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Zusammenfassung

Klimawandel und ansteigende Weltbevölkerung erhöhen den Druck auf die

globale Gemeinschaft, insbesondere auf denGlobalen Norden, drastische Verän-

derungen in Bezug auf Lebenseinstellung, Lebensstil und Ressourcenman-

agement zu initiieren, um eine bewohnbare Umwelt zu erhalten, natürliche

Risiken zu minimieren und dadurch diejenigen zu schützen, die am ver-

wundbarsten sind und am wenigsten Verantwortung für den derzeitigen Zu-

stand unseres Planeten tragen. Unter anderem, kommt dem Wechsel von

fossilen zu erneuerbaren Energiequellen (Erneuerbaren) eine Schlüsselrolle

zu, um unsere „hochkarbonisierte“ Gesellschaft in ein Zeitalter ohne CO 2-

Emissionen zu überführen. Die Integration von Erneuerbaren in existierende

Energienetze oder gar die Gestaltung einer Energieversorgung, die nur auf

Erneuerbaren beruht, stellen nach wie vor große Herausforderungen dar,

die interdisziplinärer Forschung bedürfen. Solch eine Forschung wird an

der Universität zu Köln im Rahmen des Projektes Energy Transitions and Cli-

mate Changedurchgeführt, um sowohl sehr spezi�sche als auch interdiszi-

plinäre Forschung zu betreiben, die sowohl ungelöste Probleme in Bezug auf

Erneuerbare und Klimawandel untersucht und außerdem neue Fragestellun-

gen hervorbringen soll.

In dieser Arbeit werden Resultate einer interdisziplinären Studie disku-

tiert, die die Unsicherheit von prognostizierten Energienetzen für Deutsch-

land auf Grundlage von Reanalysedatenuntersucht. Diese Unsicherheit hängt

unter anderem von der Genauigkeit der berechneten Solarenergie von Photo-

voltaicanlagenab und zeigt die größte Sensitivität gegenüber Veränderungen

der direkten solaren Einstrahlung. Daraus folgt, dass zunächst die Genauigkeit

von Reanalysen, die die solare Einstrahlung berechnen, bestimmt werden

muss, um im Folgenden Aussagen über die Unsicherheit von prognostizierten

Energienetzen treffen zu können. Fehler der direkten Solarstrahlung in Re-

analysen hängen zum großen Teil davon ab, wie gut diese Wolken repro-

duzieren. Hierbei spielen warme, tiefe, stratiforme Wolken, die sogenan-

nten Stratocumulus Wolken (Sc), auf Grund ihres häu�gen Auftretens und

ihrer hohen Rückstreueigenschaft von Sonnenstrahlung, eine wichtige Rolle.

Damit stellt das Verständnis von Bildungs- und Entwicklungsprozessen von
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Sc ein wichtiges Problem für Anwendungen im Bereich der erneuerbaren

Energien dar. Um Modelle und Parameterisierungen, die z.B. in Reanal-

ysen eingebetten sind, zu evaluieren, bedarf es akkurater Messungen von

Sc, welche das Hauptthema dieser Arbeit darstellen: Wie genau können wir

die vertikale Verteilung von Flüssigwasser (LWC) in warmen, tiefen, strati-

formen Wolken, insbesondere Sc, unter Verwendung von bodengebundener

Fernerkundung, bestimmen?

Die drei Schlüsselpublikationen dieser kumulativen Dissertation versuchen

diese Frage aus verschiedenen Perspektiven zu beantworten: Publikation

I evaluiert die Leistungsfähigkeit eines neuen W-Band Radar-Radiometers

(JOYRAD-94), das verwendet werden kann um physikalische Eigenschaften

von Sc zu bestimmen. Es wird durch einen Vergleich mit einem nebenstehen-

den Radar gezeigt, das JOYRAD-94 Radarre�ektivitäten mit einer Genauigkeit

von circa 0.5 dB messen kann. Der Vergleich brachte außerdem eine neue

Methode hervor, mit deren Hilfe Radar Doppler Spektren genauer abgeleitet

werden können, nämlich mit hoher vertikaler Au�ösung bei einem großen

Messbereich für Dopplergeschwindigkeiten. JOYRAD-94 ist außerdem mit

einem passiven 89 GHz Mikrowellenradiometer (MWR) ausgestattet, das die

Ableitung des integrierten Flüssigwassergehalts mit einer Genauigkeit von

15 g m� 2 ermöglicht, sofern der integrierte Wasserdampfgehalt mit einer Un-

sicherheit von 2 kg m � 2 aus einer externen Quelle bekannt ist. Passive und

aktive Komponenten sind optimal aufeinander abgestimmt, da JOYRAD-94

beide Signale über die selbe Antenne empfängt. Dies stellt eine Neuheit

in der bodengebundenen Fernerkundung dar. Welche Vorteile sich daraus

ergeben wird in Publikation II diskutiert. Diese Untersucht wie genau der

LWC, unter Verwendung eines gängigen Verfahrens (von hier an StandFrisch),

welches Radar und MWR kombiniert, und unter Berücksichtigung der hor-

izontalen Abstand beider Geräte, bestimmt werden kann. Es wird gezeigt,

dass unterschiedliche Beobachtungsvolumina beider Geräte bereits ab einem

Abstand von 10 m zu einem relativen Fehler von 10 % im gesamten LWC

Pro�l führen, welcher durch Erhöhen des Abstands auf 100 m bis auf 30 %

anwächst. Des Weiteren wird deutlich, dass die Ableitung von LWC an ver-

tikalen Wolkenrändern eine optimale Übereinstimmung der Beobachtungsvo-

lumina bedingt, das heißt, schon bei einem Abstand von 10 m können keine

vernünftigen Ergebnisse mehr erzielt werden. Publikation III untersucht die

Genauigkeit von StandFrisch für verschieden zusammengesetzte Sc. Stand-

Frisch ist anwendbar sofern sich keine Nieseltropfen in der Wolke be�nden.

Ist dies jedoch der Fall, ist StandFrisch nicht mehr in der Lage den LWC
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korrekt zu bestimmen. Publikation III stellt deshalb eine Modi�kation von

StandFrisch vor, welche es erlaubt den LWC in sowohl nieselfreien also auch

nieselenthaltenden Wolken mit einer Genauigkeit von 20 % abzuleiten.

Die Resultate der hier vorgestellten Publikationen erhöhen die Genauigkeit

von einer gängig verwendeten Methode zur Ableitung des LWC in warmen,

tiefen, stratiformen Wolken und charakterisieren außerdem die Unsicherheit

dieser Methode. Damit trägt diese Dissertation dazu bei mikrophysikalis-

che Prozesse, welche Wolkenbildung und -entwicklung beein�ussen, in Sc

besser zu verstehen. Darüber hinaus kann die genaue Kenntnis des LWCs die

Evaluation von Modellen und Parameterisierungen verbessern, welche z.B.

in Reanalyses implementiert sind. Gut charakterisierte Modelle und deren

Daten sind unabdingbar für verschiedenste Anwendungen wie z.B. Wetter-

und Klimavorhersage oder das Prognostizieren von zukünftigen Energienet-

zen.
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Abstract

Climate change and an increasing global population increase the pressure

on the global community, in particular the Global North, to initiate drastic

changes in mindset, lifestyle and resource management to sustain a habit-

able environment, to minimize natural hazards, and thereby, to protect those

who are most vulnerable and least responsible for the current condition of

our planet. Among others, the shift from fossil to renewable energy sources

(renewables) plays a key role in transforming a high-carbon society into a

zero-carbon one. The integration of renewables into existing energy systems

or even the design of an energy system consisting of renewables only are

still challenging tasks that require interdisciplinary research. Such research is

conducted by the University of Cologne hosting the project Energy Transitions

and Climate Changeto support both speci�c and interdisciplinary research for

investigating open questions and creating new ones related to renewable en-

ergies and climate change.

Here, results of an interdisciplinary study are discussed investigating the

uncertainty of predicted energy systems in Germany based on the analysis

of reanalysisdata. Among others, this uncertainty depends on the accuracy

of estimated solar energy from photovoltaicpanels and is most sensitive to

changes in direct solar radiation. Hence, to assesses the uncertainty of pre-

dicted energy systems based on reanalysis data, the accuracy of the latter

itself, especially estimated solar radiation, must be characterized well. Un-

certainties in direct solar radiation in reanalysis data depend to high extent

on the prediction of clouds, especially those clouds that are abundant and

have a high albedo at visible wavelengths such as stratocumulus clouds (Sc).

Thus, understanding their formation and evolution constitutes an important

topic for renewable energy applications. To evaluate models and parameter-

izations implemented into reanalysis, accurate observations of Sc are neces-

sary, which is the main topic of this work: how accurately can we retrieve the

liquid water content (LWC) of warm low-level strati�ed clouds, in particular

Sc, using ground-based remote sensing?

The three key publications of this cumulative thesis try to answer this

question from different perspectives: Publication I evaluates the performance
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of a new W-band radar-radiometer (JOYRAD-94) that can be used to de-

rive physical properties of clouds. It is shown, by comparing JOYRAD-94

to a co-located radar, that it is capable of measuring radar re�ectivity at

94 GHz with an accuracy of about 0.5 dB. The comparison also revealed a

new method to dealiaseradar Doppler spectra using two co-located radars

enabling cloud observations with both high vertical resolution and large un-

ambiguous Doppler velocity. Additionally, JOYRAD-94 is equipped with a

passive microwave radiometer (MWR) channel at 89 GHz enabling the re-

trieval of the liquid water path with an uncertainty of about 15 g m � 2 when

the integrated water vapor is known with an accuracy of 2 kg m � 2 from

an external source. Optimal beam matching between the radar and the ra-

diometer of JOYRAD-94 is accomplished by receiving the active and pas-

sive signals over the same antenna. This is a novelty in ground-based re-

mote sensing. The advantage of optimally matched beams for cloud remote

sensing is discussed in Publication II that investigates how the accuracy of

a commonly used LWC retrieval (henceforth StandFrisch), combining radar

and MWR, changes when the instruments are displaced to each other, i.e.

observe different cloud scenes. It is found that displacing the instruments

by 10 m increases the relative retrieval uncertainty of retrieved LWC by 10 %

in the entire pro�le. At 100 m displacement, the relative error reaches 30 %.

Moreover, it is shown that studying LWC at cloud edges requires optimally

matched beams, i.e. a displacement by 10 m does already yield unreasonable

results. Publication III assess the accuracy of StandFrisch for various com-

positions of Sc. StandFrisch is capable of retrieving LWC in non-drizzling

Sc. However, once drizzle is present, StandFrisch does not obtain reasonable

estimates of LWC. Publication III provides a modi�cation of StandFrisch, the

ModFrisch, that allows retrieving LWC in both drizzling and non-drizzling

Sc with an accuracy of 20 %.

The �ndings of the three publications increase the accuracy of a com-

monly used LWC retrieval technique for warm low-level strati�ed clouds

and characterize the retrieval's uncertainties. Therefore this thesis makes an

important contribution to better understand micro-physical processes in Sc,

which drive cloud formation and evolution. Moreover, more accurate LWC

pro�les can help to improve the evaluation of models and their parameteri-

zations, which are, for example, implemented in reanalysis data. Well char-

acterized models and their data are inevitable for various applications such

as weather and climate predictions, as well as estimating future energy sys-

tems.
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Chapter 1

Introduction

1.1 Motivation

Climate change is one of the biggest challenges humanity is currently fac-

ing (IPCC, 2014). It's consequences can already be observed and many pre-

dicted changes in our climate system are not promising: the intensi�cation

of droughts (Teuling, 2018), more extreme precipitation events and �oods

(Madsen et al., 2014), an increased occurrence frequency ofEl Niño events

(Cai et al., 2014) or an increased risk of extreme heat waves (Herring et al.,

2014). A second challenge that we are facing is the continuous growth of the

global population. Current predictions estimate a global population of about

10 billion people by 2050 (Gerland et al., 2014). This implies a drastic in-

crease in the consumption of natural resources, especially, when considering

that highly populated countries from the Global South, such as China or India,

are catching up with the habits and lifestyles of the Global North. IPCC (2014)

showed that if we do not modify our lifestyle, a continuous increase of the

global population will foster climate change and make the ambitious goals

of the Paris Agreementof 2015 (UNFCCC, 2015) unachievable. Therefore the

United Nationsde�ned seventeen Sustainable Development Goals(SDG; United

Nations, 2017) whose achievement is supposed to preserve a habitable planet

and to respect the human rights of those who are most vulnerable. Among

others, the SDGs aim to expunge hunger, establish gender equality and pro-

vide affordable and clean energy.

Currently, the cleanest energy sources are renewable energy sources (re-

newables), such as wind and solar energy. Both have great potential to sub-

stitute the majority of climate-damaging coal power plants (Delucchi and Ja-

cobson, 2011); however, due to their �uctuating nature, their integration into
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the existing energy systems1 is still challenging (Lorenz et al., 2011). More-

over, accurate and spatially highly-resolved climate predictions of available

solar and wind energy in the future are necessary to increase the interest for

large scale investments by the private sector and to help policy makers in

taking sustainable decisions (Dowling, 2013). The prospective structure of

energy systems depends on demand and available technologies in the future

and on political decisions such as a zero-CO2 emission scenario by 2050 to

mitigate climate change (Rockström et al., 2017), but also on the investments

into renewables today (Uyar and Beşikci, 2017). Decisions on investments

are often based on energy system investment models (ESIM) that predict fu-

ture energy systems optimizing (among others) energy demand, investment

costs and available renewable energy (Kaundinya, Balachandra, and Ravin-

dranath, 2009). However, uncertainty estimates of ESIMs based on the me-

teorological input data are sparse in the literature and therefore represent an

important �eld of research.

Highly-resolved long-term reanalysis data, such as the COSMO Reanaly-

sis with 6 km horizontal resolution (COSMO-REA6; Bollmeyer et al., 2015),

provides an excellent opportunity to quantify available solar and wind en-

ergy and their uncertainties on time-scales of decades with high spatial res-

olution. Therefore reanalysis data has been used in numerous climatologi-

cal applications (Bengtsson, Hagemann, and Hodges, 2004; Hersbach et al.,

2017), and has also gained interest in applications of ESIMs (Langodan et al.,

2016; Zhang et al., 2018). Reanalyses are the best estimate of the atmospheric

state created by combining models and observations (Wahl et al., 2017). Both

models and observations are associated with uncertainties that lead to uncer-

tainties in reanalysis products, such as solar radiation that depends on how

clouds are parameterized within the model (Bollmeyer et al., 2015). Thus, ac-

curate cloud observations are needed to evaluate models and parameteriza-

tions in which clouds are in general still a major uncertainty source (Dufresne

and Bony, 2008).

Different cloud types in�uence different components of the Earth's radi-

ation budget: at visible wavelengths, warm low-level strati�ed clouds play

an important role. They cover approximately 30-40 % of the Earth's surface

(Wood, 2015; Rossow and Schiffer, 1999) and are strongly re�ecting. Thereby,

1The term energy systemsrefers to the spatial distribution of installed power plants, i.e.
where is how much capacity of wind, solar, coal, nuclear or gas power installed.
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stratocumulus clouds (Sc), the most common kind of warm low-level strat-

i�ed clouds, contribute to 20 % of annual mean cloud coverage. Conse-

quently, Sc are very important for the climate system, which is described

by Wood (2012) stating:

"Only small changes [...] of Sc clouds are required to produce a radiative effect

comparable to those associated with increasing greenhouse gases [...]"

Besides their impact on the global radiation budget, Sc in�uence local param-

eters such as available solar energy. Figure 1.1 illustrates the annual mean

coverage of Sc. It shows that regions in which most energy is currently con-

sumed and where most resources are invested into renewables, e.g. Europe

or China (Frankfurt School-UNEP, 2018), exhibit cloud coverages of 10 to 40

%. Because of the need of accurate predictions of the Earth's radiative bal-

ance and available solar energy in the future

"[u]nderstanding why, where, when, and how stratocumuli form, and being able to

quantify their properties, therefore constitutes a fundamental problem in the

atmospheric sciences."(Wood, 2012)

One parameter that characterizes Sc is theliquid water content2 (LWC [kg

m � 3]). The evolution of LWC depends on environmental parameters such

as humidity and temperature pro�les, adiabaticity of the lifting process and

air turbulence (Houze, 2014b). The relationship between the LWC, the cloud

droplet number concentration ( N [m � 3]), and the particle size distribution

(PSD) determine the extinction properties of liquid clouds (Houze, 2014a),

e.g. how much solar radiation is re�ected back into space. Thus, it is impor-

tant to quantify the vertical distribution of liquid in Sc.

There are two main approaches, each subdividing into various methods,

to measure the LWC: in-situ observations, such as particle counters that are

mounted on balloons or airplanes (Vidaurre, Hallett, and Rogers, 2011; Chen

et al., 2018) and remote sensing measuring radiative properties of clouds (At-

las, 1954; Fielding et al., 2014). In-situ air-born observations are in general

more accurate because the PSD is directly measured; however, instantaneous

pro�ling of the vertical column is dif�cult because balloons rise to slow and

airplanes are associated with large horizontal velocities (Wang et al., 2012).

Thus, to obtain pro�les from balloon and airplane measurements steady-

state and horizontal homogeneity are required, respectively. In contrast,

satellite and ground-based remote sensing is capable of pro�ling clouds with

2The LWC is used to describe the vertical distribution of liquid within the cloud.
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FIGURE 1.1: "(a) Annual mean coverage of stratocumulus
clouds. Data are from the combined land–ocean cloud atlas

database (Hahn and Warren 2007)." (Wood, 2012)

temporal resolutions of seconds (Marchand et al., 2008; Wang et al., 2017).

Moreover, most instruments operate automatically and are therefore more

practical when recording long-term data sets at a certain location. The dis-

advantage is that obtaining cloud properties from radiative measurements is

an inverse problem that is often ill-posed meaning that assumptions must be

made on the expected properties of the cloud (Löhnert et al., 2008). Satellites

provide data with large spatial, sometimes global, coverage that can be used

to create global maps of atmospheric properties (e.g. Fig. 1.1). However,

temporal 3 and vertical resolution is poor in comparison to ground-based sen-

sors. This is particularly problematic if the evolution of cloud properties is

investigated, especially, for those processes that happen on small temporal

(seconds to minutes) and spatial (a few meters) scales, such as rain produc-

tion (Stephens and Haynes, 2007) or entrainment of air at cloud top (Rooy

et al., 2013), both affecting LWC.

A commonly used setup of instruments is to combine a radar(Radio Detection

and Ranging) with a microwave radiometer (MWR) (e.g. Illingworth et al.,

2007; Zhao et al., 2012). The former provides information on the vertical dis-

tribution of liquid water and the latter can obtain the liquid water path (LWP

3only for non-geostationary satellites
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[kg m � 2]), i.e. the total amount of liquid in the observed column. Often a

lidar (Li ght Detection and Ranging) is additionally used to determine cloud

base, which is often missed by the radar due to missing sensitivity. The basis

of deriving LWC from radar is that the radar backscatter signal (henceforth

radar re�ectivity factor Ze) is proportional to the 6 th power of the scattering

particle's diameter in the Rayleigh scattering-regime (Petty, 2006, p. 379),

thus, the LWC can be related to Ze using a power law (Atlas, 1954). Yet, a

simple power law relation is associated with large uncertainties re�ected in

a large variety of proposed relations in the literature (Atlas, 1954; Sauvageot

and Omar, 1987; Fox and Illingworth, 1997; Wang and Geerts, 2003; Kogan,

Kogan, and Mechem, 2007). To decrease retrieval uncertainties, the LWP can

be used to constrain the total amount of liquid (Frisch, Fairall, and Snider,

1995; Frisch et al., 1998). Frisch et al. (1998) showed that under certain condi-

tions (see section 2.2.6), the square root ofZe can be directly used to distribute

the LWP over the vertical column. On the one hand, these assumptions make

retrieving LWC simple leading to a regular use of this approach 4 in the re-

mote sensing community (Zhao et al., 2012). On the other hand, the retrieval

is strongly constrained: for instance, it does not work once drizzle is present

in the cloud, which is frequently the case in Sc (Stevens et al., 2003). Other

techniques face similar dif�culties (Fox and Illingworth, 1997; Baedi et al.,

2000), so that the robust retrieval of LWC under various conditions remains

an important problem that needs to be solved.

In addition to reliable retrievals, accurate observations are needed for rea-

sonable results. The LWP is obtained from brightness temperature (BT [K])

measurements between 20 and 90 GHz (e.g. Crewell et al., 2001; Gaffard and

Hewison, 2003; Küchler et al., 2017) with an accuracy of 15-30 g m� 2, de-

pending on instrument noise and calibration accuracy (Löhnert and Crewell,

2003; Hewison and Gaffard, 2007; Turner et al., 2007; Maschwitz et al., 2013).

In contrast to MWR measurements, radars are generally associated with un-

certainties of up to several decibels (dB) (e.g. Hogan et al., 2003; Li et al., 2005;

Merker et al., 2015). For some LWC retrievals, such as Frisch et al. (1998) or

differential attenuation approaches (e.g. Hogan, Gaussiat, and Illingworth,

2005), correctly calibrated radars are not required; yet, there are many appli-

cations that need radar measurements with high accuracy, such as retrieving

LWC using a power law relation (Atlas, 1954). Two different types of radar

4or a modi�ed version
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technologies are commonly used: pulsed systems (Doviak, Zrnić, and Sir-

mans, 1979; Clothiaux et al., 1995; Görsdorf et al., 2015) that transmit sev-

eral pulses of high power (some kW) and frequency modulated continuous wave

(FMCW) radar transmitting a continuous signal with a few Watts (Strauch,

1976; Yamaguchi et al., 2009; Huggard et al., 2008; Bennett et al., 2009; Thies

et al., 2010; Delanoë et al., 2016). Both types are associated with advantages

and disadvantages that are discussed in more detail in Publication I where a

new FMCW radar is introduced. Besides the uncertainties that are associated

with the instruments themselves, synergetic observations are associated with

a further error source: instruments are mostly not located exactly at the same

place, but rather displaced by a few meters. This constitutes a further uncer-

tainty source due to potentially different conditions in the observed volumes,

which is a known problem but is mostly not quanti�ed (Frisch et al., 1998;

Kneifel et al., 2016).

This introduction began with climate change and ended with synergetic

observations. In between, reanalysis and renewables, uncertainty estimates

in ESIMs and global cloud cover, liquid water content and retrieval assump-

tions, LWP measurements and new radar technology have been discussed.

This shows, how many speci�c aspects a global topic like climate change has

and how deep one can dive into details of which even the last detail might

be of great importance to complete the puzzle. Such a complexity requires

both specialized and interdisciplinary research while the latter is in particu-

lar important for obtaining the big picture (Nature Editorial, 2016). Within

the DFG Excellence Initiative, the University of Cologne hosts the project En-

ergy Transitions and Climate Change(ET-CC) to support both speci�c and in-

terdisciplinary research for investigating open questions and creating new

ones related to renewable energies and climate change. ET-CC is an inter-

disciplinary cooperation between several public institutions, such as the In-

stitute of Energy Economicsand the Institute for Geophysics and Meteorologyof

the University of Cologne. In the framework of ET-CC, the following topics

are investigated in this thesis: (i) using reanalysis data to estimate uncer-

tainties in ESIMs (Study I); (ii) evaluating a new FMCW radar-radiometer

for studying cloud processes (Publication I); (iii) investigating how the mea-

surement setup in�uences LWC retrieval uncertainties (Publication II); and

providing a new retrieval approach to determine LWC in both drizzling and

non-drizzling conditions (Publication III).

Trying to solve the entire puzzle would have been presumptuous, yet, I

hope that I can provide some puzzle pieces, although, they might be from
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different corners. The next section contains an overview about the studies

and the outline of this thesis. This thesis is cumulative relying on three pub-

lication (Publication I, Publication II, Publication III) with a speci�c focus on

cloud remote sensing and is framed by an interdisciplinary study (Study I)

on renewable energy applications. I hope you will enjoy reading this work

as much as I enjoyed writing this introduction.

1.2 Thesis Overview

ESIMs generally use a time series ofrepresentative daysthat should cover pos-

sible extreme events5 (e.g. Nahmmacher et al., 2016). Thereby, the number

of days is restricted to about a dozen, because ESIMs are computationally

expensive. This simpli�cation implies uncertainties; however, uncertainty

estimates of such clustering techniques, in particular based on biases in the

input data, have not yet been investigated. Study I investigates uncertainties

of ESIMs, based on biases of meteorological input data, such as solar radia-

tion and wind speed: �rst, the biases of solar radiation and wind are obtained

from comparing the 20 years reanalysis data set COSMO-REA6 (Bollmeyer

et al., 2015) to observations. Then, the initially selected representative days

are disturbed by the the found biases, which leads to differences in the ESIM

output, e.g. the share of renewable energy production in the modeled energy

systems. Study I can be considered as an example of why accurate observa-

tions of cloud properties are necessary. The analysis investigates how biased

reanalysis data, which can be evaluated with independent observations, af-

fects the results of ESIMs. To the authors' knowledge, this is the �rst study

that provides uncertainty estimates for predicted energy systems. Moreover,

the comprehensive analysis in Study I implies that currently used approaches

to estimate solar and wind energy generation over larger areas, such as Ger-

many, might be insuf�cient and therefore provides a promising approach

based on reanalysis data.

The �ndings in Study I lead directly to questions that are associated with

accurate cloud observations: how accurate are reanalyses? What is the best

way to evaluate reanalyses? What is required for a comprehensive evalua-

tion? Certainly, there are many more questions arising from Study I, of which

many are directly or indirectly related to the observation of clouds. Therefore

5E.g. no wind and no solar energy availability or maximum wind and solar energy avail-
ability.
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Study I, directly related to the ET-CC project, frames the three key publica-

tions of this work as illustrated in Fig. 1.2. The three key publications are all

connected by the following question:

How can liquid water content pro�les be observed accurately?

FIGURE 1.2: Schematic overview of the studies. Key publica-
tions are the studies in green motivated by the broader context

of the project Energy Transitions and Climate Change.

Publication I gives an answer from the engineering perspective. The study

introduces and evaluates a new W-band6 radar-radiometer that provides a

novelty in ground-based remote sensing: the instrument combines passive

and active microwave remote sensing using the same antenna, i.e. both

6In general, the W-bandrefers to the frequency band between 75 to 110 GHz.
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components observe the same scene. Moreover, it is shown that the radar-

radiometer is capable of recording climatological data sets of cloud prop-

erties that help to quantify model uncertainties based on robust statistics

(Illingworth et al., 2007). Additionally, Publication I presents a new method

that improves Doppler spectra processing when two co-located radars are

measuring simultaneously. Improved Doppler spectrum processing with

high vertical resolution provides the opportunity to investigate micro-physical

processes at cloud edges, such as entrainment (Wood, 2012; Babkovskaia et

al., 2015), and in the melting layer (Giangrande et al., 2016), which strongly

in�uence the thermodynamic structure of clouds.

Publication II approaches the question from the perspective of an exper-

imental meteorologist: LWC pro�les are most commonly obtained by com-

bining radar and MWR following Frisch, Fairall, and Snider (1995) or Frisch

et al. (1998) (Zhao et al., 2012); however, no investigations have been made

on what impact the horizontal distance between the radar and the MWR has

on the retrieval accuracy. Publication II investigates the uncertainty that is

introduced by combining radar and MWR while considering the horizon-

tal distance and thereby the different scenes that the instruments observe.

Thus, Publication II is directly connected to Publication I that presents an

instrument that combines radar and MWR using the same antenna. The

�ndings from Publication II are transferable to any remote sensing appli-

cation that uses more than one instrument with high temporal resolution.

Moreover, bias analyses between models and observations, such as autocon-

version schemes (Wood, 2005), may yield different results when considering

sensor displacement as an additional uncertainty source.

Publication III tries to answer the question by evaluating the applicability

of the retrieval by Frisch et al. (1998) and thereby connects to Publication I

and Publication II. The study investigates the accuracy of Frisch et al. (1998)

under the presence of drizzle and yields a promising improvement under

drizzling conditions. This does not only provide more accurate pro�les of

LWC, but can also help to understand retrieval biases in passive and active

remote sensing (e.g. Frisch, Fairall, and Snider, 1995; Cadeddu et al., 2017).

Furthermore, enhancing the knowledge on the vertical structure of warm

low-level strati�ed clouds improves the estimation of the Earth's radiation

budget (Stephens, Paltridge, and Platt, 1978; Slingo, 1990), the quanti�ca-

tion of parameterization schemes (Zhang et al., 2005), the understanding of

the relation between small scale cloud-processes and the general circulation

(Wood et al., 2011), and the theory of how boundary �uxes (at the cloud base
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and top) and precipitation affect cloud adiabaticity (Wood, 2012).

In addition to the theory discussed in the publications, chapter 2 gives

an overview about physical properties of warm low-level strati�ed clouds,

including formation and evolution, micro-physics, and interaction with mi-

crowave radiation. Moreover, FMCW radar theory is discussed in detail,

which is the basis for all retrieval techniques applied here. Note that a de-

tailed theoretical background for Study I (contained in chapter 3) is not pro-

vided, because Study I is not the main focus of this work and can rather be

seen as extended motivation. Since Study I is an interdisciplinary study that

is currently in preparation, chapter 3.1 provides a more detailed discussion

of the work I contributed to this study. Publication I is presented in chapter 4

including supplementary material and discussions. Chapter 5 contains Pub-

lication II and Publication III. The �nal chapter concludes with a discussion

and an outlook.
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Chapter 2

Warm Low-Level Strati�ed Clouds

2.1 Physical Properties

In the following the basic concepts of the formation and evolution of warm 1

low-level strati�ed clouds are brie�y discussed, also considering micro-physical

processes that are associated with different cloud stages.

2.1.1 Formation and Evolution

Both stratus clouds (St) and Sc form "under conditions of large-scale subsidence

and strong lower-tropospheric static stability"(Wood, 2015). Unlike Sc, St are

normally not associated to deep convection, and can be formed by advection

of warm air over cold surfaces, by lifted air-masses starting to condense or by

lifted fog layers. Usually, St are of transient nature due to long-wave (LW) ra-

diative cooling at cloud top triggering turbulence and thereby transforming

into Sc (Wood, 2015).

Sc develop typically at the top of the well-mixed boundary layer where

LW radiative cooling of the clear boundary layer induces condensation of

turbulent plumes that are generated by buoyancy and wind. They are main-

tained by cloud top LW radiative cooling sustaining buoyant generation of

turbulence that deepens the cloud layer (Houze, 2014b). During day time,

cloud top LW cooling is partially compensated by solar absorption, which is

why the maximum Sc cloud cover typically occurs before sunrise (Bergman

and Salby, 1996). Entrainment of dry and warm air from the free-troposphere

aloft deepens and tends to dilute the strati�ed cloud layer (Lilly, 1968) and

thereby weakens the mixing of air-parcels from cloud top down to the sur-

face. The Sc layer becomes decoupled from the surface moisture supply and

1Clouds that have a temperature larger than 0 � C and contain only liquid water are called
"warm" clouds.
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turns into a cumulus-dominated cloud �eld enhancing surface forcing and

triggering further convection (Wood, 2012).

The vertical distribution of LWC in Sc has been shown to increase almost

linearly in marine environments. Moreover, their structure is frequently close

to adiabatic (Nicholls, 1989; Miles, Verlinde, and Clothiaux, 2000; Wood,

2005; Zuidema et al., 2005). However, initiation and evolution of drizzle 2

can lead to subadiabatic pro�les, especially, in heavy drizzling conditions

when the replenishment of moisture cannot compensate moisture removal

by precipitation (Nicholls and Leighton, 1986; Gerber, 1996). The structure

of LWC in continental Sc is more variable compared to marine Sc due to a

wider range of turbulent conditions and is often subadiabatic (Kim, Klein,

and Norris, 2005).

2.1.2 Cloud Micro-Physics

Cloud droplets form in general under heterogeneous nucleation that allows

droplet formation at supersaturations of a few percent (McFiggans et al.,

2006). Water vapor molecules condensate on solvable or insolvablecloud con-

densation nuclei(CCN) lowering the equilibrium vapor pressure over the (so-

lution) droplet's surface compared to a pure water droplet 3 of the same size.

Until the droplet reaches its critical radius, further growth requires an in-

crease of supersaturation. At the critical radius a droplet becomes activated

and grows further without the need of an increasing supersaturation. The

critical radius depends on the chemical composition, i.e. the fraction of solv-

able material, of the CCN (McFiggans et al., 2006). The concentration of CCN

varies regionally depending on the availability of sources. CCN are divided

into primary sources such as sea spray, wind-generated dust, forest-�res,

or industrial operations, and secondary sources being atmospheric gaseous

constituents that are converted by chemical processes such as photochemical

reactions (Rogers and Yau, 1989, p. 89-90).

Droplets grow due to different mechanisms: growth by diffusion being

the condensation of water vapor molecules on the droplet and collection be-

ing the merging of droplets (Lamb and Verlinde, 2011). Whereas diffusion

depends on environmental pressure, temperature and humidity, collection is

a stochastic process determined by the collision and coalescence ef�ciencies

2There is no sharp de�nition of drizzle. In literature threshold diameters between 30 and
60 mm can be found.

3The formation of a pure water droplet is called homogeneous nucleation, is initiated by
random collisions of water vapor molecules and requires supersaturations of several hun-
dred percent.
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of cloud droplets. Collection can be described with the stochastic collection

equationthat considers parameters such as size, fall velocity, LWC and air-

turbulence (Rogers and Yau, 1989, p. 124).

In the beginning droplets grow by diffusion until a threshold diameter

is exceeded (� 30 mm)4 at which size the collection process starts to domi-

nate. During the collection process, droplets grow much faster than during

diffusion (Beard and Ochs, 1993). Although, drizzle development by diffu-

sion takes about an hour or more, drizzle and rain formation can take place

in less than half an hour (Stephens and Haynes, 2007), which is a process

that has not yet been fully understood (Acquistapace, 2016, p. 16). The col-

lection process is subdivided into autoconversion and accretion. The former

refers to merging of equally sized droplets, which happens in the early stage

of drizzle development. The latter describes the collection of smaller cloud

droplets while larger drizzle drops begin falling through the cloud (Rogers

and Yau, 1989, p. 141).

Although the number concentration ( N) of drizzle drops is in general sev-

eral magnitudes smaller than that of cloud droplets, drizzle plays an impor-

tant role in cloud thermodynamics and in cloud remote sensing: drizzle de-

velopment and precipitation removes cloud water, which can lead to subadi-

abatic and even non-linear LWC pro�les if turbulent �uxes cannot replenish

cloud condensate suf�ciently (Wood, 2005). Furthermore, drizzle leads to

cooling below cloud base due to evaporation inducing turbulence. Despite

its small N, and thereby negligibly contributing to LWC, drizzle strongly

masks radar scattering signals due to its size, which complicates the retrieval

of LWC in drizzling clouds (see sections 2.2.1 and Publication III).

2.2 Observing Warm Low-Level Strati�ed Clouds

In this section, the two main observational concepts, which are used in this

work, are discussed: passive microwave radiometry and radar 5. Both de-

pend on the interaction between microwave radiation and cloud particles,

which is brie�y discussed in the following, too.

4Therefore 30 mm are sometimes used as threshold to discriminate between cloud
droplets and drizzle.

5also known as active microwave radiometry
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2.2.1 Interaction with Microwave Radiation

Di-electric extinction properties, i.e. (back-) scattering and absorption (emis-

sion)6, of a hydro-meteor 7 depend on its phase, shape, size, density, tem-

perature and the frequency ( f ) at which extinction is investigated (Petty,

2006). Here, the focus will be on emission and backscattering properties of

hydro-meteors at microwave frequencies between 1 and 100 GHz. Figure

2.1 shows a microwave extinction spectrum for a cloudy scene at frequencies

between 1 and 100 GHz. The extinction coef�cient is mainly determined by

absorption/emission as scattering by cloud droplets can be neglected at these

frequencies (Petty, 2006, p. 346), in particular at lower microwave frequen-

cies. At higher frequencies, scattering by larger droplets or drizzle of radia-

tion emitted by cloud particles must be accounted for in the measurements

(Cadeddu et al., 2017). The spectrum illustrated in Fig. 2.1 is dominated by

the water vapor continuum, the liquid water continuum, the pressure broad-

ened water vapor rotational absorption line at 22.235 GHz and the pressure

broadened rotational absorption complex of oxygen at 60 GHz (Löhnert and

Crewell, 2003). Contributions from other atmospheric constituent such as ni-

trogen and ozone contribute negligibly. Measuring microwave emissions at

multiple frequencies allows to retrieve atmospheric properties such as tem-

perature pro�les, the integrated water vapor (IWV [kg m � 2]) or the LWP. The

latter will be discussed in more detail in section 2.2.5.

Although scattering is mostly negligible for passive remote sensing (see

above), where absorption dominates extinction, active microwave sensors,

i.e. radars, use the back-scattering properties of hydro-meteors. Radars

transmit signals with high power producing a measurable back-scattered sig-

nal that is directly related to the back-scattering cross-section sB [m2] of the

particles. For zenith-pointing radars, cloud droplets and drizzle appear as

spheres and their backscattering properties can be described by the Mie the-

ory (Mie, 1908). The back-scattering cross-section of particles with a diameter

D [m] much smaller than the observed wavelength l (D � l ) can be de-

scribed by a special case of the Mie theory, the so-calledRayleigh-scattering

regime(Petty, 2006, p. 355):

sB =
p 5jKwj2D6

l 4 (2.1)

6Kirchhoff's radiation law states that a body emits radiation as ef�cient as it absorbs it at
given frequency (Petty, 2006, p. 126).

7Hydro-meteoris a governing term for water particles, such as rain, cloud droplets or ice
particles, in the air.
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FIGURE 2.1: "Microwave extinction due to water vapor, oxy-
gen, and typical cloud liquid water content of 0.2 g m � 3 at 895

hPa. [...]" Source Löhnert and Crewell (2003).

where Kw depends on the dielectric properties of the particle 8. Rayleigh-

scattering applies for cloud droplets and drizzle when probing with frequen-

cies between 1 and 50 GHz. At higher frequencies, Rayleigh scattering can be

become invalid for drizzle, depending on drop size and frequency. Moreover,

absorption by liquid water must be taken into account at higher frequencies

when analyzing the return signal (Hogan, Gaussiat, and Illingworth, 2005).

2.2.2 Passive Microwave Radiometry

The main components of a direct detecting MWR, as presented in Publica-

tion I, are depicted in Fig. 2.2. In direct detecting systems, no manipulations

are done on the incoming signal before it reaches the detector9. The re�ec-

tor focuses the incoming radiation into the horn antenna where the signal

is coupled into the transmission line. The signal is split by band-pass �lters

8The index "w" in Kw stands for "liquid water" to be consistent with the notation in Pub-
lication I.

9In superheterodyne receivers the incoming signal is converted by a local oscillator into a
intermediate frequency(IF) simplifying signal processing (Armstrong, 1921). This architecture
is implemented in the radar-system presented in Publication I.
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into the according frequency channels before detectors convert the signals

into voltages (Ulaby, Moore, and Fung, 1981, p. 363).

FIGURE 2.2: Schematic illustration of the receiver chain of a
direct detecting radiometer. Source (Küchler et al., 2016).

The total power Pr [W] received by a MWR is determined by the power

delivered by the scene Psc and the instruments' noise power PN :

Pr = Psc+ PN (2.2)

In the Rayleigh-Jeans regime (where h f � kBBT)10, the Psc and PN can be

expressed in terms of Planck-equivalent brightness temperatures (BT [K])

(Ulaby and Long, 2014, p. 272)

Pr = kB(BTsc+ BTN ) (2.3)

Expressing the power of the scene in terms of BT is convenient, because BTs

already include the frequency dependence of the scene's radiative properties

simplifying a qualitative comparison of observations at different frequencies.

The performance of a MWR can be described by its accuracy and preci-

sion. The accuracy is determined by the quality of the absolute calibration.

The MWRs used in this work are typically calibrated with a so-called liquid-

nitrogen calibrationthat was found to provide an accuracy of approximately

0.5 - 1 K (Maschwitz et al., 2013; Küchler et al., 2017). The precision (also

known as sensitivity) depends on gain �uctuations, system noise, integration

time and receiver bandwidth (Reeves, Ansons, and Landen, 1975, p. 518).

2.2.3 Frequency Modulated Continuous Wave Radar

Vertical structure of clouds can be obtained by using active remote sensing

such as radar (Kollias et al., 2007; Kneifel, Kulie, and Bennartz, 2011; Luke

and Kollias, 2013; Tridon and Battaglia, 2015; Acquistapace et al., 2017). Two

10with Planck's constant h and Boltzmann's constant kB



2.2. Observing Warm Low-Level Strati�ed Clouds 23

technologies are currently available: pulsed systems and FMCW radars. The

former transmit a pulse of microwave radiation and measure the delay time

and the strength of the return signal (Doviak, Zrnić, and Sirmans, 1979). In

contrast, FMCW radar transmits continuously while changing the frequency,

a so-calledchirp (Strauch, 1976).

Millimeter FMCW radars are suitable to obtain information on cloud micro-

physics such as the vertical distribution of hydro-meteors (e.g. Lhermitte,

1987; Delanoë et al., 2016). Section 4.1 presents one key publication of this

thesis (Publication I), introducing a new W-band FMCW radar-radiometer.

Publication I contains basic principles of FMCW radar theory; however, ex-

planations are very brief. Therefore, a more detailed description of FMCW

radar theory is given here.

Figure 2.3 shows the principle of FMCW radar using a saw-tooth chirp for

a steady particle11 at distance R [m]. The transmission frequency is contin-

uously 12 increased spanning the bandwidth B [Hz] over the chirp duration

Tc [s]. The transmitted signal ( st [W]) is re�ected at distance R leading to the

time shift

Dt =
2R
c

, (2.4)

with c being the propagation velocity of the electro-magnetic wave. Hence,

the difference f IF [Hz] between the transmitted and received signal ( sr [W])

is constant over the entire chirp and f IF can be expressed via

f IF =
2R
c

B�

Tsamp
. (2.5)

where B� is the actual bandwidth used over the effective sampling time Tsamp.

The f IF signal is obtained from mixing st and sr , which is mathematically

a multiplication of both signals. The signal at the detector output sd is com-

posed of two periodic contributions: one being composed out of the sum of

the phases ofst and sr and the other out of their difference, i.e. f IF (Strauch,

1976, p. 13). The former is �ltered out leading to

sd µ sin( f IF) (2.6)

Usually, st is backscattered at several distances leading to a superposition

11The in�uence of Doppler shifts due to moving particles can be in general neglected when
determining the range of the scatterer, because the frequency shift is much smaller than the
frequency interval that separates two range gates.

12Note that continuouslyrefers to a stepwise increase of the transmitted frequency due to
discretized nature of digital data.
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FIGURE 2.3: Example of a sawtooth chirp Tc . Transmitted fre-
quencies over B (black line). Received frequencies delayed by
Dt (gray line). The backscattering particle's distance and veloc-
ity determine f IF. The sampling time Tsamp is determined by

the maximum distance that is sampled.
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of f IF signals. To unfold this superposition, a Fast Fourier Transformation(FFT;

Cooley and Tukey, 1965) is performed over one chirp providing the original

f IFs that can be directly mapped into the range space via Eq. (2.5).

The smallest change of f IF (df IF) that can be resolved depends on the

sampling frequency f0 of the data processing unit and the number of sampled

data points ( N f f t):

df IF =
f0

N f f t
(2.7)

Due to the Nyquist limit (Shannon, 1949), the FFT frequency spectrum can

resolve N f f t /2 intermediate frequencies(IFs). The total sampling time

Tsamp= N f f tTbin (2.8)

is determined by N f f t and the sample time Tbin of each discrete frequency

step of the chirp.

Thus, Eq. (2.7) can be rewritten to

df IF =
f0Tbin

Tsamp
=

1
Tsamp

(2.9)

showing that the frequency resolution depends only on the total sampling

time.

To determine the range resolution dR, the discretized derivative from Eq.

(2.5) is taken yielding
df IF

dR
=

2B�

cTsamp
. (2.10)

Combining Eq. (2.9) and Eq. (2.10) gives the range resolution:

dR =
c

2B� (2.11)

After decomposing the IF signals into the corresponding range gates, the

decomposed IF signals can be further analyzed by applying a second FFT in

each range gate that separates the contributions from targets moving with

different velocities yielding the Doppler spectrum. A moving target with ve-

locity vd [m s� 1] shifts the phase of sr over time producing a frequency shift

fd [Hz] of the IF signal according to the Doppler effect:

fd = ft
2vd

c
(2.12)

where ft is the transmitted frequency. The phase change of sr over time is
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sampled by executing M f f t chirps sequentially providing a time series of IF

signals in each range gate. Thus, the Doppler frequency resolution13 is given

by

dfd =
fsamp

M f f t
, (2.13)

which can be mapped into the velocity space. The sampling frequency of the

chirps fsampis inversely proportional to the chirp duration:

fsamp=
1
Tc

(2.14)

The maximum unambiguous velocity ( vN ; henceforth Nyquist velocity) is

determined by the Nyquist limit, i.e. the maximum resolvable fd:

f max
d =

fsamp

2
=

1
2Tc

(2.15)

2.2.4 Radar Moments

Due to a �nite vertical resolution and a �nite beam width, radar back-scatter

signals are created by multiple scatterers. When assuming randomly dis-

tributed particles and no shadowing effects between them 14, the back-scattering

cross-section per unit volume (henceforth radar re�ectivity h [m � 1]) can be ex-

pressed as (Doviak and Zrnić, 1993, p. 82)

h =
Z ¥

0
n(D)sB(D)dD (2.16)

with the particle size distribution n(D) [m � 4]. Assuming Rayleigh-scattering,

h can be re-written using Eq. (2.1) to

h =
jKwj2p 5

l 4 Z (2.17)

with the radar re�ectivity factor[m6 m � 3]

Z =
Z ¥

0
n(D)D6dD. (2.18)

13Note that despite the 1st FFT, the FFT spectrum of the 2nd FFT consists ofM f f t indepen-
dent points because the input time series are complex, instead of real, numbers.

14Then, incoherent scattering theory is applicable, i.e. the total scattering cross-section
equals the sum of individual particles' cross-sections.
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If the Rayleigh-approximation does not apply, Z is called the equivalent radar

re�ectivity factor Ze, which will be henceforth used to assure generality.

From the Doppler spectrum in velocity space (Fig. 2.4), spectral moments

can be determined after the noise �oor has been removed. Here, the method

from Hildebrand and Sekhon (1974) is used. The kth statistical moment M k

about the value q of the Doppler spectrum is given by

M k =
Z ¥

� ¥
(vd � q)kZe(vd)dvd (2.19)

with the spectral re�ectivity factor Ze(vd) and the Doppler velocity vd. Hence,

the 0th moment of M k about q = 0 is the re�ectivity factor Ze.

The �rst moment of the discrete Doppler spectrum, normalized with Ze,

is the mean Doppler velocity [m s � 1] and is given by

vm =
å

M f f t

i Ze(vd( i))vd( i)
Ze

, (2.20)

where M f f t is the number of spectral bins15. The mean Doppler velocity is

determined by the nominal fall velocities of each particle and the vertical air

motion (Gunn and Kinzer, 1949). It has been used for many different appli-

cation, such as to obtain PSD (Gunn and Kinzer, 1949), vertical air motion

(Kollias, Albrecht, and Marks, 2002) or to constrain LWC retrievals (Khain

et al., 2008). In Publication I, vm is used to investigate the performance of the

new FMCW radar.

Beside Ze and vm, higher central moments about the mean of the distri-

bution are typically used in radar-meteorology (Doviak and Zrnić, 1993, p.

109). The square root of the second central moment is the spectral width [m

s� 1]

sv =

s
å

M f f t

i Ze(vd( i))( vd( i) � vm)2

Ze
(2.21)

depending on vm and is in�uenced by turbulence and wind shear (Doviak,

Zrnić, and Sirmans, 1979), which can therefore be retrieved analyzing Doppler

spectra (e.g. Atlas, 1964).

The Doppler spectrum skewness, being the third central moment,

Sk=
å

M f f t

i Ze(vd( i))( vd( i) � vm)3

Zes3
v

(2.22)

15M f f t refers to the number of samples of the 2nd in the data processing (see section 2.2.3).
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is a measure of how much the spectrum is tilted with respect to a symmetric

distribution. The skewness is smaller (greater) than zero, if the spectrum

is tilted to towards larger (smaller) values. The skewness can be used for

example to identify liquid layers in ice clouds (Yu et al., 2014) or to determine

the onset of drizzle (Luke and Kollias, 2013; Acquistapace et al., 2017). The

latter approach is used in Publication III in a modi�ed way to improve the

retrieval of LWC in drizzling liquid water clouds.

FIGURE 2.4: Radar Doppler spectrum (solid line), measured by
a 94 GHz radar (Publication I), showing the spectral re�ectiv-
ity Ze(vd) depending on the Doppler velocity vd. The dashed
horizontal line indicates the mean noise �oor that is subtracted
from the signal before spectral moments are calculated. The cir-
cle indicates the mean Doppler velocity, the double-arrow the
spectral width, and the dotted and tilted line the negative skew-
ness. Note that Doppler velocities smaller than zero correspond
to particles moving towards the radar. This notation is used in
Publication I. However, some data sets are based on a converse

notation, such as the data set used in Publication III.

2.2.5 Determining the Liquid Water Path

State-of-the-art LWP retrievals combine several (minimum 2) frequencies,

usually at 22.235 and around 30 GHz (Crewell et al., 2001). LWP [kg m� 2] is
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linearly related to the differential change of BT at these frequencies (Löhnert

and Crewell, 2003). As the �rst frequency is located at the water vapor ab-

sorption line, the IWV can be obtained simultaneously. In section 4.1, it will

be shown that LWP can also be retrieved by using only one BT at a window

frequency when knowing the IWV from an external source. The accuracy of

LWP retrievals is about 15-30 g m� 2 depending both on the instrument's sen-

sitivity and absolute calibration accuracy (Löhnert and Crewell, 2003; Turner

et al., 2007).

2.2.6 Retrieving Liquid Water Content

The liquid water content of warm low-level strati�ed clouds can be derived

with various ground-based techniques (e.g. Atlas, 1954; Fox and Illingworth,

1997; Frisch, Fairall, and Snider, 1995; Frisch et al., 1998; Rusli, Donovan, and

Russchenberg, 2017). A commonly used approach is to combine LWP from

MWR and Ze measurements from radar like in Frisch et al. (1998) (henceforth

standFrischfor "standard Frisch"). The standFrisch scales the LWP with the

re�ectivity signal to obtain LWC [kg m � 3] estimates:

LWCi =
LWP

p
Ze( i)

å
Nl
j= 1 dRj

p
Ze( j)

(2.23)

where dRi [m] is the vertical resolution at layer i and Nl is the total number

of layers. The retrieval assumes that the number concentration of droplets

is constant with height and that Rayleigh-scattering applies, i.e. the 3 rd mo-

ment of the PSD is linearly related to the 6 th moment. These assumptions

have been found to be frequently valid for Sc (Frisch et al., 1998); however,

an uncertainty remains. In particular, once drizzle is present in the cloud

StandFrisch is strongly biased or even produces unrealistic results (see Publi-

cation III). Note that any relative uncertainty in LWP translates into the same

relative uncertainty in the entire LWC pro�le. The standFrisch is used in

Publication II and Publication III.

2.3 Modeling Warm Low-Level Strati�ed Clouds

Modeling cloud processes is necessary to increase the understanding of cloud

micro-physical processes and to provide references for cloud observations.

Further, they can help to develop and improve retrieval algorithms as is
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shown in Publication III. Cloud micro-physical processes can be either pa-

rameterized or modeled by solving the governing thermodynamical- and

�uid-dynamical equations.

Everything that the spatio-temporal resolution of a model cannot resolve,

has to be parameterized. Hence, the scales vary tremendously, on which pa-

rameterizations are implemented: in climate and coarse weather prediction

models, macro-physical properties of clouds, such as LWP, must be param-

eterized (Bogenschutz and Krueger, 2013). Large eddy simulations (LES)

parameterize cloud micro-physics, such as autoconversion, in bulk micro-

physical schemes (Kessler, 1969) or explicit micro-physical schemes (Fein-

gold et al., 1994). Direct numerical simulations can resolve turbulence to

Kolmogorov scale, but still require parameterizations of some micro-physics,

such as droplet activation or condensation (e.g. Kumar et al., 2017).

If the cloud micro-physics are given, radiative transfer models (RTM;

Clough et al., 2005) can be applied to estimate extinction properties of hydro-

meteors (Ebell et al., 2011). RTMs can also be used to forward model radar

and MWR observables, such as Doppler spectrum moments and BTs, to in-

vestigate how changes in micro-physics affect MWR and radar observations

and to test retrievals.

In Publication II and Publication III two different types of models are

used: the 1-D steady state bin-micro-physical model(MiMo) by Kollias et al.

(2011) is used to simulate drizzle evolution in warm clouds and the Passive

and Active Microwave Radiative Transfer Model(PAMTRA; Maahn et al., 2015)

to simulated radar and MWR observables. Information on model setup and

uncertainties are provided in the corresponding sections as well as in the

cited literature.
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Energy Transitions and Climate

Change

3.1 Study I: Uncertainty Estimates of Energy Sys-

tem Investment Models

In context of the project Energy Transitions and Climate Change, an interdisci-

plinary study is conducted to investigate how energy systems must be mod-

i�ed to account for a changing climate and the associated shifts in "climate-

friendly" energy policy. The study by Henckes et al. (2018b, in preparation)

investigates the uncertainty of the Renewable Power System Model (RPSM),

being an energy investment model (ESIM), that assumes a reduction of CO2-

emissions of 90 % compared to 1990 by 2050 in Germany (henceforth 90%-

scenario). ESIMs are used to investigate how future stable energy systems

look like by optimizing costs, demand and available energy resources, such

as nuclear energy, coal, gas and renewables. Henckes et al. (2018b) estimate

the uncertainty of RPSM based on uncertainties of meteorological input data

that is needed to predict available wind and solar energy. They average

the 20 years high-resolution (6 km horizontal grid) reanalysis COSMO-REA6

over Germany (Bollmeyer et al., 2015) to a one-year reference time series of

wind and solar radiation and quantify the time series' uncertainties by com-

paring COMSO-REA6 data to observations. To reduce computational costs,

Henckes et al. (2018b) reduce the time series to about a dozenrepresentative

daysby a multi-dimensional clustering (e.g. Nahmmacher et al., 2016). Thus,

the representative days should represent most of the variability of possible

scenarios of energy demand and production to ensure a stable energy sup-

ply under various meteorological conditions. The meteorological input data

is converted into available renewable energy using the Renewable Energy

Output Model (Henckes et al., 2018a). Figure 3.1a shows how the share of
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different technologies of the total energy generation evolves under the 90%-

scenario based on the determined representative days. The total generation,

i.e. the sum of demand and losses by power plants, is assumed to stay con-

stant. It is evident that the share of renewables, in particular wind, increases

until 2050. The decrease of the renewables' share after 2050 is currently under

investigation and cannot be answered yet. Comparing the increase of wind

energy to the increase of photovoltaic (PV) energy shows that wind energy

production in Germany is much more ef�cient than PV, hence, more invest-

ments are made in the wind energy sector. Nevertheless, PV contributes to

about 7 % to the total generation by 2050.

To obtain the uncertainty of RPSM, Henckes et al. (2018b) run RPSM addi-

tionally using representative days with perturbations according to the uncer-

tainties found for wind and solar radiation. First results indicate (Fig. 3.1b)

that the predicted energy system shows signi�cant differences between the

perturbed run and unperturbed one. Figure 3.1b illustrates what happens

if available wind and solar energy is underestimated: investments into wind

energy, in terms of share of energy generation, are reduced by almost 20 % by

2050 and must be replaced by other technologies. Besides investments into

biomass, the underestimation of wind and solar energy is compensated by

investments into gas energy. This implies that Germany, being the world's

biggest importer of gas (BGR, 2017), would need to increase its imports en-

hancing the dependency on gas-exporting countries. The preliminary �nd-

ings by Henckes et al. (2018b) show that it is key to further investigate the un-

certainties of ESIMs in order to ensure reasonable decisions on energy policy

and investments into renewables. Note that the authors consider only errors

in the meteorological input data and do not consider any biases due to model

assumptions, demand variations or political decisions such as the exit from

nuclear energy production by Germany.

To estimate the available solar energy that is used as input by Henckes et

al. (2018b), the tilt angle of photovoltaic (PV) systems must be know. In the

following, it is shown how the optimal tilt angle over Germany can be de-

termined based on two radiation models: The analytical model by Klucher

(1979) (KM) estimates the total solar �ux on a PV panel by considering direct

and diffuse radiation separately. In particular, it uses a geometrical approach

to determine how much diffuse radiation is shaded and additionally received

by surface re�ections due to the tilting of the PV panel. The model by Perez

et al. (1990) (PM) estimates radiation components mainly based on the tilt an-

gle and on a look-up table depending on an empirically estimated clearness
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(a)

(b)

FIGURE 3.1: (a) Estimated contributions to the total energy gen-
eration in Germany of by different technologies for the 90%-
scenario. CCGT, OCGT and PV are abbreviations for combined
cycle gas turbine, open cycle gas turbine and photovoltaic, re-
spectively. Runoff represents water power. The results are ob-
tained from the Renewable Power System Model (RPSM) by
Henckes et al. (2018b) that is coupled with the Renewable En-
ergy Output Model (Henckes et al., 2018a) whose meteorolog-
ical input data is based on 20 years averaged reanalysis data.
(b) Difference between RPSM output based on meteorological
input data from (a) perturbed by its uncertainty and the results
shown in (a). The perturbed case represents an underestima-
tion of available wind and solar energy. Source Henckes et al.

(2018b).
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index.

3.2 Optimal Tilt Angles of Photovoltaic Systems

in Germany

Based on the radiation data of COSMO-REA6, the optimal tilt angle, with

respect to maximum producible energy, was determined for south-oriented

PV systems at each location implemented in the solar energy model used by

Henckes et al. (2018b). First, the COSMO-REA6 radiation data from 1995 to

2015 was averaged to a one year time series for every location. Then, the total

solar �ux on a tilted plane was calculated for various tilt angles. In the �nal

step, the tilt angle providing the largest cumulative �ux was selected. The

total �ux Stot [W m � 2] is determined by

Stot = Sdir + Sdi f + Sre f (3.1)

whereas Sdir is the direct incident radiation depending on the sun's zenith

and azimuth angle, and the tilt angle qtilt of the plane. For comparison, the

diffuse contribution Sdi f was determined using KM and PM. Sre f is the radi-

ation that reaches the panel after being re�ected by the surface and depends

on qtilt and the surface albedo A.

Figure 3.2 shows the optimal tilt angle for entire Germany for both models

and their differences. In both models the tilt angles are about 10 � smaller

than the latitude, which is due to the contribution of diffuse radiation. Sdi f

contributes on average between 25 to 75% to the total radiation in Germany,

depending on the location. The models differ on average by 4 � . How these

differences translate into uncertainties in available energy will be discussed

in the next section.

Signi�cant patterns, such as the stripe of low tilt angles at about 48.5 � North

9-12� East in the KM, correspond to patterns found in the averaged direct ra-

diation on an horizontal plane. Hence, the horizontal stripe corresponds to

an area of low direct solar radiation.

3.3 Sensitivity of Radiation Models

The amount of modeled energy that can be produced by a PV panel is con-

strained by the physical properties of the panel and the environmental input
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FIGURE 3.2: Optimal tilt angle for southerly oriented PV pan-
els in Germany determined using COSMO-REA6 radiation and
surface albedo data with two different radiation models: (a) PM
(Perez 1990) and (b) KM (Klucher 1979). (c) DifferenceDq be-
tween the to models' output angles qP and qK of PM and KM

model, respectively.
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parameters, being the direct and diffuse radiation, surface albedo, and panel

tilt angle. To investigate the sensitivity of the KM and PM with respect to en-

ergy produced per year to the environmental parameters, a total ef�ciency 1

of PV panels of 10 % and an area of 1 m2 is assumed. The analysis is done for

an exemplary location at 50.9213� N and 6.4002� E that was arbitrarily chosen,

because large sensitivity differences between any grid points in Germany are

not expected due to the large time frame averaged.

Figure 3.3a shows the energy produced per year depending on the tilt

angle and model for diffuse radiation. The maximums correspond to the op-

timal tilt angles illustrated in Fig. 3.2. The sensitivities, derived from these

curves, are shown in Fig. 3.3b, i.e. how much does the produced energy

change when changing the tilt angle. It is evident that the sensitivity is very

low, being on the order of 0.1 kWh y � 1 deg� 1, close to the maximums. More-

over, the difference of the maximum energies in Fig. 3.3a between KM and

PM is smaller than 1%.

In the next step, all model input parameters are disturbed by their un-

certainties given by Henckes et al. (2018b) (see table 3.1), while all other pa-

rameters are kept constant and using the optimal tilt angles from section 3.2.

Then, the energy difference DE to the undisturbed case is calculated. It is

found that the direct radiation, exhibiting 23 (24)% relative uncertainty for

the KM (PM), is the largest uncertainty source and the absolute error is one

order of magnitude larger than the error of all other input parameters. An

overview is given in table 3.1.

The results of the sensitivity study suggest that the choice of the radia-

tion model does not signi�cantly change the amount of producible energy

compared to the uncertainty of Sdir . Therefore, the KM is used by Henckes

et al. (2018b), because it is an analytical model and is not based on empirical

�ndings like the PM. The second conclusion is that the direct solar radiation

represents the major uncertainty source exhibiting an uncertainty of one or-

der of magnitude larger than all other model input parameters. Therefore the

uncertainties of the latter are neglected and only the Sdir is used by Henckes

et al. (2018b) to estimate the error in available solar energy.

1that depends also on environmental parameters such as air temperature
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FIGURE 3.3: (a) Produced energy, depending on the tilt angle
and the radiation model (KM and PM), by a PV system of 1 m
s� 2 area with an ef�ciency of 10 %. (b) Sensitivity of energy

production in kWh y � 1 deg� 1 depending on the tilt angle.
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TABLE 3.1: Sensitivity of radiation models KM and PM with
respect to the uncertainties of the input parameters, being the
direct radiation Sdir , the diffuse radiation Sdi f and the surface
albedo A. Each input parameter was disturbed by its un-
certainty determined by Henckes et al. (2018b) (�rst column),
while all others were kept constant. Given are absolute and
relative energy differences [kWh y � 1] to a reference PV panel
having an area of 1 m2, an ef�ciency of 10 % and a tilt angle
of 36� and 40� for the KM and PM, respectively. The reference
energies Eopt, determined using the optimal tilt angles, are 129
and 130 kWh y � 1 for the KM and PM, respectively. Note poten-
tial energy loss induced by an uncertainty of the surface albedo

is smaller than 0.5 kWh y � 1.

Uncertainties after KM PM
Henckes et al. (2018b) DE DE

Eopt
DE DE

Eopt

Sdir 123 W m� 2 30 kWh y � 1 23 % 31 kWh y � 1 24 %
Sdi f (0.26� Sdi f + 20.5) W m� 2 3 kWh y � 1 2 % 3 kWh y � 1 2 %
A 0.03 0 kWh y � 1 0 % 0 kWh y � 1 0 %
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New Opportunities for

Ground-Based Remote Sensing of

Clouds

4.1 Publication I

N. Küchler et al. (2017). “A W-Band Radar–Radiometer System for Accurate

and Continuous Monitoring of Clouds and Precipitation”. In: Journal of At-

mospheric and Oceanic Technology34.11, pp. 2375–2392.ISSN: 0739-0572.DOI :

10.1175/JTECH-D-17-0019.1. URL: http://journals.ametsoc.org/doi/

10 .1175/JTECH- D- 17- 0019.1 c
 American Meteorological Society. Used

with permission.
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4.2 Measurement Uncertainties due to Sequential

Chirp Sampling

On the one hand, JOYRAD-94 has optimally matched beams of passive and

active radiometric components, which decreases uncertainties in retrievals

combing passive radiometry and radar. This is further discussed in Publica-

tion II. On other hand, JOYRAD-94 executes several chirp sequences consec-

utively to account for a limited IF bandwidth that does not allow sampling

of the entire vertical column with one chirp sequence. This leads to a delay

between the individual chirp sequences. Therefore, different atmospheric

layers are sampled at different times, i.e. the sampled vertical pro�le will

be a composite of different scenes, if the physical conditions of the observed

volumes changes on time scales smaller than the time difference between the

chirps.

Figure 4.1 shows a comparison between JOYRAD-94 and JOYRAD-35 of

single-layer ice-clouds that are classi�ed by CLOUDNET (Illingworth et al.,

2007). CLOUDNET provides data with 30 s temporal resolution. The maxi-

mum Zes that are detected by JOYRAD-35 and JOYRAD-94 within this time

frame and their sampling times are compared. The data is separated into

three layers in which cloud base heights (CBH) occur. As both instruments

agree in terms of Ze measurements (see Publication I), the difference of max-

imum detected re�ectivities ( Dmax(Ze)) is distributed around zero. How-

ever, the time difference of when the maximums are sampled increases with

height from 0 s below 1200 m to 1 s between 1200 and 3000 m and to 2 s

above 3000 m. These differences coincide with the (cumulative) sampling

times of JOYRAD-94 at the respective layers, which are given in table 2 in

Publication I. This implies that the accuracy of temporally high-resolved (a

few seconds resolution) retrievals that focus on the entire vertical column

will degrade if the scene changes on time scales smaller than the sampling

time of an entire chirp sequence. However, retrieving cloud properties from

clouds with a few hundred meters thickness, such as those investigated in

Publication II and Publication III, will be affected much less as long as the

cloud is located within only one (chirp) layer. If data of JOYRAD-94 is used

in combination with other instruments, e.g. for comprehensive retrieval ap-

proaches (e.g. Frisch et al., 1998), the sampling times of the instruments must

be corrected accordingly. Hence, data processing of JOYRAD-94 data may

be more laborious than for other instruments, e.g. JOYRAD-35, which probe
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the entire column simultaneously 1. The errors that can be expected due to

delays in the sampling time will be as high as the variability of the measured

property during this delay time.

4.3 Dealiasing Radar Doppler Spectra

In addition to the data processing conducted by the RPG-software, the data

of JOYRAD-94 undergoes several further quality checks (henceforth AddProc

for additional processing). The main check is the so-called dealiasingthat is

also discussed in Publication II. In contrast to the dual radar dealiasing method

introduced in Publication II, AddProc does not use vm from a co-located

radar as initial guess, but uses vm from a neighboring range gate that is

aliasing-free or has already been dealiased. AddProc starts dealiasing at

cloud top, where Doppler velocities are in general small, i.e. close to zero,

where no aliasing is expected. If no aliasing is evident, AddProc calculates

radar moments for the considered range bin and uses the corresponding vm

as initial guess for the next lower range gate. The �nal spectrum is deter-

mined as described in Publication II.

The assumption of aliasing-free cloud tops is not always valid, especially

in very turbulent cloud and fog layers. As a consequence, the initial guess

will be wrong, if the spectrum is shifted by a multiple of the twice the Nyquist

velocity. Such a wrongly determined guess velocity propagates through the

entire cloud layer. This is illustrated in Fig. 4.2a showing a dealiased time-

height �eld of vm for a one-hour time series in a turbulent cloud. Clearly

visible are vertical columns in which vm is under- or overestimated by a mul-

tiple integer of the 2 vN . AddProc identi�es such columns by

1. calculating the difference between two consecutive bins in time;

2. calculating the mean difference for each vertical column;

3. taking the absolute value of point 2;

4. treating the absolute values as a signal and determining the peak noise

level using Hildebrand and Sekhon (1974);

5. and �nally identifying all values larger than the peak noise determined

in (4).
1Actually, no active instrument can probe the entire column simultaneously - the signal

from the �rst range gate will always return earlier than from any other range gate. How-
ever, the delay is usually so short (microseconds) that steady state can be assumed for the
observed scene.
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(a)

(b)

(c)

FIGURE 4.1: Occurrence frequency of the difference between
the maximum re�ectivities of JOYRAD-35 and JOYRAD-94
(Dmax(Ze) = max(Z35

e ) � max(Z94
e )) that were observed dur-

ing a time window of 30 seconds versus the time difference Dt
when the two instruments detected the maximum. Only single-
layer ice-clouds are considered. (a) For cloud base heights
(CBH) between 400 and 1200 m. (b) For CBH between 1200
and 3000 m. (c) For CBH between 3000 and 12000 m. Note that

the color scale is different in (a).
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