chapter 7).

In order to generate a superimposable grid, the ESMs are remapped to match the
horizontal grid spacing of the lowest spacial predictor resolution, found in the 20Cv2
dataset (see chapter 4.2.1). Remaining missing values are replaced in the same turn,
if needed. Most variables are linearly interpolated, apart from relative and specific
humidity, where special attention is paid to conserve the water budget (see P. W.
Jones (1999) for further information).

Variables in table 4.5 are computed manually, as these are not always provided by
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Table 4.5: List of predictor variables applied in the statistical downscaling framework in this thesis.

Abbreviation Name and/or description Units Manually calculated
air Pressure level based gridded K
temperature
slp Sea level pressure Pa
hgt Geopotential height m
thi Atmospheric layer thickness be- m X
tween pressure level 500hPa
and 850 hPa
uwnd Zonal wind velocity ms!
vwnd Meridional wind velocity ms!
swnd Wind speed ms! X
div Divergence (indicates an ex- s ! X
pending or converging air mass
tendency)
vor Vorticity (indicates the rotation s~ X
of an air mass)
omega Vertical wind velocity Pas!
hur Relative humidity %
hus Specific humidity kgkg!
umf Moisture flux in zonal direction gmkg 5! X
vmf Moisture flux in meridional di- gmkg ts™! x

rection
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data sources. Atmospheric layer thickness is derived from geopotential height by
calculating the distance between the 500 hPa and 850 hPa layer. Wind speed w can
be computed using the Pythagorean Theorem from v and v wind vectors (uwnd and
vwnd) following equation 4.1.

w = v u?+ v? (4.1)

Detailed description on the computations for divergence and vorticity is given by
Wallace and Hobbs (2006) or Bott (2016). Divergence D can be acquired by adding
the partial derivative of zonal u and meridional v wind components in their respec-
tive direction (longitude: x and latitude: y) following equation 4.2.

o, o
Oz Oy

On a spherical grid, equation 4.2 needs to be distance weighted, resulting in equa-

D (4.2)

tion 4.3, where r is the average radius of the Earth, A the longitude and ¢ the latitude
(Steeneveld 2018).

1 Ou  O(vcos )
~ rcos¢ <8)\ * ¢ > (4:3)

Analogically, vorticity (¢) is computed by subtracting the partial derivatives of
zonal v and meridional v wind velocity differentiate in their respective orthogonal
direction (y and x) following equation 4.4.

ov  Ou
== (4.4)
Once again with spherical adaptions one gets:
1 Ov  O(ucos o)
¢= 7 COS ¢ <8)\ 0p > (45)

Last but not least, moisture flux in zonal (umf) and meridional (vmf) direction can
be estimated by the product of each particular wind vector (v and v) and specific
humidity multiplied by 1000 as units need to be converted from kgkg ! to gkg !

(see Table 4.5).
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Methods

5.1 Working Environment

In statistical downscaling, a large amount of computation needs to be performed. A
suitable computer-assisted software needed to be found, which includes a compre-
hensive tool set for Artificial Neural Networks, the predominantly used methodol-
ogy within this thesis. Further requirements for the software are:

e to be capable of handling large meteorological datasets with a high quantity of
input variables.

e to provide basic statistical tools, needed for statistical downscaling, e.g. data

preprocessing.

e to provide a comprehensive tool set for Artificial Neural Networks, e.g ad-
justable net-topology, various training algorithms, etc.

e to provide a comprehensive tool set of evaluation metrics for the statistical
downscaling results, in particular for Artificial Neural Networks.

e to feature open source code with the possibility to make adjustments if neces-

sary.

e to provide an interface for a combined classification and Artificial Neural Net-
work approach.

e fast runtime.
e to run in batch mode on a compute cluster.

At the beginning of the study no comprehensive software packages fulfilled all
requirements. Therefore an R (R Core Team 2017) extension under the working title
“gecco” is developed within the framework of this thesis. Parts of the package are
based on the cost733-classification software (Philipp et al. 2014a). The R package is
available under the terms of the GNU General Public License at the Institute of Ge-
ography of the University of Augsburg. All methodologies described in this chapter
can be performed within the R framework.
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5.2 Standardisation and Scaling of Datasets

Standardisation improves comparability of variables operating on different scales
by adjusting the mean, thus the level, and the standard deviation, the scatter, to an
equal value of 0 and 1, respectively (Bahrenberg et al. 1992). Formula 5.1 illustrates
the approach by standardising variable x, equation 5.2 back-transforms standardised

variables.

XT; — T

(5.1)

Zy =
Sx

T = 8z2; + T (5.2)

z;: standardised sample element i of variable z.
x;: sample element ¢ of variable x.

T: arithmetical mean of .

s.: standard deviation of z.

In this study, each time series is standardised separately to ensure comparability.
In statistical downscaling it is further often necessary to remove the annual cycle
from input and output variables. This can be accomplished for daily datasets by
building groups for each day and standardise each sample separately.

Moreover, Artificial Neural Networks expect a specific value range of input and
output datasets. Equation 5.3 scales variable = in range 7y, t0 Tymae, While 5.4
back-transforms scaled values. The minimum and maximum value depends on the

codomain of the applied transfer functions (see section 5.5.1).

T — o
8C; = Tmin + (’I”maz - Tmin)x : _ Zm, (53)
max min

8C; — Tmi
gy = G i Emin)  Toin (5.4)
T'maz — Tmin

sc;: scaled sample element i of variable .

x;: sample element ¢ of variable x.

Tmaz: Maximum of the resulting value range.
Tmin: Minimum of the resulting value range.
Tmaz: Maximum value of the variable .

Tyin: Minimum value of the variable .

In general, a small spacing to the outer bounds (i, and r,,,) of the transfer
functions codomain is considered as good practice. In this study a gap of 0.1 seemed

to be sufficient.
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Standardisation and scaling parameters cannot directly be transferred from reanal-
ysis data to ESM output as there is usually a bias between both datasets. However, a
similar mean and variance is crucial as otherwise a climate signal can occur simply
from different dataset characteristics. Under conditional acceptance that the vari-
ability is correctly represented in the ESMs one can handle the differences in variable
properties by standardising and scaling both datasets separately (Wilby et al. 2004).
As the climate variability modes of ESMs might differ from the reanalysis, the inves-
tigated time period should be of reasonable length in order to consider the climate
variability comprehensively. In this study, an equal time period including the years
1970-2000 serves as baseline to derive standardisation and scaling parameters from
historical EMS runs and reanalysis data. Finally, datasets of future ESM projections
are standardised and scaled using parameters from each model’s historical run to
preserve the climate signal.

5.3 Evaluation Metrics

5.3.1 Error Measures

A comprehensive overview considering model error and accuracy measures is given
by Wilks (2011). Here, the three most common types are briefly explained.

Mean Absolute Error (MAE)
The Mean Absolute Error is computed by considering the absolute differences be-
tween model and observations:

1 n
MAE = =3 |z; - yil (5.5)
i=1
n: number of sample elements.

x: Simulated time series or test prediction series.

y: Observed time series.

The MAE has a similar scope of application as the Root Mean Square Error (see
below), but is less affected by large differences between model and observations than
the latter.

Mean Square Error (MSE)

n

MSE =3 (ri - i) (56)

i=1
Like the MAE the Mean Square Error is always non-negative. A characteristic
of the MSE is the non-linear behaviour of the error: Larger discrepancies between
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model and observations are pronounced by the square of the equation. In addition,
the MSE value is characterised by the square of the input variable units, which makes
the error magnitude difficult to interpret. The MSE is one of the most popular cost-
functions, when training Artificial Neural Networks in regression mode.

Root Mean Square Error (RMSE)

RMSE =VvMSE =

SRS

> (@i — i) (5.7)
=1

The Root Mean Square Error is represented by the square root of the MSE, thus
producing an error with the same units as the original quantity. The RMSE is eas-
ier to assess than the MSE and therefore one of the most common error measures
considering model accuracy in statistical downscaling. Some studies consider the
RMSE as misleading, as it depends on a combination of three error characteristics:
The MAE, the distribution of error magnitudes (squared errors) and the square root
of the number of elements (n) (Willmott and Matsuura 2005). The main issue of the
RMSE is its high sensitivity to outliers in the error distribution. It is suggested using
the MAE instead of the RMSE, as the MAE follows a more linear and therefore intu-
itive and comprehensible behaviour. Nevertheless, Chai and Draxler (2014) point out
that the RMSE is still beneficial if errors are normal distributed and suggest an equal
treatment of both measures in this case. Additionally, this characteristics makes the
RMSE an interesting choice if the focus of the model evaluation is to identify models
with unusual large errors (Chai and Draxler 2014; Brassington 2017).

5.3.2 Correlation and Explained Variance

Correlation measures the strength of dependence between two quantities. In case of
model evaluation, the relationship between simulated (x) and observed (y) values
can be analysed with correlation. Two types of correlation metrics will be described
in the following, text and equations are based on Wilks (2011) and Bahrenberg et al.
(1992). The codomain of the correlation coefficient lies between -1 and 1, where 0
shows no dependence, -1 and 1 ideal negative or positive dependence, respectively.

Pearson Product-Moment Coefficient

The Pearson product-moment coefficient (r,,) of linear correlation requires paramet-
rical datasets, data independence within each sample and a minimum sample num-
ber of 30 elements. The Pearson correlation coefficient is calculated by the fraction of
covariance (C'ov, ) and standard deviation of both quantities (s, and s,):
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n

S (@i — 7y — )

=1
ray = S5 n_l (5.8)
Sz Sy n n
> (@i —m)? (yi —7)°
=1 i—1
(n—1) (n—1)

Covy : Covariance between sample = and y.
n: number of sample elements.

T: arithmetical mean of .

y: arithmetical mean of y.

s, standard deviation of z.

sy: standard deviation of y.

The Pearson correlation is unfortunately neither robust, as it probably cannot de-
tect non-linear relationships, nor resistant as it is extremely sensitive to outliers. The
Pearson correlation is closely related to linear regression. It can be shown that the
explained variance of a linear regression model between observations y and simu-
lations x can be computed as the squared Pearson correlation coefficient (r%y). The
explained variance is a popular tool to evaluate linear models. It shows how much
of the total variance of the observations can be reproduced with the simulated time
series. An ideal model would capture the total variance r:%y = 1, while models of low
quality explain none (17, = 0).

Spearman Rank Correlation Coefficient
The Spearman rank correlation coefficient (r,) is developed for non-parametrical sit-
uations:

6 f: d?
=1

-1 =
s n(n?—1)

(5.9)
n: number of sample elements.

d: absolute rank difference of x; and y;.

The requirements are a monotonic dependence between two quantities z and y
and a sample number of at least 20 elements. In this metric a rank is assigned to
each sample element of the observational and simulated time series. Afterwards
the differences in ranks are evaluated. In the presents of more than 25 % ties, the
Spearman correlation needs to be adjusted. Spearman correlation is more robust and
resistant compared to Pearson correlation.
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5.3.3 Mean Square Error Skill Score

Mean square error skill score (MSSS) is a relative accuracy measure (Wilks 2011).
The MSSS compares the MSE of a modelled time series (M S Es;,) with a reference
prediction series (M SE,.r). As reference prediction serves usually the climatological
mean of the observational variable (Goddard et al. 2013).

Each MSE is calculated using equation 5.6, while the MSSS is computed by:

MSBuim = MSEyes _ | MSEsim

MSSS = _ P Tsim
555 0— MSE,e; MSE,;

(5.10)

The resulting codomain of the MSSS varies between | — oo, 1], while best simula-
tions show a value of 1. 0 indicates no improvement and negative values a worsening
compared to the reference prediction.

5.4 Frequently Applied Statistical Tests

5.4.1 Mann-Whitney U-Test

In this thesis, the Mann-Whitney U-test is usually applied to compare two samples
a and b for differences in their central tendency (Mann and Whitney 1947). The
U-test is designed to verify the null hypothesis, whether or not it is equally likely
that a randomly selected value from sample a will be less than or greater than a
randomly selected value from sample b. As the main computation (see equation 5.11)
investigates the ranks of values, the U-test can be used in a non-parametrical context.
The U-test requires a sample size of at least ten elements and the both samples to
underlay the same distribution. In the present of ties, T can be corrected, see Wilks
(2011) for further information. The p-value is computed from the test statistic 7'

using the normal distribution.

U _ NaNyp
T = | 2| (5.11)
nanp(Ma+np+1)
12
1 1
U = min{ngnp + na(n;+) — Rg;ngny + nb(n;—i—) — Ry} (5.12)

T test statistic.

ng: sample size of a.

ny: sample size of b.

R,: sum of the ranks in sample a.
Ry: sum of the ranks in sample b.
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5.4.2 Fligner-Killeen Test

The Fligner-Killeen test investigates the homogeneity of variances of two or more
groups of samples. The null hypothesis suggests that the variances of the latter are
the same. The Fligner-Killeen test in this study is primarily used to identify changes
in variability of a climatological time series, while different time periods determine
the grouping. Conover et al. (1981) point out that Fligner-Killeen is one of the most
robust tests for homogeneity of variance if departures from normality are expected.
There are plenty different approaches on how to preprocess the input dataset for
the Fligner-Killeen test. In this thesis, the R implemented median centring versions
is used (R version 3.4.4). In the computational process, a time series x is median
centred by subtracting from every group element z;, j the median of the respective
group med(z;):

ai'; = xij — med(z;) (5.13)

Second, the normal distribution quantiles ¢ of the transformed ranks (rank) of the
absolute differences to the median a}", j are derived by:

1+ rank(|a};|)
ai:q{ 2(]\7—1—1)] } (5.14)

Finally, the test statistic T is computed by comparing the group means @; of the
quantiles to their overall average @ (see Equation 5.15):

(5.15)

T test statistic.

k: number of groups.

N: size of the overall time series.
n;: sample size of group j.
med(x;): median of the jth group.
a: quantiles.

a;: mean quantile of the jth group.
a: mean of all quantiles.

s%: variance of all quantiles.

The p-value is computed from the test statistic 7' using the x? distribution.

33



5.4.3 Test of Proportions

In this study proportions are tested for significance based on the x2-test. The y2-test
table is usually imagined as a matrix containing the frequency of two different types
of categorisations specified in rows and columns. The x? table in this thesis is typi-
cally defined by a matrix with two different time periods as rows and the occurrence
or non-occurrence of an event in columns. Therefore, the ? table represents a special
case with only two rows and two columns. If the null hypothesis is accepted no sig-
nificant change in the occurrence of an event is detected. Test requirements include
Ff; to be equal or larger than five (Bahrenberg et al. 1999). The p-value is computed
from the test statistic T using the x? distribution.

ko1 0 e)2
T:}jZﬁﬂi;%) (5.16)
i=1 j=1 ij
T test statistic.
k: number of first categories.
[: number of second categories.
n;: sample size of group j.
F°: observed absolute frequency.
F¢: expected absolute frequency. Product of the respective row and col-
umn sums divided by the total sum.

s2: variance of all the normalization values.

5.4.4 Trend-Noise Ratio

The trend-noise ratio tests the significance of a linear trend in a time series. The
trend value It is computed by the difference of the first and last value of a fitted
linear regression model and s represents the standard deviation of the sample (see
e.g Schonwiese (2013b)).

T=2= (5.17)

T test statistic.
lt: linear trend.
s: standard deviation.

The null hypothesis suggests that no significant trend is observed. Test require-
ments include parametrical time series and a linear trend behaviour. In this thesis,
the trend-noise ratio is primarily used to evaluate the within sample trend as most in-
vestigated time series are not normal distributed. It is therefore not possible to draw
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Figure 5.1: ANN topology of a fully connected feedforward network with two hidden layers.

conclusions onto the population. The p-value is computed from the test statistic 7

using the normal distribution.

5.5 Artificial Neural Networks (ANN)

5.5.1 Terms and Functionality

The basic principle of an Artificial Neural Network (ANN) is inspired by the biolog-
ical structure of a brain, where neurons are connected via axons to store and process
information. The structure of ANNSs, referred to as architecture or topology, is usu-
ally illustrated in a schematic diagram similar to figure 5.1. Circles are called neurons
and the lines between neurons are referred to as connections, synapses or axons. Ev-
ery neuron can get information from an arbitrary number of input connections, but
any neuron will only provide one output value, which can be passed on once again
by an arbitrary number of connections. Information from predictor sets (here z; to
x4) enters the ANN via input neurons (here neuron number 1 to 4) and is processed
by an user defined number of invisible hidden neurons (here neuron numbers 6 to
8, 10 and 11) organised in one or several hidden layers (here L2 and L3). Processed
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Figure 5.2: Functionality of an artificial neuron. Based on Lippe (2006).

data is extracted from the ANN at output neurons (neuron 13) of the output layer
(L4). In practice, the output neurons represent e.g. the simulated predictand time
series usually referred to as target variable. Special kinds of neurons are the optional
bias neurons, which do not receive input. Bias neurons represent a threshold level
(bias or offset), which controls the activation of connected neurons. Bias neurons
are typically set constant to unity that means the bias itself will be simply defined
by the optimised weight of the connection between bias neuron and linked neuron.
Connections in feedforwad networks, as applied in this study, are purely organised
in forward direction, beginning at the input layer and ending at an output neuron.
Furthermore, synapses can skip certain layers, which are known as short cut connec-
tions.

Schematic diagram 5.2 shows the data processing at each ordinary hidden neu-
ron (Lippe 2006). Typically, outputs of the n predecessor (77) are weighted () and
summed up:

fu(Z, W) = Zl’iwi (5.18)
i=1

The output of the sum function fa(?, ﬁ), often referred to as the net input, is
handed to the transfer or activation function f,(f,(7’,w)). Theoretically transfer
functions can be any kind of function as long as they are continuous and their deriva-
tive is known, as the latter is needed for the training process (Demuth et al. 2014).
The choices of transfer function depends on the type of relationship, as only non-
linear transfer functions can solve non-linear problems. Following the natural be-
haviour of neurons in a brain, transfer functions are typically “squashing functions”
restricting the output value range of a neuron between a minimum and maximum

limit. Figure 5.3 and table 5.1 compare a selection of frequently used “s”-shaped sig-
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Figure 5.3: Graph of the value range of different transfer functions: Logistic transfer function (logsig),
tangent hyperbolicus (tanh), SoftSign (softsign), saturating sinus (satsin), identity function
(linfun). See also table 5.1.

moid transfer functions and the identity function used in regression tasks as output
function. If the neuron output is close to the value limit of the transfer function this
neuron is called saturated (Glorot and Bengio 2010). The output value o of a transfer
function is referred to as activation of the respective neuron. Some training algo-
rithms benefit from transfer functions, which are symmetrical to the origin. LeCun
et al. (1998), for example, argue that second order training algorithms are slowed
down by the logistic transfer function because of the non-zero mean. In this thesis,
no second order training is performed. Therefore, the logistic transfer function can
be used for hidden neurons as well. To save computational power the derivative of
the transfer function, needed to train the ANN, is often a combination of the original
function (see table 5.1). In regression-like approaches, the transfer function of the
output neuron is the identity function. The value range between +/- infinity allow-
ing the ANN to extrapolate and not to be stuck within bounds. Input neurons also
rely on the identity function. Provided input and output datasets are scaled within
the value range of hidden neuron transfer functions. This assures consistency and
greatly enhances the training process (Nawi et al. 2013; Azadeh et al. 2011).

To receive a non-linear ANN, at least one hidden layer is necessary (Minsky and
Papert 1969; Rumelhart et al. 1987). Following Lippe (2006), linear methods can
only solve problems that are linearly separable via a hyperplane. The mathematical
definition of linear separability of a n-dimensional space X into the subsets P and N
is given, if a vector w,, ;1 exists with the property:
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Table 5.1: Transfer functions.

Label Function First derivative
Identity function folz)=x fiz)=1
1
Logistic transfer function  f,(z) = T fi(z) = f(2)1 = f(x))
e
Tangent hyperbolicus fo(z) = tanh(z) f'(z) = 1 — tanh? ()
SoftSign folz) = _ fi(z) = 1
(1 + =) ’ (1 +[=[)?
-1 rifr < -3 0 cifr < -3
Saturating Sinus Jo(w) = { sin(x) : else fo(x) = < cos(x) : else
1 o 0 o

" > wy, VZ = (21, .., 2n) € P
Zaziwi = o +1 ( ! ) (519)
i=1 < Wn+1 VT = (x1,...,zpn) EN

An example often used to explain non-liner separability in the context of ANNs is
the “exclusive or” or “XOR”-problem visualised in figure 5.4. The aim is to separate
the binary respond values listed in the inner margins of the blue box in figure 5.4,
while the axes represent the model input samples, e.g. an input of (1,1) results in
a 1 in figure 5.4 a) and a 0 in figure 5.4 b). While the regular OR-problem in figure
5.4 a) can be solved by separating 0 from ones by a linear line and therefore a linear
regression model, the correct answer to the XOR-problem in figure 5.4 b) can solely
be given by non-linear methods like ANNSs.

Different versions of ANN optimisation exist (Lippe 2006), whereby the calibra-
tion/optimisation process is commonly referred to as training or learning. The most
frequently used training mechanic modifies weights and biases. Other methodolo-
gies can change the ANN topology, e.g. by adding or removing connections, neurons
or layers. Some training algorithms are able to adapt themselves, e.g. by adjusting
parameters to certain conditions. In this thesis, two different types of learning are
used: Supervised learning trains the ANN with the aid of provided associated input
and output pairs. The current ANN training state can be evaluated by comparing
the simulated and desired output series. The aim of this learning type is to minimise
the error between the latter. In contrast, unsupervised learning (or self-organised
learning) procedures do not presume a certain output. The goal is to find patterns
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Figure 5.4: Example of a) linear and b) non-linear separability.

within the input dataset without external influence.

Learning can further be differed by the way the training dataset is presented dur-
ing optimisation.

Online training, also known as stochastic or incremental training, updates the
ANN after presenting one input output data pair (Demuth et al. 2014; LeCun et al.
1998). The advantage of online training is that some problems are faster to train, as
ANN optimisation updates use less data. Specific application examples are models
with a strong relationship between predictor and predictand or training with large
datasets as well as high complex ANNs, which requires a high computational power.
In addition, noisy updates reduce the risk of the training process to get stuck in local
minima and can further help to prevent overfitting (see section 5.5.6). The down-
sides are that complex relationships are much harder to learn, as too frequent and
noisy updates may cause the model error to jump with high variability. This makes
it hard for the training algorithm to settle on an error minimum.

A trade-off between batch (see below) and stochastic mode is mini-batch learning,

where a training dataset subsets of reasonable size are presented to the training algo-
rithm. If all training pattern are presented to the algorithm, an “epoch” is finished.

In contrast to the previous methods batch mode or offline training considers the
complete calibration period. Thus, in stochastic or mini-batch training the number
of iterations differs from epochs, while in batch mode training iterations and epochs
are equal. In this thesis, batch mode training is preferred, as predictor predictand re-
lationships can be difficult to estimate (e.g. precipitation as predictand), calibration
datasets are not too large and ANN topologies are usually of low complexity. In this
case batch mode leads to a faster and more stable convergence of the learning pro-
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cess. In addition, algorithms adapting the parameter setup to the current situation
of the cost-function, like the mostly used Rprop algorithm, cannot be satisfactorily
trained in stochastic mode as the surface of the cost-function varies strongly depend-
ing on the input set making speed adaptions invalid.

5.5.2 Simulation of an ANN

The basic calculations of the simulation procedure are already partially described in
section 5.5.1. In the following, the sequence of the processes is summarised with
respect to a fully connected feedforward ANN applied in this thesis. Discussed shall
be a network with a number of H (h = 0,..., (H — 1)) layers (U). The simulation
process is realised layerwise until the output layer is reached.

Input layer: h=0

The input layer Uy distributes a number of n( input values (Z') into the network. The
output op; of the input neuron ¢ is directly resulting from the input values x;, as the
transfer function is the identity function:

00,i = Ty, (l = 1, ...,no) (5.20)
Bias neurons have the constant value of unity:

00,0 = 1.0 (5.21)

Hidden layer: h=1,..,H-2
For each neuron i of the hidden layer & the net input f, = A}, ; is calculated from the

weighted connections of n,_; linked predecessor neurons of layer U, (see Formula
5.18).

Np—1

Ani =Y Whijon-14, (i=1,..,np_1) (5.22)
j=0

The output of hidden neuron i of layer h is derived by integrating Aj, ; selected
transfer function f,:

oni = fo(Ani), (=1,...,np) (5.23)

Once again the bias neurons are set to unity:

op0 = 1.0 (5.24)
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Figure 5.5: The initially unknown error curve (F) considering different weight vectors (w). The aim of
gradient descent is to identify the gradient of the local position of the ANN on the error curve.
The weight vector is adjusted by follow the error curve iteratively to its minimum.

QOutput layer: H-1
In most cases the identity transfer function is applied to output neurons oy 1 ;. Here,
the calculation reduces to:

NH—2
oH-1i=Ag-1;= > Whijon-15 (i=1.,ny_2) (5.25)
j=0
Although common, it should be mentioned that the input and output layer trans-
fer functions technically do not have to be restricted to the identity.

5.5.3 Backpropagation

Backpropagation was introduced by Werbos (1974) as a new method to optimise
weights supervised in a feedforwad Neural Network and is now the most commonly
used algorithm (Lippe 2006). In the procedure, the weights are adjusted by following
the gradient of the error function until a minimum is reached. The procedure is
therefore commonly known as “gradient descent”. Figure 5.5 shows the behaviour
of the error function F' with respect to the weight vector w. The curve of the error
function F'is a priori unknown, but Hecht-Nielsen (1992) proved that the gradient of
F exists and is computable on the condition that the error function is continuous and
can be differentiated with respect to @ and further has a value range > 0. The aim
is to adjust the weight in order to follow the gradient into a minimum of the error
function.
The Backpropagation procedure can be structured into three steps:

1. Forward pass.
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2. Calculation of the current ANN error

3. Backward pass.

These three steps are repeated iteratively until a training goal is reached.

1) Forward Pass

Technically, the forward pass is equal to simulation (see section 5.5.2). The aim is to
produce a simulated output series under consideration of the current training state.
If no weights are defined yet, for example in the first iteration, they need to be ini-
tialised. Lippe (2006) points out that weights should never be initialised using the
same value for all weights in a fully connected feedforward network. In this case,
training will lead to an equal weight update for all weights between two layers. It is
necessary to break this symmetry by using random initialisation procedures. Initial
weights should not be too large, as those can result in high net input values lead-
ing in terms to saturated neurons with slow learning performance (see figure 5.3).

Bengio (2012) recommends to generate uniformly distributed weights in the range

6
r=4— (5.26)
CONy + CONoyt

for weighting the input connections of a hyperbolic tangent neuron and

of [—r, r] following:

r=y 6 (5.27)

CONiy + CONpyt
for a neuron with logistic transfer function. con;, represents the number of in-
coming and con,: of outgoing connections of a neuron. Empirical tests showed that
Equations 5.26 and 5.27 avoid saturated neurons efficiently. Further, Glorot and Ben-
gio (2010) suggest to set bias weights initially to 0 to ensure a free development.

2) Calculation of the Current ANN Error
In case of a linear output transfer function the error can be measured by the MSE of
the ANN:

N
D) = 3 (F(T5) — onee( T, B)) (5.28)
k=1

, while f(@) is the function to generalise and o,,.;(7’, W) the simulated output of
the ANN. N represents the batch size of the presented training dataset. For example
stochastic training would have a batch size of N = 1 in contrast to batch mode
training where, in case of statistical downscaling, NV would be the total number of
observations.
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The error function is also called cost or loss function. It should be mentioned that
the cost function must be altered depending on the transfer functions of the output
neurons. During the backward pass, the error function needs to be differentiated.
Differentiating the MSE is quite simple if the transfer function of the output neurons
is the identity, but can be a complex, computational expensive task considering other
functions.

3) Backward Pass
Following Lippe (2006) the gradient of the error can be mathematically described as
the partial derivatives of the error function F with respect to  :

T
Va3 F(W) = <8F<m s 8F(ﬁ)> (5.29)

owy Owy

If the weight vector 0 is shifted in the opposite direction of the gradient, —V3F (W),
the value of the cost function will be altered into the direction of the error functions

minimum (see figure 5.5):

W = Wl — gV F(W) (5.30)
, while 7 (> 0) controls the step size at which the primary weight vector w° is

adjusted. The question now is how to handle the gradient VﬁF(ﬁ). Hecht-Nielsen
(1992) shows that a single weight adjustment can be performed by:

N
1
hs = Whe =y D Ohaoho (5.31)
k=1

The calculation of 5}’271 depends on the layer. At the output layer h = H — 1 the cost
function, here the MSE, needs to be differentiated:

N

N
0 1 2
sk — 72 k_k,2:_7§ k_ ok 39
hyi don; N s (i — oh.i) N kﬂ(yl oh i) (5.32)

,while y represents the desired output. In other layers (h # H — 1) 5%72. c