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Abstract

One of the greatest challenges facing humanity in the 21st century is the trandtiibn to a
decarbonizedsociety. The most abutent energy resource available to mankind is the Sun.
Concentrated sol@nermalpower (CSP) plants withermal energy storages (TEB8th as parabolic
trough (PT) power plants, could provide a renewable source of dispatchable energyfcapable
balancingdluctuations in electrical grids caused by intermittent sources.

Yet, whethePT power plants are going to play an important role in the future is mainly a
guestion of cost. One of the ways to increase the competitiveri@§spofver plantds the
optimization of solar field controlledPT solar fields are compkpatiallyextended thermbydraulic
facilities which concentrate the direct normal irradiance (DNI) on receiverTiubeasperation of
these solar fields is strongly affectedpayial and teporalvariabilitiesof DNI, mainly caused by
clouds.Stateof the art PT solar field controfidrave only a limited awareness of the current spatial
and temporal DNI variabilitgince these controllers have only access to irradiance measurements of
oneor a handful of pyrheliometers.

All sky imager (ASI) based nowcasting sys@mgravide spatial DNI information with an
adequate temporal and spatial resolfitioT solar field controlleMhese ASbased nowcasting
systems consist of cameras wtikh hemispherical images of the sky. The common working principle
of ASkbased nowcasting systems includes cloud detegtiolocation;tracking and assessment of
the correspondingurrent and immediate future solar irradidndbe past yeaemanibld of distinct
ASlkbased nowcasting systems have been developed. The potential of nowcasting systems for control
optimization is often highlighted in the literature. Howewire beest of thea u t hkimowlédggthere
have been no investigations to datich have analyzed the applicability of nowcasting systems with
their corresponding uncertainties for the optimization of CSP power plants.

The first objective of this thesis is the developmemtreél time capabkSl-based nowcasting
systemqualifed to describeomplex but frequent multiyercloudconditionsThereforea system is
developed which treats each detected cloud as an individual object with stichharkegeolocation,
motion vector and transmittancEhe pocessing step8-D cloud modeling,-tracking and the
determination of the cloud transmittance are developed, benchmarked and combined to a modular
nowcasting system, which creates DNI rfapgsad times up to 15 minutes ahead. These DNI maps
have a spatial extensiop to 64km? with a spatial resoluti@20m as well as an intra minute
temporal resolutionThe entire system is validated over two complete years with three spatially
distributed reference DNI measuremedntsthermore,ite same datadstused to develop a raaie
capable uncertainty analygih an average coverage factor of 68.3%, taking into consideration spatial
variations within the DNI maps. An additional dataset of one year is used to validate the uncertainty
analysisBoth, tie system validation as vaslithe uncertainty analysis indicate a strong dependency of
the nowcast quality with the prevailing weather conditions.

Secondlythis thesisnvestigatethe applicability of DNI maps for the optimization of PT solar
field controller, under consideratiof the uncertaintieSolar field simulations are performeahg
the so called Virtual Solar Field (VSF), a detailed dynamic simulation tool. In a first step the DNI maps
of the nowcasting system are classified in one of 7 combined spatial and D&hpangdbility
classes. For each of the classes optimized control parameters are déassinegpended control
strategies with distinct objectives are benchmarked with a state of the art solar fieldRestitdler.
of detailed simulations over @ys as well as performance estimationstwegrears indicatan
overallsignificanbenefit of roughly 2% in reverfoe the novel class depended control strategies.



Kurzfassung

Eine der groRten Herausforderungen fir die Menschheit im 21. Jahibuddettbergang zu
einer vollstandig dekarbonisierten Gesellschaft. Die reichhaltigste Energiequelle, die der Menschheit zur
Verfigung steht, ist die Soni@anzentrierte solarthermische Kraftwerke (CSP) mit thermischen
Energiespeichern (TES), wie etwaraBolrinnefPT)Kraftwerke, koénnten eine erneuerbare
Energiequelle bereitstellen die in der Lageluktuationen in elektrischen Netzen auszugleichen
welche durch intermittierende Quellen verursacht werden.

Jedoch ist es vor allem eine Frage der ikasdteP FKraftwerke in Zukunft eine wichtige Rolle
spielen werden. Eine der Mdglichkeiten, die Wettbewerbsfahigkeitknaft®@rken zu erhéhen, ist
die Optimierung von Solarfeldreglern-SeTarfelder sind komplexe raumlich ausgedehnte thermo
hydraulisce Anlagen, die die direkte Normalstrahlung (DNI) auf Absorberrohre konzentrieren. Der
Betrieb dieser Solarfelder wird stark durch raumliche und zeitliche Variabilitaiten der DNI beeinflusst,
die hauptsachlich durch Wolken verursacht weRBtandardPT-Sobrfeldregler haben nur eine
begrenzte Kenntnis hinsichtlich der aktuellen raumlichen und zeitlich&fari2ikllitat, da diese
Regler nur Zugriff auf Strahlungsmessungen von einem oder einer Handvoll Pyrheliometern haben.

All sky imager (ASI) basierendendastingSysteme konnen raumliche EIlNformationen mit
einer angemessenen zeitlichen und raumlichen Auflésung fir -8erarldregler bereitstellen.
Diese ASbasierten Nowcastit®ysteme bestehen aus Kameras, die hemispharische Bilder vom
Himmel aufnemen. Das gangige Funktionsprinzip vontESierten NowcastiBystemen umfasst
die Wolkenerkennunggeolokalisierungyerfolgung undbewertung der entsprechenden aktuellen
und zukinftigen Sonneneinstrahlung. In den letzten Jahren wurde eine Wielzardchiedenen
ASlbasierten Nowcasti®ystemen entwickelt. Das Potenzial von Nowc&ststgmen zur
Regelungsoptimierung wird in der Literatur oft hervorgehoben. Nach dem derzeitigen Wissensstand
des Autors gibt es jedoch keine Untersuchungen, dienbadbarkeit von NowcastiSgstemen mit
den entsprechenden Unsicherheiten fir die Optimierung vekr&sierken analysiert haben.

Das erste Ziel dieser Arbeit ist die Entwicklung eines echtzeitfahidrasiéi®n Nowcasting
Systems, d&®mplexeabe haufigvorkommendenehrschichtige Bedingungen charakteridiaran
Daher wird ein System entwickelt, das jede erkannte Wolke als individuelles Objekt mit Attributen wie
Geolokalisation, Bewegungsvektor und Transmittanz behandelt. Die BearbeitiengBasinliken
Modellierung;Tracking und die Bestimmung der Wolkentransmission werden entwickelt, bewertet und
zu einem modularen NowcastiBystem kombiniert, das DKhbrten flir Vorlaufzeiten von bis zu
15Minuten erstellt. Diese DNdarten haben eine maliche Ausdehnung von bis zuké#? mit einer
raumlichen Auflésun@ 20m sowie einer zeitlichen Aufldsung von 30 Sekunden. Das gesamte System
wird Uber zwei Jahre mit drei raumlich verteilten-R&érenzmessungen validiert. Darlber hinaus
wird aus demdmn Datensatz eine echtzeitfahige Unsicherheitsanalyse mit einem durchschnittlichen
Uberdeckungsgrad von 68,3% unter Berticksichtigung raumlicher Variationen innerhalb der DNI
Karten entwickelt. Ein zusatzlicher Datensatz von einem Jahr wird verwendefe um d
Unsicherheitsanalyse zu validieren. Sowohl die Systemvalidierung als auch die Unsicherheitsanalyse
zeigen eine starke AbhangigkeiMiehersaggualitdt von den vorherrschenden Wetterbedingungen.

Daruber hinaus wird in dieser Arbeit die AnwendbaikeiDII-Karten fur die Optimierung
von PT-Solarfeldreglern unter Berticksichtigung der Unsicherheiten untersucht. Solarfeldsimulationen
werden mit dem so genannten Virtual Solar Field (VSF), einem detaillierten dynamischen
Simulationstool, durchgefiihrt. lmem ersten Schritt werden die EWdrten des Nowecasting
Systems in eine von 7 kombinierten raumlichen und zeitlicheviaDabilitatsklassen klassifiziert.
Fir jede der Klassen werden optimierte Regelparameter ermittelt. Klassenabhangige Regélstrategien
unterschiedlichen Zielsetzungen werden mit einemF8hleegler auf dem Stand der Technik
verglichen. Die Ergebnisse detaillierter Simulationen lber 22 Tage sowie Leistungsschatzungen tber
zwei Jahre hinweg zeigen einen signifikanten Umsatzzuwachesd/d®2% fur die innovativen
klassenabhangigen Kontrollstrategien.



1 Introduction

1.1Motivationfor decarbonized electricity generation

The increasing carbon diox{@&0,) concentration, ithe main cause of anthropogenic
climate warming (e Matthews & Caldeira 2008 Matthews et al. 2009, Gilett et al. 2011,
Knutto & Rogelj 2015 MacDougall et al. 2015Cook et al. 2016andreached an annual
average of 406.5 ppbhy 2017with an average growth rate of 2.3ppt) gompared to
roughly 278 ppm inrg-industria 1750 Dlugokencky et al. 2018 Sone studies suggest that
already?2/3 of the availabl€O, budgetfor a globalwarmingbelow 2°Cabove preéndustrial
levelsaredepletedMleinshausen et al. 20QRogelj et al. 2016Exacty these 2°C represent
the limiton which the international community could agree on in the Paris climate agreement
(UNFCCC 2013%. This 2°C threshold is considered as awb@h can be achievedth
ocompar abl y (Scltmelhuterceat al.o20)6c acwcd s s oul dangpus e ven't
anthropogenic interference with the dird&eGZIe1®92.

To accomplish this goal, &g societhave to reach a nemroor even overall negative
carbon emissions, due to the long life time g CG® e @mospheieSchnellhuber et al.
2016 Rogelj et al. 2016 Decarbonization of the human societies on a global scale has to
consider three distinct tasks including (1) decarlsdectgcity generatip(R) reduce energy
demand (efficiency increase) and (3) electrification espectalysportation and heat
generationennedy et al. 208 Task 1 and Summarize the global energy consumption of
human societiegnh 2016,approximatelyy9.5% of this energy requirement was covered by
fossil fuelgren21 201)8The remaining shares weogared by traditional biomass (eaod
burning for cooking and heafingnodern renewables (hydropower, biomass, wind, solar,
geothermal and ocean power) as well as nuclear energy with 7.8%, 10.4% and 2.2%
respectivelyr¢n21 2013 Overall, it has to bexpected that thdadpal energy demandll
continue to rise for the decades to cddsald et al. 201)Y. This increase is mainly caused by
two developmentsFirst, it is expected that the glopapulationwill continue to grow
(Bradshaw & Brook 2013 Scond,the understandablebjectiveof developingas well as
emerging countrig¢e leave poverty behirmohd catch ugvith developed countri@deard et
al. 201Y. Such improvements can be measured by the United Natiozsdevelopment
index which has anndeniable relationship with per capita energy consuniisidimé¢z &
Ebenhack 2008 The needed fast transition from fossil fuels to renewable energies has to
account also for this continuously growing energy delihamdas global society tailmake
the transition in time, the consequences will be disg#G@s201&



Chapter Introduction

1.20Dbjective& approach

The most abundant energy resource available to mankiedSun witlo@op 11 PJ
(Quaschning 2008 which reacheghe Earth's surfacper yearln comparison human
consumption between 2017 and 2018 was estimetadtdy@dtp 1 PJ with a growth rate
of 2.3% in this periodEA 2019. Solar power could play a key role botklegctricity
generation as well as electrification. The global installedbs@arcapacity reached roughly
486GW by the end of 2018vhich accounts fabout2% of the overall global electrical
power capacityfRENA 2019. Solamphotovoltaic(PV) is with roughly 488W the main
contributor compared to roughly &%V for CSPIRENA 2019. Currently solar PV is also
dominating the overall global electricity capacity increase, with addiGabi9 in2018
(IRENA 2019. Kost et al. 201&redicts a strong growth of solar PV with a total global
capacity between 3080V and 900GW by the year 203More conservative estimates still
range from 180GW to 5200 GW until 203B1eyer et al. 201)7The forecasts presented by
Kost et al. 201&ndBreyer et al. 201 tover arangeof actualelectricity generatidnom
4.3% to 32.7% by 2035

However, the strong growth iotermittentelectricity sources, such as solar PV, leads to
new technological challenges. The magnitude of the incoming downward shortwave solar
radiationdepends oseasonal differences dugheun-Earth geometrythe day night cycle
with correspondingarying angles of incidersxed atmospheric extinction processes caused
by aerosols and clouds. terms ofintrahour and intraminute solar irradiance variability
clouds have the strongest imp&ch(oedterHomscheidt et al. 2018 Fluctuationgead to
higher congestion in the gwthich might cause unpredictable variations of node voltages and
power within the electrical grids, or even instabilities in case of intermediate power shortages
(Woyte et al. 2006Hart & Jacobson 2011, Bruninx et al. 2013, Chattopadhyay 2014,
Perez et al. 20)6Large grids with a low penetratiomtérmittent sourcesan compensate
fluctuations. But, in a case of a PV penetration abovéah®Ual energy basisignificant
changes in systeoperation are required also for large electrical@eiclsalm & Margolis
2016. As consequenas®me electrical markets adapted in recent years there griBraotes (
et al. 2011 Especially small grids are vulnerable for power ramps. Therefanesiasao
surprise that Hawaii and Puerto Radeeadyintroduced legal limitations for ramp rates
(Gevorgian & Booth 2013Cr nci un )et al . 2017

The objective of a fuljecarbonizedociety is cleait the same time, oetectrical grids
need dispatch&e sources to balance fluctuation causewtdiynittentsources. For regions
with a highannualdirect normal irradiance (DNI) sunpncentrated soldhermalpower
(CSP) plants withhermal energy storages (TEBuld provide a renewable source of
dispachable energylatzer 201§ capable in balancing fluctuations in electrical grids with a
high penetration ohiermittentsourcesNlehos et al. 2016

Yet, vhether CSP is going to playisaportant role in the future global energy isix
mainly agquestn of costSignificant reductions lievelized cost of electric{tyCoE) for CSP
with storage were reached in the last couple ydestém & Pitz-Paal 2018, but the
LCoE of solar PV without storage remains significantly lower. However, CS@plaintesic
with TES outcompete PV plants with battery storage of similar annual production and storage
capacity, especially for storage capabilities beyond 6 Lhlbasta(n et al. 2018 The
comparisongn cost must alstake into accourthat CSP still érs a considerable cost
reduction potential. Price reductions can be achievedaley effectsby improving the
component efficiencies or by optimizing the plant oper&itriRaal 201y This study
contributes to the latter objective.



Chapter Introduction

The operation oEommerciaCSP power plants is more complex compared to solar PV
and offers a lot of possibilities for optimization the case of the most common CSP
technology of parabolic trougff®T), the collectors concentrate the DNI on receiver tubes
(seeFigurel.l). A heat transfer fluid (HTF) circuits the receiver tubes and is heated up to
several hundred degrees Celsius. The thermal energy is passed over heat exchangers to ¢
conventionaRankine cycler TES. Especiallyntrahour andintraminute solar irradiance
variabilitycaused by passing clouds pose an operational challenge for coRimeoeial
plants with extensive solar field siggargia et al. 2011; Hirsch et al. 2Q14An efficient
solar field controller needs to find thesst combination dfeld mas flow, temperature set
pointsand defocusing of collectmsrresponding to the prevailing DNI conditio&agner
& Wittmann 2014. Ideally a perfect controller would adjust the mass flow in such a way, that
the design tempsmure is always maintained constamhout any need of defocusing
collectorsin order to approach this ideal, the hydraulic and thermal interactions within the
solar field must be well understoegpecially under transient conditions with a strongl spati
and temporal variability of the DMkide the solar field

Balance of plant
with TEStanks

\ , : .
Figurel.1l: Parabolic trough collect@sd balance of plant with TES tankthe@background.

Comprehensivaumerical models as developedfiingch & Schenk 2010Garcia et al.
2011 Giostri 2012 Zaversky et al. 201,Noureldin et al. 201GandNoureldin et al. 2017
areuseful tools to study the solar fibihaviorfor distinct control strategies. The so called
virtual solar field (VSF) aepented and validatedNiaureldin et al. 201GndNoureldin et
al. 2017s particularly interesting, as it models the entire solar field in a high temporal and
spatial resolution under consideratioffiaf maldistribution due to thermal transients and
inhomogeneitpf the solar irradiancas reported ikbutayeh et al. 2014~urthermore, the
VSF is designed twnsiderspatialf inhomogeneous DNI information, which occur during
transient conditions and have a significant impact on the solar fieldrbehavio

The possible benefit of”A solar field controller, with access to perfectly accurate spatial
DNI information, compared to a state of the art controller, with DNI information from one
or a handful of reference pyrheliometers, has been stutNedreidin et al. 2019This
initial stug on this topic showed a significant potential with an estimated gain in revenue up to
2.5% for some days.

Spatial DNI informatiomanbe provided bgatellite based systems or numerical weather
models. However, due torm@nt temporal and spatial resolution constrains, satellite based
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systems and numerical weather models are not s$tdbsedterHomscheidt & Gesell

2016 Lorenz et al. 2008 All sky imager (ASbhased nowcasy systems could provide the
required temgral and spatial resolutioeeded for control optimizatioBuch systems take
images of the skyetct clouds in the sky images, geolocate them, identify their motion and
analyze their radiative efféghally, solar irradiance information on the gréamithe current
conditions and immediate future are deriVhed possiblenowcast horizon depends on the
prevailing cloud height and speed.

In the past, variousSl-based nowcastirgystems have been described in the literature
that are theoretically sbte for the optimizatioof electricaggrid and power plant operation
(e.g.Chow et al. 2011QuesadaRuiz et al. 2014Peng et al. 2015Blanc et al. 2017
Kazantzidis et al. 2017 However, the actual implementatadnthe nowcastdaking into
accounthe existing uncertainties, has not yet been sufficiently investigated.

This thesis aims tdevelop aeal time capableyodular and cost effective Aséised
nowcasting systemith a sufficient degree of accurémya beneficial applicability BT
powerplants.A newin-housenowcasting systedevelopment isecessaryasthe planned
power plant control applications makeomplete understanding thie nowcastingysters
properties and uncertaintreandatory

In order to covecomplex but frequemhult-layercloud conditionsWang et al. 2000,
the author decided from the very beginnirdgt@lop ampproach which treats each detected
cloud as individual objewith distinct attributegyeolocation, motion vector, transmittance,
etc). As output the necasting system provide real timespatial solar irradiance information
with their corresponding uncertainties for the current conditions as well as nowcasts up to 15
minutes aheadlThese spatial irradianagormation cover field sizesorresponding to
industrial size solar power plants withp at i al r ensa® Well asidotra miQute 2 0
temporal resolution.

A subsequent phagicks-up the work ofNoureldin et al. 2019and investigates the
potential benefit of the spatial solar irradiance méion, with consideration of their
uncertainties, for the optimization B solar field controllerThe overall goal is to
demonstrate that it is possible to improve the power plant revenue with additional spatial DNI
information, despite the existingeriainties of the nowcasting systéithin this thesis th
already significamtotential benefit of spatial DNI information for lead time 0 minstes
investigatedFor this purpose, novel control strategies are devetmbdapplicability
conditions a determinedavhich take into account spatial as well as temporal variabilities of
the solairradianceThesenovel control strategies are benchmarked with a state of the art
solar field controller without access to spatial DNI inform#&tidareresearclactivities will
also take into accouttte potential benefits of the provided nowcasts, potentially with model
predictive control strategies.

The work $ divided into several subtasks:

1 Chapter2: Sate of the art of camera bdsnowcasting systems & the dynamic
simulation environmentf®@Ts ol ar f i el ds ovirtual sol ar

1 Chapter3: Presentation of the used nowcasting setups as well as the utilized
reference systems for validation purposes.

1 Chaper 4: Investigatiorand validatiorof distinct cloud modeling and tracking
approachesAll approachs are capableof treating each detected cloud as
individual objectThese individual cloud objects can be displaced accoritiieg to
determined motion vectors within & 3modeling space for predicted cloud
positionsVia raytracin@pinary shadow maps are createnh fthe cloud models
under consideration of tkerresponding Sun position and a topographical model.
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Chapter5: Investigationand validation of a probabilistic approach for the
determination of the cloud transmittafidee probabilistic approachadyss the
currentrelation between cloud height and transmittabh@y given moment

Shadow raps from chapter 4 are converted into DNI maps by allocating the
prevailing clear sky DNI as well as the corresponding cloud transmittances.
Furthermore, site dependencies of the presented approach are discussed as well as
the potential to overcome thesmstraints by an automatic cloud classification
approach.

Chapter6:. Overall system validation as welldagelopmentof a real time
uncertainty analysis. Each pixel of the DNI maps receives an upper and lower
uncertainty vak withacoverage factor of roughly 68.3%.

Chapter 7: Investigation of optimized novel solar field contsoll@ith
consideration of DNI maps and their corresponding uncertaligesontrollers

are tailored to a solarlfielesign corresponding to the commercis\&0power

plant La Africana (southern Spaill maps are classified in distinct combined
spatial and temporal DNI variability classes. For each class optimized control
parametersradetermined fotwo distinctobjectivesThe rovel control strategies

are benchmarked with a state of the art controller. Applicability conditions for the
novel controller are identified. Finalhe impact of the new controller over a 2
year period is estimated.

Chaptei8: An overall conclusion of this thesis as welkhsrtoutlook is given.



2 State of the art

The state of the art of camera based nowcasting systems and the virtual sola field are
summarized in this chapt@he content fronthis clapter faspartially been published in
Nouri et al. 2019, Nouri et al. 20Bb, Nouri et al. 20Bc andNouri et al. 20Bd.

2.1Nowcasting witltameras

The most common nowcasting systems consist of ufagard ASS. The common
principle of such nowcasting sysde.gChow et al. 201,1QuesadaRuiz et al. 2014Peng
et al. 2015Blanc et al. 201,/Kazantzidis et al. 201)7is to takdRGB photos of the complete
sky in which clouds are detected. Using several cameras, the cloud height above the ground
can be detéed by stereo photography or similar approaches. This information allows to
compute cloud shadow maps which can be enhanca@dad@mncemaps with local
measurements or clear sky models. The cloud movement is tracked in image series in order to
predict faure cloud positions and the correspondnagliancenaps. For all these evaluation
steps, a variety of different methods is available from the literature.

A less common and distinct nowcasting approach uses dofaviveycamerg&uhn
et al. 2017p Theseso-called shadow cameras are mounted on an elevated position (e.g. solar
tower) and take images of the ground. Shadow maps are created by detecting the cloud
shadows within the ground images. The shadow maps are converted into irradiance maps via
locd irradiance measurements and fully shaded as well as fully clear reference images taken
fromthe same solar position.

2.1.1Nowcasting with ASIs

Cloud detection/segmentation

Cloud detection/segmentation is one of the g@¢gessing stepsf each ASbased
nowa@sting systernthe from a human perspective trivial appearingftaskdingsky images
into clear and cloudy sections, is actually one of the most challengiofy Assksmsed
nowcasting systemibhe difficulties of this task described in detail lguhn 201@. As
Kuhn 201@ pointedout:o0 Thi s di fficulty originates from co
regarding pixel &ma positions, from artefacts due to saturation especially in the circumsolar region, f
glare effects, fiean morizon air mass related saturation within the images as well as from a multitude
physical properties of the clouds itselves. O

Over the years, various methods have been developed to solve this engineering challenge.
Cloud detection algorithmarcbe based on a set of fixed thresheyiqdied to the images
RGB values (e.fleinle et al. 2010Kazantzidis et al. 2012pr other color spacébev et
al., 201Y. Algorithms based on the RGB color space utilize the red to blue ratio, as a clear
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atmosplere scatters more blue than red light. The share of scattered red light increases with
the content of aerosols, water droplets and ice crystals within the atmblgphieret(al.

2010. Li et al. 2011developed the so callagbrid hresholdingdgorithm (HYTA), which
utilizesboth fixed and dynamtbresholdsin a precedingtep the images are classified in
unimodal (all clear or clouded) or bimodal (mixed sky with clear and cloudecipl#its)s.

A fixed threshold is used during unimodal conditibysaamic thresholdbased on the
minimum cross entropki(& Lee 1993 are used during bimodal conditidfiasenbalg et

al. 2019ncluded a more profound image classification to the HYTA algorithm. The so called
HYTA+ algorithm differentiates also whetloernot theSun is visible and improves the
performance especially in tireumsolaregion.

Another option tassegmentloudsare algorithms based on clear sky libraries (€§L)
Chow et al. 20L1Wilbert et al. 2016g CSLs are large data bases whitthold the RGB
information of clear reference imad¥dbert et al. 2016aises a4 CSL, where the clear
reference RGB values are linked topilel zenith angle (PZi&geFigure2.1), Sun pixel
angle (SPA), air mass (AM) amake turbidity(TL). The AM describethe relative path
length of thesolar irradiancéhrough the atmosphergroung 1994 whereasthe TL
coefficientdescribes the extinction of the solar irradiasouultiplier of clean and digeal
atmosphe®(Linke 1922. Clouds are detected by compatirggdeviation betwedhe RGB
information of target images with the corresponding RGB inforrfratiothe CSL.

Pixel Zenithi
Angle (PZA);

. L

Figure2.1: lllustration pixel zenith angle as w&elsun pixel angle

In recent years, the numbermoéchine learning based cloud segmentation approaches
described in the literatuieincreasinge.g.Taravat et al. 2015Xia et al. 2015Ye et al.
2017Hasenbalg et al. 2019

Cloud geolocationand tracking

Due to the strong interaction between cloud geolocation (especially cloud height) and
trackingthese processing stege jointly described in the following.

The geolocation of the detected cloudapgrativdor spatially resolved irradiancaps.
Theaccurate identification of tbleud heighis decisiverheerror of the shadaivs hor i zont
position on the grounid equal to the error of the cloud height in the case of akssation
angle of 45°Smallesolarelevatiorangleincreasehe errors of the shadow positiand vice
versa.Furthermore, erroneous cloud hesgbadto erroneoushorizontal cloudextensions,
which havean additionaleffect on the expected shadow posi{geeFigure2.2). When
nowcastings performed, the emeous shadow positions wélso be influenced by the
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tracking errorsThe influence of the tracking errorsthe nowcagjuality rises with the lead
time
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Figure2.2: Impact of eroneous cloud base height information on the horizontal cloud extansitre shadow
position. This simplified exampkgardsa cloud directly above the camera with symmetric viewing
angle

One approach for nowcasting systems is to introduce aadittoarate cloud heigintd
trackinginformation from supplementary remote sensing systems. Lidars and ceilometers are
commonly used to measure cloud hefggggen 1991Both instruments sample only the sky
directly above the sensor. In principle,didae capable of measuring cloud boundaries from
the cloud base height (CBH) to the cloud top height (CTH) including multiple layers.
However, these capabilities are limited due to attenuation of the laser beam, especially for
clouds with aigh optical dpth (Venema et al. 2000 This limits lidars ofteto CBH
measurements of the lowest layer. Radar systems like the rmvlareetdoud radar (MMCR)
can scan the entire horizon with a range up kmn3@neasuring different cloud properties
such as layerelghts, thicknesses, horizontal extent and mean vertical diocity €t al.

1998. However, MMCR measurements are less reliable in the case of clouds containing small
particles, such as altocumulus and thin cirrus cWadg&Sassen 200dombine lidaand

MMCR measurements for improved cloud dete®ith. lidar and radar techniques are well
established systems but also cediigh is problemiatic for their application in nowcasting
systems.

Alternativelyradiosondecan be used toetermine clouddundaries and cloud amounts
from vertical profiles of temperature, relative humidity and dewpoint deff@ssiopkh et
al. 199% Cloud trackingan bedone by measuring therticalwind velocity and direction
profile Bauer 197bunder the common assption that the clouds mosgemultaneously with
the surrounding airLéese et al. 1971 Temporal resolution and also cost make the
radiosondénappropriatéor areal timdow costnowcasting system.

Comprehensive and continuous coverage of cloud haightation measurements can
be achieved by satellitste(izel et al. 198, Nieman et al. 199). The advantage of satellite
based systems is the large field of Gewerallysatellite based systems measur€ Thiof
the highest layer. Some approachedeadoped to estimate CBH of the highest AT (
et al. 201)Y. However, the temporal and spatial resolution as of today is not suitable for
shortest intrdnour nowcastsCurrently typical satellite solar nowcasting systems have a spatial
resolution wh a pixel edge length of 2 tokt® and a temporal resolution of 15 minutes
(Blanc et al. 201} More advanced nexjeneration satellite systems, such as the Hu®iwari

20



Chapter State of the art

and GOESR, reach a spatial resolution ofk®3 and a temporal resolution of 10 nesuor
Himiwari8 and 5 minutes for GOHS Bright et al. 2018

Bosch & Kleissl 2013tudied the cloud motion estimation with triplets of reference cells
and inverter output of a PV solar power plant. This approach might be an alternative for PV
power plats, with anowcastimitation defined by the spatial expansion of the solar field.

As we can see, there are different approaches to measure cloud height and track there
motion. Neverthelesspme of the systems alone is able to describe all complesgwaces
the atmosphereA study conducted bwang et al. 199 compares the advantages and
disadvantage of the different cloud height retrieval techniques by ceilometers, radar,
radiosondeand satellites and combines them for more complete information wvertical
distribution of cloud boundaries.

Due to the financial and tedcal constraints of low cost r@asting systems, a direct
retrieval of cloud height and tracking information from the sky images agglarisnt.
Stereoscopic approaches with Als are frequently described in the literaflimdn et
al. 1996, Kassianov et al. 2005, Seiz et al. 2007, Nguyen et al 2014, Beekmans et al. 2016,
Blanc et al. 2017, Kazantzidis et al., 2017 and Crispel et al. R0Clbud heights are
determined by meting segmented clouds from images taken simultaneously by two ASIs.
Peng et al. 2018eveloped a similar approach with an additional third ASI. Cloud tracking is
achieved in the more recent publications with stereoscopic approaches (staNogygom
et al. 2014 by block matching with sequentially captured images using cross correlation
algorithms.

QuesadaRuiz et al. 20141ses a soalled sectdadder method and a single ASI. Binary
images of the slagre overlaidvith a Sun-centered circular grid. &oss correlation sector
matching approach similar to block matching is utilized for cloud tracking. Only clouds
moving towards th&un are taken into account for tivcastBone et al. 2018resented an
enhanced secttadder system based on the workQoksadaRuiz et al. 2014with an
additional autoregressive filtering. Due to the lack of any cloud height information, the
nowcastof these approacheslimited to the vicinity around tA8I.

Cloud tracking approaches using optical flow instead ofothputationally less
demanding cross correlation approach are particularly suitable for nowcasting systems working
with a singular ASMest et al. 2014leveloped a system using the dense optical flow
algorithm fromFarneback 2003Similar to the sectadder system, this approach lacks any
cloud height information and can only derive angular cloud speedgit et al. 201@&nd
Richardson et al. 2017tackle this issue by including additional height information from
nearby ceilometers. However, it hasetpdinted out that current price of a ceilometer can
exceed the price of an ASI by a factor greater th&urB®ermore, as previously stated are
ceilometers limited to the sky directly above the sensor.

Chow et al. 2015and Zaher et al. 2017onducted amparisons of cloud tracking
approaches based on optical flow and cross correlation algorithms. Both conclude that optical
flow approaches outperform cross correlation approaches at the price of a greater
computational effortiuang et al. 2012%roposed aybrid tracking approach combining the
advantages of cross correlation and optical flow approaches.

A slightly different approaginesented biirsch et al. 201, lcombining thermal imaging
with wind profile data from radiosondes (temporal resolutibip TBe thermal imaging
enables cloud monitoring also at nighttime. A theoretical possible wind speed profile is
determined by a block matching approach. The theoretical wind speed profile is compared to
the wind speed profile measured by a nearby radicsatiale The intersection of both wind
speed profiles is considered as possible cloud height. The main obstacle of this system is the
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need of external wind profile ddtam radiosondesand the corresponding temporal
resolution

Evaluating the radiative efect of clouds

The radiative effect of clouds can be analyzed by radiative transferiviefideds.al.
2016couples synthetic overcast sky images with a radiative transfer model and estimates the
cloud optical thickness from the imademumanikas et al 2016classifies the dominant
cloud type from ASI images and studies the radiative effect by a radiative transfer model and
aerosol information gathered by a CiSuel photometer. Another option to analyze the
radiative effect, are numerous spatiallyibdittdd solar irradiance measurements on the
ground (e.gSchmidt et al. 2016

Nowcasting systems with access to DNI measurements from pyrheliometers can measure
directly be transmittance of clouds).( This transmittance corresponds to itterument
specific field of vievgnd is measurex$ the ratio of shadedXland clear sky irradiancg (I
according t&cquation2.1 (Raschke & Cox 198Zangvil & Lamb 1997.

. Equation2.1
Jll I'_v I I%Ir . qguatio

For nowcasting systems which deliver spatial irradiance information, it has to be
considered thatavious clouds detected by the ASIs might cast a shatlsvatrserved area
within the nexminutesThe angular distance of relevant clouds tBuih@s seen depends on
the cloud height and spedd. the majority of caseslouds will not have their own
transmittance measuremekthomogenous average transmigarcorresponding to the last
measured transmittance values, for all visible clouds might be acceptable as a first
approximation during singbeyer conditiongéseeFigure2.3). However, this approach would
lead to increased uneenties during complex but frequent raiter conditions/Nang et
al. 2000Li et al 201} Therefore, an extended transmittance allocation approach is needed.

Transmittance known Transmittance unknown

Figure2.3: Sky images of an AS4ff) sinde-layer dayright) multilayer day with different cloud types.

Validation and uncertainty

Each measurement is subject to a certain degree of unc¥vitioiyt an indication of
measurement uncertainties, measurement results cannot be compeaeti witter or with
reference values and are therefore incompleteneasurement uncertainty of a measurement
result is defined as an interval within which the correct value of the measurand lies with a
certain probability.

The rat mean square deviatifRMSD),the mean absolute deviation (MAID bias
are often used as error metrics for nowcasting systemerfgegker et al. 20148chmidt et
al. 2016 Xia et al. 2015 Fu & Cheng 2013Kuhn et al. 201&). These error metrics are
calculated accorditgEquation2.2, Equation2.3 andEquation2.4
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=i 4 -” r __ JL J'L Equation2.2
l=p - L L Equation2.3
it L4 Equation24

With @ as the refereze value andd the value derived from the ASI systédine
mentioned studies use validation periods from 15 days to six months. The validation results
represent the overall accuracy of the nowcasting systems within this period for the used site.
As already discussed in other stu@srquez & Coimbra 2018 nowcasting validation
results are strongly influenced by the chosen data set anel#ileng weather conditions.
Marquez & Coimbra 2013proposes the wdthown meteorological concept of usskdl
scored (seeEquation2.5) as the main benchmarking metrics for nowcasting systems. The
skill scord comparesommonlythe RMSD of the nowcasting system (index N) with the
corresponding RMSD of a persistence nowodsix(P).

v =|_u ‘||i|'|]‘=| 1 _” " Equation25

As most other accuracy metrics, the skill score also depends on the prevailing weather
conditions during that period at the chosen geograpliesibhs. Thiscomplicateghe
comparison between different nowcasting systesesl orpublished resultwhich refer to
different observatien

2.1.2Nowcasting with shadow cameras

ASI systems have to accurately detect the position of clouds in the skyeen sphtial
dimensions. @nplexbut commonand frequently changiagmospheric conditionpartially
with multiple cloud layers, make this task challenging. A unique alternative to ASI systems are
shadow camera systems, whicctlydetect the cloud stiews on the groundyithout the
detour over the clouds in the slg/in the case of the all sky imagehis method and its
validationaredescribed inKuhn et al. 2017) possible applications are presenteduhn(
et al. 201B). It consists of siMobotix M24 offthe-shelf surveillance cameras, mounted on
the top of an 87 high solar toweFigure2.4 shows a shadow camera and an example image.
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Figure2.4: (left) Shadow camsemounted on top of a solar tower (right) image of a shadow camera

The viewing cones of the six camem&r a 360° view around the tower. All cameras
simultaneousliake a new image of the gro@very 15 secondall six images are converted
to a sngle orthoimagesé¢eFigure2.5).

Figure2.5: Orthoimage with a 360° view created from images of six shadow cameras mounted on the top of a solar
tower

A difference image is calteth between thectual orthoimage and an additional
reference clear sky orthoimage from a data base, corresponding to a similar Switlposition
less than 3° deviation of azimuth and elevation &ugtbermore, the reference image must
be taken less the0 days before the current image, which avoids sigrifftenences in
ground propertiesShadows on the ground are segmented, by comparing each pixel value of
the difference image with empirically identified thresholds. The shadow camera system uses
the DNI measurements taken by a pyrheliometediffiide horizontal irradiancBHI)
measurements taken by a pyranometer with a shadow ball. Unshaded sections of the
orthoimage receive the clear sky DNI values identified by the most recent clear DNI
meastements detected accordindgtemrieder et al. 2016For the identification of the DNI
within the shaded sections a second reference orthoimage image is needed. This second
reference image belongs to overcast conditions. The second reference imagaketua be
the last 60 days and within 10° of the Sun elevation and azimuth angle for the evaluated image.
The DNI in the shaded pixels is calculated accordikghio et al. 2017kHrom the RGB
values of the three orthoimages and the DHI measurement. Hyeasuhthe shaded
reference image are used to approximate the bidirectional reflectance distribution function of
each pixel in the image for the current solar position and the position of the camera. The final
DNI maps have a spatial resolution of @itha maximum edge length .
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2.2Virtual Solar Field simulation environmentRadrpower
plants

In the following section | will present the virtual solar field and the utilized performance
assessment procedurée in this work applied solar field controdire described in section
7.2.1

2.2.10verview of virtual solar field

PT solar fields of commercial power plaarts spatially extensive facilitih edge
lengths typically abovekh. The solar field is divided into seveeatiens, whereas each
section consists of a multitude of parallel loops. Each loop itself consists okdaweral
collector assembliegSCA), which describe the smallest collector unit with an independent
drive for trackingThe incoming DNI is concentea by the parabolic shaped collectors to the
receiver tube in thiecal line. A heat transfer fluid circulates trough the receiver tubes. All
loops of the same section are connected to a cold and a hot section header pipe. In turn all the
section headeipes are connected to a cold or hot main header pipe, which connects the solar
field to the power block. A schematic solar field layout is illustr&igdreR.6. The control
of such a solar field a complex layaulic as well as a thermal challefige.loops of the
solar field are not equipped with individual flow control valves. This means that the flow
through the field is only determined by the power of the main pump supplying the whole solar
field. The flowdistribution over the sectors and loops is thus defined by the hydraulic
resistance of each of the parallel loops in the network.

Solar field section Qollector loop A
Receiver o | = |
tubes |
Section |
e o o header e o o I__
Main

~ ]fader | .
S s s ) — — —
7

power
block

Figure2.6: Schematic solar field layout

The VSF is a simulation environtnehich models the entire solar field from the power
block. Commorsolar field designgith an arbitrary number of loogan berealized with the
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VSF software. In order to accurately predict the physical behavior of the solar field, VSF
couples a hydrauhetwork solver with a thermal solver.

The hydraulic solver computes the flow distribution withinréreled piping system
based on steady state assumptions. For this purpose the solar field is discretized in pipe
elements of 1218 length within the dlectors and 1B to 50m length within the header
piping. Due to the strong variations in temperature within the solar field (also during stable
conditions), the hydrauliesistancés computed for each discrete element with a temporal
resolution of 2 sends. Therefore, VSF is capablehtaracteriz8ow maldistribution due to
thermal transients (etgggered by variabselar irradiance conditions) or fluid distributions
due toinhomogeneities plant desigor operation.

The hydraulic solver passlw boundary conditions to the thermal solver, which in turn
dynamically computes themperatures with respect to the local thermal and operation
conditions, and the thermal losagihin each discrete pipe element. These calculations solve
the timedependentcontinuity and energy equations based on the assumption of a one
dimensional flow. Previously published empmatationsare utilized for the thermal losses
(e.gBurkholder and Kutscher 200%r Schott PTR/0 receiver tubes). At pipe intersesti
the temperatures are compute@thalpy balancing.

The coupling of the hydraulic and thermal sohesults in a computatidlyaefficient
model, which determines adequately the thermal and hydraulic conditions within the solar
field. The VSFprogam structure idustrated irFigure2.7. A detailed description of VSF can
be found iNNoureldin et al. 205 andNoureldin et al. 2017

Temperatures and flow in
al pipes

Controlling the main Computesmassflowto al | :
pumps, vavesin thefied, | pipes |
and collector angles | v o

| Themdpat -

EENWesher@ata™™ i | || ' computesfluidand wall |
temperatures and changes | !1|)

DNI and temperatures | in fluid velocity il

| v |

I I

I I

I I

Figure2.7: lllustration of the VSF prograitow

A comprehensive validation of V@ real plant perating data has beemesented in
Noureldin et al. 2017 For this purpose the Spanish company Marquesadgp®oided
operational data fromariousdays of the SMW PT power plant Andas@. Ths power plant
is located in southern Spain and consists of four subfields with 38 loopisespotver plant
data were supported by additionally measured values from a measurement campaign carried
out simultaneously by the DLR at Andasoh3hree testoops (Noureldin et al. 205).
These additional data provide flow and temperature measurements within the test loops with a
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high temporal resolution. For this purpose the loops were equipped with a FLEXIM FLUXUS
ADM 6725 clamp on ultrasonic flow metershwitave injectors for high temperature
applications at the loop center (cross over piping) and aoclaemperature measuring
system based on PT100s at the loop inlet and dldlet €t al. 20Ba). The validatiowas
conducted over distinct cases inalgidormaloperationwith predominantlglearconditions,

startup in clear mornirggandconditions wittstrong transientdue to cloud passagEsr the

flow distribution, deviations below 5% were observed between the simulated and measured
values. Duringormal operation an overall RMSD in temperature oK2§8bserved. The

RMSD rises up to 9K during strong defocusing cycles. The observed VSF deviations are not
significant compared to the expected uncertainties of the power plant instrumentation
(Janotte 2012.

2.2.2Assessinthe performance of solar field contradlenth VSF

VSF is a useful tool to comparatively assess distinct solar field controllers in terms of the
yied. In Noureldin et al. 2018andNoureldin et al. 2019an approach is presentedjolh
allows a monetary assessmeTagolar field controller with the results of VSF simulations.
The solar field control concept is described in se@t®nThis approach is roughly
summarized, for the better understandirtefesults presenteddnapter7. Since the mass
flow can only be altered for the whole field but not for each individuahlompogeneous
irradiance conditions or flow distribution may cause some loops to temporaeiyt avigiie
others do not reach the set point temperakaeh of these outcomes leads to an overall
reduction of the energy yield and therefore to an economié losethodology based on
economic penalties has been developed to assess the solartridiel cprlity. The total
economic penalty is composeduash:

Equation2.6

= <« =m0 =i =

The first termr)  describes a loss of revenue due to defocused collectors where the
amount of not usable hedt is multipled with the power block § efficiency and
levelized cost of electricityd € O

L, . Equation2.7
- g RS FeBF q

The second effect is given by the fact that angtred in solar field outlet temperature
leads to a reduction of the power block efficiency. The overall heat produced by the solar field
is converted to the penaltgingthe LCoE and the averaged power block efficiency corrected
by temperature effeciThe reduced power block efficiency penaly is described by

LI
LR

with 0 ; as the thermal solar field energy,;; the power block efficiency at the
design temperature and j, as the power block efficiency at the current temperatuge.
and— j are obtained by d@etailed heat flow diagramtbé power blockmplemented in
EBSILON® Professioal

Reduced solar field temperatasshave an effect on TES efficiency. This is due to an
overall lower average temperature within the hot tank of the TES. This effect can be described
by the TES penalty

mii | Fag XS FoOF Equatior28
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with“Y as the solar field outlet temperatlifeas the solar field inlet temperattive,

asthe design temperature for the solar field outlet—aﬁgdas theannually averaged ratio of
h

Equation2.9

TES overload resulting in solar energy dumping

The quantities , 0 6 ¢ 8@d— are determinedsaaverage values over one year by
h

means of annual yield simulations conducted with the Greenius simulation (Betacire

et al. 2012Dieckmann 2017. For theLa Africangpower plant considered section? the

following vales are used ; T& Y0 0 € Op W °_ and " m& o(Noureldin
h

et al. 2019 The theoretical reveni¥e and the actual reveniYe are calculated according
to theEquation2.10andEquation2.11

{1 tpR3 F“q“F TalE* 2 Sy B oo

F=

4 EERS PO fra ™ <« = oy =it Equation2 11

with 'O as theeffective solar irradiance falling on the colleetor as the optical
collector efficiency ard as the collector aperture area.

Thermal losses in the field are computed as

Faomwpd<g =omtp S FoOF g™ < Equation2.12



3 Setup w®erview of used nowcasting
and referencgystem

Various experimental sgis are required for the development and validation of the
nowcasting system as well as its application for the control optimizRiicolafr fieldsAll
setupsused are describedtims clapter.The generated data serve as basis for the cHapters
to 7. The content fronthis chapter d&spartially been published Mouri et al. 201@ and
Nouri et al. 20Bb.

3.1Configurationof the consideed ASibased nowcasting
system

Within the scope of this work, a modular nowcasting sigstiaveloped which can be
operated with 2 to 4 cameras depending on the configuldt@system is developed at
C | E MAPIafaforma Solar de Almefi®5A)in soutlern Spain (latitude: 37.09° (north) and
longitude-2.36° (eastAt the PSA three Mobotix Q24 and one Mobotix Q25he-shelf
surveillance cameras are operated ags&gfgyure3.1).

Figure3.1: Mobotix Q24 camera at PSA

The Mobotix cameras are equipped with fisheye lenses, which areotapélrg
hemispheric images of the.skil sky images with anBga pixel (MP) resolution are taken
simultaneously by all cameras e3@rseconds with a fixegposure timef 320us(Q24) or
1680 us(Q25). Subsequently tBRIP images are converted into 1 MP orthogonal image with a
maximum zenith angle of 7&i.addition to the ASIs the nowcasting systomiresDNI

29
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measurements frorat leastone pyrheliometer The positions of the cameras and the
pyrheliometer are listedTiable3.1. The shortest and longest distances between two ASls are
494m (ASI1lto ASI2) and 89In (ASI1lto ASI3) respectivelyrigure 3.2 illustrates the
complete nowcasting systemugeais well as the reference systems used for validation
purposes.

Table3.1: Positions of the ASIs and the main pyrheliometer uskad hgwcasting system

Latitude Longitude Altitude
ASI1 37.09157N -2.3636° E 498m
ASI2 37.09077° N -2.35813° E 496 m
ASI3 37.09528° N -2.35471° E 508 m
ASI4 37.09775° N -2.35968° E 515m
Main pyrheliometer] 37.09077° N -2.35813° E 496 m

|

yrheliometer 3

=J

{
|

@

L &

AS3&
, ;,p,-yrsheliometer 2
AS 1 &. 2 =d (= ;_..',. : =

pyrheliometer 4 7

¢ il

p ]
AS 2 & pyrheliometer 1

(main)
Google Earth

Figure3.2: Aerial image of PSA with markers for the camera positions and reference systems as well as the point of
origin of theusedcoordinate systems. The orange frame indicates the valid measuringnareé of
the shadow camegain which cloud shadow speeds are determined (Source: Google Earth [Accessed:
05.05.2018]).

The unique feature of thsSl-based nowcastirgystem is that each detected cloud is
treated as an individual clooebdel with distinct attribies (geolocation, motion vector,
transmittance, ejcThe image processing is divided @éghitprocessing steps.

1. Clouds are segmentégt means of-D CSL, accounting for tierent atmospheric
conditions\Vilbert et al. 2018, Kuhn et al. 2017&Kuhn 20LZ).

2. Individual cloud models are created

3. Cloud motion vectorare identified frorsequential image series
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4. Future cloud positions are generatedisplacing the clomdodelsnside a virtual
modelingspace.

5. Cloud transmittance properties are measwaeground baseidradiance
measurement statifor DNI and allocated bypsobabilisti@pproach

6. Cloud siadows are projected on a topographical map with ray tracing.

7. Shadow projections are combined with the ground based irradiance measurements and
the optical cloud properties to spddidl maps havingedge lenggup to 8km and
resolutiordown to5 m.

8. Real timaincertaintiesf the nowcasting systeme determined.

Seven of the eight processing steps are developed within the framework i tbéewo
sectiong to 6). The cloud segmentation procedusis developed as part of a parddietoral
thesis(Kuhn 2018) and is notthe scope of this thesi&n example output of the used
segmentan algorithm is illustrated Figure3.3.

R ©

Figure3.3: (left) Raw all sky image Mbbotix Q24camera (right) corresponding automatically segmented image
by means of aB CSL

3.2Reference solar irradiance measurement stations

A total of four reference pyrheliomet¢kSpp&Zonen CHP1l)are usedwithin this
experimentadetup Pyrheliometeraretracled tothe sun and have an opening angle of a few
degreess( in the case of CHP#&rssors)Insideof pyrheliometera thermopile isxposed to
the solar radiatiomvhichgenerags armV signal proportional to the incomitigect normal
solar irradiance (DNIJThe appropriate proportionality facteridentified by a calibration
accordig to ISO standard 905850 1990, with a reference sensor traceable tomrdw
radiometricreference(WRR). Uncertainties due to the calibration #r@ most relevant
contributionto the overall uncertainty of welhintainegyrheliometer(Nouri et al. 2016.
Thel DZ c al i briaiatytof aofinst class CEP1 pyrheliometer amounts to roughly 1%
(Wilbert et al. 201

Each of theused pyrheliometstations is only a few meters away from one of the ASIs
(seeFigure3.2). Thesepyrheliometers are used for the nowcast validation and uncertainty
specificationHowever, only three stations were used simultanestasigns 1 to 3 aresed
for data sets up to the endtloé year 201The pyrheliometer station 4 is introduced lor a
data sets belonging to the year 2018 as substitution for station 3, since@ \widiorot
operated in 2018.
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The used shadow camera system (see sgégioeedsa diffuse horizontal irradiance
(DHI) signal which is obtaied at station 1by a lorizontally aligned pyranometer
(Kipp&Zonen CMP21) with a 180° opening angle. This pyranometer is operated with a
shading assembly, blocking at any time the BSMhilar to the pyrheliometers the
pyranometeis equipped with a thermite. The needeg@roportionality factois identified by
a calibration according to ISO standard 984® 1993.

The used instrumentation is cleaned each weekday and the DNI data asereenéty,
according t@euder et al. 2015

3.3Reference cloud hbigneasurement system

A CHM 15k Nimbus ceilometer from te Lufft Mess und Regeltechnik Gmblis
positioned ™ south to the ASI 1 position in the southwest corner of the PSRidaee
3.2). The CHM 15k is capaldEmeasuringnultiple cloud layessmultaneouslyHowever, the
attenuation of the laser beam within clouds, limits thelayelticapabilities to clouds with a
cloud optical thickness below\&ijema et al. 2000 The globahveragef cloud optical
thickness for lovevel clouds (cumulus, stratocumulus and stratus) is arouR0s$GiM &
Schiffer 1999 Therefore, in this work only the CBi¢asurements of the lowest cloud layer
areused as detected by the ceilomefbe ceilometes operated at the PSA wattenporal
resolution of 15 seconds.

Despite the detected average bias omlBétween the CHM 15k and a CDM&disala
ceilometer byartucci et al. 201pthe CHM 15kis consideredufficiently accurateas a
referenceystem for the ASI based nowcasting sgstem

3.4Reference cloud motion vector measurement system

As reference for cloud motion a single shadow casnesad This shadow camera is
mounted at the top of an &Y solar tower, taking ground images. Shadows on the ground are
detected and trackdduhn et al. 2017kdeveloped this novel cloud (shadow) motion vector
measurement device and used it to benchmark a Cloud Shadow Spe@elusgnsal.

2013. The benchmarking study observed a root mean square errdr) (6fMESG59IM/s,

MAD of 1.61m/s and a kas of 0.2@n/s overa 59days test period between the shadow
camera and the shadow speed sembershadow camera system observes afinatiea

south of the solar tower (deigure3.2). The measuring area has an edge len@2bf Fhe
geometrical size and temporal resolaidrbs limitsthe shadow camera system to speeds up

to 17.5m/s. For speeds up to this limit, the shadow edge of an incoming cloud is detected in
two subsequent images, even in the case of a cloudtpatomal to the borders of the
measuring area.

3.5Shadow camera system for reference DNI maps

Both the ASI system and the shadow camera system are operatattjoenBypAThe
shadow camera system consists of six Mobotix MzZ#egfielf surveillance roaras
mounted on the top adn87m high solar tower (s&&gure3.2). More details of the used
shadow camera system are given in s@cti@iThe DNI maps of the shadavamera system
are used in chapter 7, as actual DNI conditions acting on the solar field, but unknown by the
solar field controller.



4 Individual 3-D object oriented cloud
modeing and tracking

Two distinct and a hybrid cloud height and tracppgoacks are developedithin this
thesis The first approach utilizes four cameras and models the clouds via voxel carving
(4Cam). The second approach is based on two cameraslank correlation method
(2Cam).Furthermore a hybrid approachs developed wthicutilizes four cameras and
combines the voxel carving and block correlation method (4Gemdverview of the main
characteristics of the three systems is giviexbled.1.

Table4.1: Main characteristics of the three ASI based nowcasting approaches

4Cam| 2Cam | 4CamH

Number of ASls used 4 2 4
Detection of cloud height and motion vector depends on cloud segmentat s no no
modeling y
Voxel carving used for cloud modeling yes no yes
Detection of cloud height and motion vector fre® Boxel space yes no no
Detection of cloud height and motion vector from differential images via ¢

no yes yes

correlation approach

These approachdmve in common, that theéseat each dected cloud as individual
objectwith distinct attribute@eolocation, motion vector, transmittance), @bich enables
these systents describe complex mtidlyer conditions.

The needed cloud modeling spaoenmon to all investigated approadkegscribed in
section4.1 Section4.2 describs the distinct cloud modeling and tracking approaches.
Validation results for the cloud height and tracking performance are presented #h3ection
and4.4 For the validatigrithe reference systems described in s&8doloud height) and
3.4(cloud motionpre utilizedSectiort.5describes the implemented nowcasting approach by
displacing the cloud models according to the motion vectors within the modeling space.
Finally I conclude the findings of this chaptesectiort.6

The content fromthis chapter ds partially been published Wouri et al. 20Bb and
Nouri et al. 2018.
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4.1Modding space

One of the main tasks of the cloud object oriented nowcasting approadcasi i
identification of the geometrical position of cloudsa referencecoordinate system
(X, Y andZ). This requires a transformation model that relates the image pixel coordinates
(afdy 6) to the r ef e Eqationdldesoribas theé relationshipviegns t e m.
the reference coordinate system and the image pixel coordirates 6 2003.

L e o Hg |
jJ[ 0 3{ D¢ ] P Equatior4.1
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Xo Y, and Z, describe the location of the camera projection center in the reference
coodi nate system, c de ga&nm d depcBbe thehimagefacai@ainh c onst
and dxd@ ardce di st erThe scailing factar adepends on the pixel
coordinatesand is unknown. Hence, only the spatial direction but not the absplatial
position can be describied an object from a single image. The rotation matrix R is described
in Equatiord4.2.

fia M2 flis
R=T21T22 I23=

31132 f33 L ) Equation4.2
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With the three tilt angl¢s(overX Axis), GoverY Axig andK (overZ Axis). The back
projection from the reference coordinate system to the image pixel coordinates is done by the
collinearity equatioliseeEquatiord.3) without the scaling factor m.
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Equationd.1 andEquation4.3 a described in total by 11 paramets , wh,®,br 6 x 0
anddy can be defined ,aYsZ,pGandas quierrparametere The and X
inner parameters a determined by a calibration method suitable for fisheye lens cameras
introduced byScaramuzza et al. 2008/ariousimages from a checkerboard pattern with
known dimensions in different orientations and positions are taken. The image pixel describing
corners of the pattern are extracted and the inner parameters are fitted by a least square
minimization method. Th&PS coordinates and altitude of the camera moupbsdion
describe the outer parametegs % and Z,. The inevitable misalignment of the cameras
between the optical axis and the zenith described by the parfani@dedK is determined
by tracking the full moon in the camera images at nighttime. The three tilt angles are identified
iteratively by minimizing the root mean square deviation between the detected moon positions
and the expected moon position of aallgenounted camera.

A virtual voxel space with a horizontal edge lengttkm2@ height of 12m and a
resolution of 5@n is created witBquation4.1. The spacés created around a point of origin
roughly inthe center of the four cameras (Sgere3.2). Each camera pixel can be described
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as a vectahroughthe voxel space. This space servesefsranc&and modeling coordinate
system for the cloud objects in all three approaches.

4.2AS| based modelling of cloud geometry, height and
velocity

4.2.1Cloud modelingnd trackingvith voxel carvin@Cam)

Each camera pixel corresponds to an array of voxels, describing the line of sight from the
camera lens to a voxel space border. Binary ionegesd by the segmentation, identify the
cloudy pixels. The 4Cam system takes the cloudy pixdisstamérks all corresponding
voxekas acloud Each of the segmented images would individually result in a voxel space with
cone shapedlouds, startinfrom the cameras position. A maecuratecloud shape is
achieved byoxel carvingKutulakos et al. 200)) which creatdase cross sections of the four
generated voxel spadsseFigure4.l). From this point onwasdthe work ofthe author
begins, which took over the voxel carving conceptOtmeniander et al. 2015
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Figured.1: Single cloud modil voxel space

Cloud modeling with voxel carving

All cloudy voxels, connected watiach other are aggregated and describe indivDual 3
cloud models. Due to the size of the voxel space with an edge length (FB@izontal
plane) and the positions of the ASI bundled around the voxel space origin (average distance
ASls to origin around20m), only minor deviations of the viewing angles exist between the
cameras to most of the clouds. Thus, in mmasgsthe detected cloud models maintain their
coneshape (seleigure4.2 on the left). Subsequent cloud heightctiete and final modeling
processing steps are needed.
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Figure4.2: Cloud models in voxel space (each color represents an individual cloud models) (left) before height
detection and final modeling (rightgaheight detection and final modeling
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The cloud height determination is presentddguare4.3. The widest horizontal voxel
layer approximates a position closely beneath the cloud center, for small cloud models
positioned in theenter of the field of view of several ABigure4.3 (a)). For the remaining
cloud models, the cloud height can be determined by the intersection of the field of views at
the cloud model edges. The cloud edges are descrilieddoyrésponding minimum and
maximum pixel elevation angl@.#max) of a cloud cross section (seégure4.3 (b and c)).
Each side of large cloud models, which is partially above the point of origin, is treated
separately.
(a) (b) ()

Intersection
max elevation
/ angle
Average
height

Intersection

ax elevation
angle (on one
side of origin)

o o

Height
widest layer

Intersection Point of
min elevation
angle (min
amax

origin

Figured.3: Threedistinct cases for cloud height detection fittewvoxel space. ()2 depiction of a small cloud
inside the voxel space positioned between the cameras (widest voxel space layer corresponds to cloud
height). (b2-D depiction of cloud inside the voxehep positioned at the outskirts of the field of view
of several cameras (line of sight intersections of several cameras at the cloud edges correspond roughly
to the cloud height). ()D depiction of large cloud inside the voxel space positioned attdreote
the field of view of several cameras (intersection line of sight of several cameras at the cloud edges
corresponds to cloud height)

Figured4illustrates a cloud object before the height is derived (yellow object). tm orde
create a cross section of this cloud object as depi€igdiied.3, the main direction of the
cloud object has to be identified. For this purpod@ pr@jection of the cloud object in the
and y plane is created. The mdirection can be described by a polynomial function of first
degree between the point of origin and the average coordinatesOfpifuge2tion. A main
plain, which cuts through the cloud objEgjure4.4 plane in green), cae derived from the
main direction. The vosathich are on the plane describe the desired cross section.

Cloud object in voxel space before height detection
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Figured.4: Voxel space with example cloud in yellow before height detection and in blue aftetdwtight
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The voxels which belong to the cross section can be reprojected in the four camera pixel
coordinates. Thus, all corresponding camera pixel elevation and azimuth angles are known.
Vector coordinates from the cameras to the cloud edges canlatedddy the functions:

L ion.
- ‘ot 3=r = W Equatiord.4

*otqn . PO

Ctao. PO do4an . OV Y Equationd5
(sETE =) P e v g x=r Equation4.6
with the maximum or minimum camera pixel elevation &ngley , the

corresponding camera pixel azimuth angled theradusi, which describes the distance
between the camera and the vector coordifRadgisi is increased until the intersection

points between the lines of sights of the four cameras to the cloud edges are detected. With
four cameras, a total of six istmtion points for each cloud edge exist. The actual cloud
height is calculated as the avegagmordinate of all intersection points for both cloud cross
section edges.

Increased uncertainties arise from clouds that are located partially or cauisietely
the voxel space and/or due to segmentation uncertainties. The relative standard deviation
(RSD between the twelve distinct cloud height values (six per cloud edge) will rise in cases
with increased uncertainties. Average cloud height informética lew RSD(RSDO 5%)
are considered as trustworthy and saved into digbdrtlatabase (only data from the same
day). Cloud height information frarmmodeledclouds with an RSDabove a certain threshold
value RSDO 12.5%)arerejected. Thesmodeledclouds receive cloudheight information
from the database preprocessed by a KalmanKitengn 1960 The RSDthresholds re
defined based on the authexperience and first preliminary validation results. This approach
will fail during fully overcast conditions. Howefudly, overcast conditions make cloud height
information irrelevant for the creation of B¢l maps.

Some information about the clogelometricathickness is retrieved with multiple ASls,
but the accuracy of these readings depends strongly on thpositiod, sizeand height.
Therefore, a simplified cloud thickness estimigtiotroducedThe cloud thickness is related
to the cloud typeWang&Sassen 2001 The occurrence of cloud types is connected to the
cloud height{ahn et al. 2008 Thereforethe geometrical cloud thicknesgstimateds a
function of the retrieved cloud center height, with a decreasing thickness while increasing
cloud height. The cloud thickness estimations are chosen according to the global cloud
thickness frequency distriton published byWang et al. 2000 No vertical variability of the
geometrical height inside a single cloud nwdehsideredt is clear that this estimation will
struggle in the case of very thick clouds, such as nimbostratus or deep convestivar cloud
such clouds, the size and distribution of the projected cloud shadows on the ground will be
underestimated. However, these cloud types can be associatedtloftaimy overcast
conditions Wang&Sassen 2007 without significant shaddwee spacesn the ground.
Especiallywhenconsidering the relatively small areas covered by the nowcasting system (edge
lengths up to 8m). Thus, in such conditions the irradiancecast quality is mainly affected
by the determined cloud radiative effect and ydhé determined cloud height or cloud
motion. It should also be taken into account, that the cloud optical thickness of nimbostratus
or deep convective clouds is aboveRt&Bgow & Schiffer 1999 and therefore only low
irradiance and no or little powengration is found in such cases.

Figure4.2 (right) illustrates a complete voxel space with cloud objects after the height
detection.
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Cloud tracking

Horizontal 2D projections of all-® clouds taken at the cloud center fromaineent
image sedrecompared via a cross correlation algorithm to-hgdjections of the cloud
models from the previous image set [8gare45). Cloud projections with the highest
correlation coefficient are allocated tocheather. Matches are rejected due to significant
deviations in cloud heights or unreadilyitiigh cloud speeds. Cloud objects without a
suitable allocatiavbtain their velocity from a look up table as explained later.
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Figure4.5: (a) Voxel space top view with cloud objects from previous image series (example cloud object marked),
(b) Voxel space top view with cloud objects from current image series (example cloud object marked),
(c) 2D cross section oéxample cloud from previous image sewis marked edgeis both
horizontal axeéX and Y) (d) 2D cross section of example from current image seétiesnarked
edgesn both horizontal ax¢X and Y)

Motion vectors are calculated for clouds witbrigsi information from previous images.
Spatial displacements are detected by comparing the position -6f theu@ projection
edges in bothorizontalaxes. Cloud segmentation errors and thus clbus@&leling errors
as well as cloud height deteceorors increase towards the horizon. Small pixel errors can
have a big impact depending on the actual height of the cloud. This complicates the cloud
matching and subsequent determination of the motion vector for such clouds. Therefore, only
clouds which ra positioned irthe inner part of the voxel spa¢senith angle 3%°are
considered for the determination of motion vectorsHigeree4.6 (left)). Figure4.6 (right)
illustrates an ASI image with some @kany highlighted clouds, which are positioned inside
or outside the inner voxel space. All valid motion vectors are saved together with the
corresponding cloud height irtdatabaseéMotion vectors for all cloud models without valid
motion vectors are Icalated from thedatabasevia a Kalman filtefKalman 196}
considering only thi#atabasentries from clouds of the same day and height range.
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Figure4.6: (left) lllustration of inner (dotted greerelirand outer (continuous red line) voxel space. Only clouds of
the inner voxel space (green clouds) are used for the determination of the motion vectors. Red clouds
with higher segmentation and modeling errors get motion vectors allaghtedS{ skyimage with
exemplary clouds marked green for the inner voxel space and red for the outer voxel space
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4.2.2Two camera block correlation metli@@am)

The accuracy of voxel carving based sysEpesnd®n the complex cloud segmentation
for the cloud height detemn. The tracking algorithm comparel® 2ross sections of the
virtual cloud models via cross correlation. Thus, segmentation and cloud height errors have a
direct impact on the tracking errors. Therefore, a cloud height detection and cloud tracking
apprach, which is completely independent of the previous processing steps, could improve
the systems overall accuracy.

Wang G. et al. 2016sed a cloud heigf@(detection method via a known cloud speed in
m/s (0 ; ) measured by a phototransistor based cloud shadow speedFsegset @l.
20B) and the angular cloud speed in pixél/s (j ) obtained by an ASI. The cloud height is

derivedaccording td&Equation 4.7 with the maximum zenith angledescribed by pixel
(seeFigured.?).
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Figure4.7: Visualization angular velogity ; in orthogonal planaith the maximum zenith anglelescribed

by 0 pixelat height h.

Kuhn et al. 2018&dapted this methody lobtaining the velocities via two @SIwo
subsequent orthogonal difference images are calculated from a singular ASI and converted into
one binary difference image. The angular cloud speed is identified by matching subsequent
binary difference imageerfr the same ASI via a normalizdd @oss correlation. A second
ASI is needed to obtain cloud speeds in m/s. Orthogonal difference images from both ASls
are matched. Since the distance between the ASls is known, the spatial extension per pixel can
be calalated. Thus, angular speeds can be linked to absolute speeds. The method presented by
Kuhn et al. 2018rovides a cloud height and motion information completely independent
from previous processing steps but it is limited to one single cloud layegiatratiyne
derived from camera pixels located close tButheln thisthesis| developed a cloud height
detection approagzCam,) based on th&/ang G. et al. 2016oncept providing individual
cloud heightand motion vectors for eaptxel of the cama image.

Figure4.8 explainsghe 2Cam cloud height determination and tracking approach. Both
height detection and tracking are based on the samstépretrategy. Where the height
determination uses two subsequent images oflistinct ASIs, the tracking uses three
subsequent images of the same ASI without the thirthatkpd in the figur&'he goal of
this approach is to create orthogonal height and motion maps for the cameras. Orthogonal
images are created accordinguttmann 2003 The matching process illustrated in step 2 of
Figure4.8 is done by a block matching cross correlation algorithm. For both applications the
block discretization is defined by the detected average cloud height fpoevdbetime
stamps. Higher clouds result in smaller pixel displacement at the same cloud speed. Thus, the
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matching of motion via cross correlation gets more error prone with higher clouds. Larger
blocks and consequently larger search areas address thigechatleeducéhe height
resolution anthe capabilities of identifying distinct cloud layers.

Sep 1: Greate relative difference image (two distinct AS with two subsequent images for height |

map or one AS with three subsequent images for motion maps)

t; (main camera) t;-nt (main camera) di(X, ri(x,y)

t1-nt (sec. era) or
t;-20nt (main camera)

t; (sec. camera) or
t1-nt (main camera)

dx(x,y) ra(X,y)
r{’

Sep 2: Gross correlation sector by sector from binary orthogonal image (correlation distance
between 2 ASsfor height map or angular velocity from one AS)
by(x.y)

X dimension correlation
distance cameras in pixel

Y dimension correlation
distance cameras in pixel

Fl====="—— Sep3 Qeateheight map
| s
| 12 ég N
D ik
| betwsézﬂcAeSs nsg e 2-tan(8)
|

—e—— c— c—— —— —— — — — c— c— c— c— c— — —  c— c— c— om— c—

Figure4.8: Creating motion maps (step 1 and step 2 with one ASI and three subsequent images) ortcreate heigh
map (step 1, step 2 and step 3 with two ASIs and two subsequent images). Step 1: Calculating
difference images from the red channel of subsequent im@g@3 éhd convert difference images
into relative difference image&fy)). Step 2: Createtmonal relative difference imagds,{9). The
orthogonal images are converted by variable thresholds into binary imaggsMiotion maps in
pixel/30s (one ASI with three subsequent images) or correlation distance maps in pixel (two ASI with
two subsequent images) for both horizontal dimensions are created via cross correlation (block by
block). Step 3: Under consideration of the distance between the ASIs and the correlation distance maps,
the edge length in meter is known for each pixellly,the cloud height map can be calculated with
some geometricaiformationsof the orthogonal images (maximum zenith &aye thediameteN
definedbye i n). pi xel
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Cloud heights are derived as long as motion is detected in the sky, which enables cloud
height detections during overcast conditions. One minute average values are created for the
height and motion maps. The determined cloud height corresponds to an average cloud center
height and not to the CBH. The approach described in seetitia used again to define the
expectedieometrical cloud thickness.

Segmentation results are not needed to derive height and motion information, but
required for thereation of 3d cloudBor this purposeéhe cloud height map is olaed with
an orthogonal segmented image gare4.9). Thus, the cloud height for each pixel
identified as cloudgndits estimated geometrical thickreesderived.The transfer of the
cloud information from the orthogonal ireag@ the 3D voxel space is done layer by layer.
The resulting edge length in me@o () from the corresponding pixels of the orthogonal
image is calculated accordingdaatior4.8.

J 4+‘P OIO Equatior4.8
I - I

The known positioof the camera inside the voxel space and théQpixélenabls to
match each cloudy pixel tosenglevoxel of the corresponding voxel space layer. The
geometrical thickness of the cloud is taken into account, by marking the corresponding voxels
from layers above and beld®loud model shape and size errors induced by uncertainties of
the cloud segmentation aexluced by utilizing the segmentation results of the secondary
cameraA voxelremairs marked as cloud, only if the corresponding pixel frersettondary
camera is segmented as cloud. Forcloglsjt is possible that the ELM surpasses the spatial
resolution of the voxel space, which in turn resultsskippedvoxel in both horizontal
dimensions during the matching process. These systapatiave to be identified and filled
(seeFigure 4.10. Finally each voxel marked as cloud gets a motion vector from the
orthogonal motion map.

Individual 3D cloud models are identified by grouping all connected cloudy A&oxels.
average motion vector is calculated from the velocities allocated to each voxel within a single
3-D cloud model. These average motion veatutshe corresponding average cloud height
are savednto a databaseith an expiration date (12 hours). Thdionovectors of the
database are processed with a Kalman(iémnan 196)) treatingdatasetérom different
height layers separately. The Kalman filter weights more recent measurements stronger, and
thus reacts fast when the conditions change. Oldsuramentsnly have a notable effect
after longer clear sky periods. The filtered motion vectors are allocated-ib dloeidB
models according to the average cloud height.
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Figure4.10 Fill gaps of voxel space in aafsaigh clouds with ELM larger than the voxel space resolution

4.2.3Four cameralbck correlation methgdCamH

The 4CamH system is a hybridized approach, whicthes&Sanvoxel carving cloud
modelingcombined with the height detection and tracking appobddlce 2Cam systeithe
cloud modelingrocesdollows the 4Cam system as presented in sé@idrup to the point

before thecloud height detection afial shape correction of the cone like models. The

cloud height detéon andfinal shape correction is dodiéferentlywith a height magrom
several camera paisrespondingp the 2Cam approa¢seed.2.2.
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Four cameras allow six distinct ASI pairs. Due to the limitations of processfag time
realtime nowcasting systems, the number of used pairs is reduced to four. In thie work
following pairs anesed:

1 ASI1A ASI2 1 ASI2A ASI3
1 ASI3A ASI4 1 ASI4A ASI1

Each pair generates separate cloud height maps and motion maps usngstirgp
steps described in sectéh@.2 The four sets of motion and height maps are inspected for any
strong deviations from the average (>20%). The used threshold is based on ke author
experienced and first preliminagjidation results. If necessary, individual maps are rejected
and the remaining maps are averaged. Increasing the amount of used ASI pairs to five or six
would increase the redundancy of the cloud height and motion information. However, it is
unlikely thaall four currently used ASls pairs are rejected at the same time (never experienced
by the author). Thus, no significant overall improvement in cloud height and motion arise due
to a further increase of the amount of used ASI pairs (without addingadagis).

To obtain the final cloud shape t3D coordinates of eagiossiblycloudy voxein the
viewing conesrre compared with thel® coordinates of the orthogonal height map (see
Figure4.11). Voxels thamatchthe height iformation of the height mapmainmarked as
cloudy, other voxelrerejected. The following processing steps concerning the geometrical
cloud thickness and allocation of cloud speed information are identical to the approach of the
2Cam system presentecectiord.2.2

I - . - 1300 _ A I
o N 2 S P
= :
E EZE \
I 12005 N2 TN I
@
E RN
| : } S |
1100 @ ; D
N —
] 2 E I
Allocation of motion I : — 10* g : o 10°
Voxel space Y dimension 1 1 Voxel space X dimension
vectors on cloudy voxel | in m from south to north it vestRE |
I 0
o
sl
e
| © 5k
c 3¢
B
-10 2 ¢ =
5 =
| £ 8| S
-15T E o)
| g <
i SI E 4000
I £
c
, -5 %;| o -1 8
5 2 E 0.5 prgd o 0.5
|_ 10 %il N x10? 05 05 x10*
I 15 g g Voxel space y dimension T 1 Voxel space X dimension
| > EI in m from south to north in m from west to east
| -20 *él

Figure4.11 Cloud height and velocity allocation for 4Cabippher box:Shape correction of raw clovéwing
coneswith cloud height mafeach clor represents an individual cloud modedjt box: Allocate
speed vectors from2 orthogonal motion maps to cloudy vobud motion is shown in the lower
right plot with red arrows.
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4.3Cloud height validatiomith areferenceeilometer

Derived cloud éight informations from thtaree ASI configurations aralidatechgainst
a ceilometerA 30 dayperiod, distributed over the years 2015 and 2016, is used for the
validation. Thelatasets chosen in a way that a wide range of cloud heights, cloud motion
patterns and atmospheric conditions are present.

Used error metrics include the MAD, relative MAD, RMSD and the relative RMSD. The
relative error metrics are calculated from the absolute error metrics and the corresponding
average reference valser thecloud height validation, cloud models are considered if their
center is within km from the vertical line marked by the ceilometers field of view. Ten
minute cloud height medians are calculated of all valid cloud models and from the ceilometer
cloud heigh measurementdime stampsare only considered for tlevaluation|f the
ceilometer and all involved ASI systems provide measurements. The average cloud heights as
measured by the ceilometer and the corresponding number of measurements for different
clow height ranges are give @able4.2.

Tabled.2: Average cloud heigfi) and absolute number of measurements for reference ceilometer data

(?m<h 3"000m<h (?000m<h ?000m<h all

O 30000 6000 |0 9000 |O 1200C¢
Average height 2001 m 3979 m 7676 m 10216 m 4089 m
Number of measurements 3752 3400 1308 566 9026

First,we have a closer loakthree distinct days, one of them with simipigles layer
cumulus conditions and two with more complex +haykir conditions including cumulus and
cirrus cloudsFigure 4.12 illustrates the cloud height measurements for one day with
predominansingle layeclouds. On 19.9.28%he ceilometer mainly measures cloud heights
around 160én. Some clouds with a height around 2i@ppear after 16:00. The 2Cam and
4CamH systems show good alignment with the ceilometer measurements. A low relative MAD
is reached for both new systenth @i9% (2Cam) and 7.5% (4CamH) respectively. The 4Cam
system shows larger fluctuations with strong outliers including deviations of various thousands
of meters. The general trend of the cloud height is detected, but the rel&@ivareMA
significantly laeg (16.0%).

19.09.2015
3500
' Wceilometer
£ ©02Cam
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= ©4CamH
572500 e
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Figure4.12 Measured cloud heights on 19.9.2015. Predomiimgletlayeronditions are found around 1#0

Two days with more complex conditions are depictéidune4.13 On 4.10.2015, two
distinct layers are present. Often, the higher layer is blocked by the lower layer for the
ceilometer as well as for the ASI systems. A short period from 10:23 to 10:30 with ceilometer
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measurements around 9600 completely mpred by the ASI systems, which only detect the

lower layer. However, during the period from 12:40 to 12:57 the 2Cam and 4CamH systems
detect mainly a higher predominant layer where the ceilometer measures a few small scattered
clouds at the lower layenrRhis period, in particular, the 4Cam system shows a good match
with the ceilometer data. In general, 2Cam and 4CamH show more stable and accurate cloud
height detections and an overall good match avitblativeMAD of 28.8% and 23.8%
compared to 4Camitiv a relativdViAD of 41.2%.

On 18.10.2015 three distinct layers are visible in the data shgurehl3 The 2Cam
and 4CamH systenfollow the general trend of the ceilometer measurements. Higher
deviations are present foethighest cloud layer, where the 2Cam and 4CamH systems often
overestimate the cloud height. Especially 2Cam bigivdeviations up to 3000, during
the time period 15:23 to 15:47. 4Cam follows the general trend as well, but with higher
fluctuations. Té overall relative MAD for this day is around 25.7% (2Cam) and 21.6%
(4CamH) and around 29.9% for 4Cam.

The larger deviatisbserved for 4.10.2015 and 18.10.2015 are caused by complex multi
layer cloud conditions. Often higher layers are (partiallyjeatdy a lower layer. During
these multilayer scenarios, with a large cloud coverage of the lower layer, small gaps in the
lower layer coverage allow ceilometer height measurements of higher layers. However, due to
visual obstructions, the ASI systeftsnosee mainly the lower layer. Multiple layers can only
be detected by the ASI systems at the sanmgf larger gaps are present in the lower cloud
layers providing an unobstructed view.
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Figure4.13 Measured cloud heights for all cloud modeling systems and reference ceilometer on 04.10.2015 and
18.10.2015. Both days show multiple cloud layers.

Figure4.14 showsthe histograms of the cloud heights obtained by the ceilometiee and
three cloud modeling approaches for the completay30data set. A strong mismatch can be
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seen for thelCam system compared to the ceilometer reference in the cloud height range
below 2000n with a frequency of 9% (ASI 4Cam) compared to 25% (¢eilpriRerther

strong deviations are foumdthe range between 508Go 6000m with a frequency of 22%

(ASI 4Cam) compared to 4% (ceilometer). Abovensb@ match of the distribution is
acceptable. For the 2Cagsteman overall good match is achiefgdcloud heights up to
9000m. Almost no clouds are detected above 10000his is related to a systematic
weakness of the approach caused by the available image resolution and camera distance, which
will be discussed in sectr3.2 The overall best match is achieved by the 4CamH system.
No cloud height range shows strong deviations compared to the reference distribution, with
the exception of a lack of measurements above ml1d0@ systematical weaknesses of the
2Cam sysin are also present for the 4CamH system, but less pronounced (sde3s2ction
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Figure4.14 Histogram of the cloud heights obtained by the threemlodelingapproaches icomparison to the
ceilometer measurements ordags

The comparison is also shown in scatter density pigigg4.15. The reference
ceilometer data are plotted on the abscissa and the ASI data on the ordinate. Each bin has a
size of 250m. The color coding represents the relative frequency for each pixel in a column of
the scatter density plot. Accumulated relative frequencies of one column add uplieel100%.
4Cam system shows the largest dispersion and deviations, althowsownd 55060 the
deviations are mostly below B00A strong bias for higher clouds is seen in the range up to
5500m. Dispersion and deviatidostherincrease for higher cloud layers. A negative bias can
be seen for cloud heiglatisove 550, wherdahe ceilometer detects high clouds but the ASI
system detects low clouds. The latter effect can be seen for all three systems. This is due to the
previously discussed mHdtyer conditions, with a strong cloud coverage of the lower layer,
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which blockghe higher layerf®r most parts of the sky. 2Cam and 4CamH show a better
matching accuracy than the 4Cam system, especially for the lower cloud hedgints. We
observe a positive offset for clouds higher thanm00be offset increases with the cloud
heidit. The effect is more pronounced for 2Cam and is due to the mentioned systematical
issues which will be discussed in se4t®
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Figure 4.15 Scatter density plot of theodd heights obtained by the three clouoldelingapproaches in
comparison to the ceilometer measurements-day30

Error metrics for distinct cloud height ranges are shokigure4.16. As expected from
the prewvous observation, the 4Cam system shows larger errors compared to 2Cam and
4CamH system. In the case of the 4Cam system, around 31% of all detected clouds received a
substituted cloud height from a database, according to the procedure described4i2 section
4CamH has the lowest deviation o§ydtems. The relative BAorresponding to the entire
data set are 29% (2Cam), 17% (4CamH) and 46% (4Cam). One source for the observed
deviation is that all ASI systemsasuee an average cloud height and derive the CBH with an
estimated cloud thickness. The ceilometer on the other hand measuresdinec@BH



Chapte# Individual 3D object oriented cloud modeling and tracking

#4Cam MAD #2Cam MAD ®4CamH MAD #4Cam MAD #2Cam MAD ®4CamH MAD
e +4Cam RMSD*2Cam RMSD*4CamH RMSD [m) +4Cam RMSD *2Cam RMSD*4CamH RMSD
C 4000 = @05 e
Zn B Erir e « |l o4 Sl -
[=X7) L e s||©23 2 Gha e =
o> PO o " . - 2112 03, e, %
.'gm.?()oo- il - O, £ %g * e i }_ ‘;
32 vl RAIE g Ot & 03000 m: R
o9% P & O <013 4Cam relMAD = 0.81
o S i 4 4c IRMSD = 1.19
. i s am rel §
g 0 T 0
) ,3000 J 6000 ) 9000 X ,2()00 - 3000 ) 6000 ) 90()() A 20()0
o 2000 60 oM~ 9 2000 g0 o0~
Cloud height range in m Cloud height range in m

Figure4.16: Resulting absolute (left) and relative Jrig&D and RM® from the comparison of the ceilometer
measurements discretized over cloud height ranges. The 4Cam rdatwvel lRM® for the lowest
height range are given in the text field.

An intercomparisownf the presented validation resahs prevous findings auld be a
very helpful exercider the overall systermassessmenA comparison between different
systems ia complex task, as different systems are typically tested with different datasets from
different sites. The accuracy of ASI systeependis heavily on the prevailing weather
conditions. Single low layer cloud conditions with optical thick cumulus clouds represent
conditions, where high accuracies are likely. High clouds pose a much tougher challenge, as we
will seein sectior4.3.1and4.3.2 This is an inherent problem of all stereoscopic approaches.
High clouds are also more challenging for single ASI approaches, due to teswitraonts
Finally, complex but frequent miatyer cloud conditions represent challenges that are even
more difficult. Nevertheledsuhn et al. 201&omparedcloud heights derivdidom a ASI
system for a 58ay validation period, with an overallD&f 872m. In this work, the three
cloud model origed ASI systemare added to the comparis@omparably good results are
reached in the 30 day validation period with an over8lldf1lA145m (2Cam) and 648
(4CamH). The comparison must take into accounthtagirocedure used bByhn et al.
2018slimited to a single cloud layer at any given time and rejects all times stamps surpassing a
maximum cloud height threshdltiis data filteringf high cloud®bviously reduces the error
metricsobservedy Kuhn et al. 2018

4.3.1Understanding the deviationslof #Cam approach

The 4Cam system identifies the cloud height of detelstedcloud individually by
detecting the intersection of the field of views at the cloud edges. The cloud edges are located
by the corresponding minimum and maximum pixel elevagilencdra vertical cloud model
cross section (séggured.17). An error estimation for resulting cloud heights and position of
the observed cloud edges is conducted. This study considers two cameras with a distance of
700m to eaclother. Hypothetical clouds are considered, with varying cloud edge height and
horizontal distance to the point of origin. The point of origin is located between the cameras.
The resulting pixel elevation angles are calculated with the known reladivepthssticloud
edges to the cameras. In a next step, errors are added to the calculated angles (e.g. error of
+0.5°). The resulting position of the cloud edges can be calculated by the erroneous angles.
Thus, the expected resulting cloud height and eldgel position can be estimated. Real
errors of the pixel elevation angle arise mainly due to not ideal ASI calibrations, ASI
misalignments and segmentation errors.
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Figure4.17. Correct and erroneous clowte position due to an pixel elevation angle error of +0.5° of cam2

Whether an erroneous lower (closer) or a higher (farther) cloud position is detected,
depends on the direction of the angle error and the relative position of the corresponding
camera tohte second camera and the cloud. Thus, simultaneously occurring angle errors from
multiple cameras can amplify or attenuate the effect.

Figured.18illustrates the expected errors for cloud height (a) and cloud edge (b) positions
and an erroneous pixel elevation angle of +0.5°. 0.5° corresponds to around five pixels in the
westeast or southorth axis of the image. The correct distance between the point of origin
and the cloud edge is shown on the abscissa and the cloud hitighdrdmate. The color
bar describes the resulting error of the cloud edge in height and distance respectively. For
example, the errors for a cloud with a heigh8000m and a distance of 100@0are
+1255m (height) and +216% (distanceps marked bthe blue arrowsExpected errors
increase for higher clouds or for clouds, which are farther away.
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Figure4.18 Expected errorsf 4Camin cloud height (a) and position (b) due tetheneougpixel eleation angle
of +0.5°. Arrows mark the described example.
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It has to be pointed out, that four came@sespondo six distinct camera pairs and
thus in six distinct cloud height measurements for the same cloud edge (sekZsection
Averaging reduces the magnitude of the errors. Nevertheless, this analysis shows some
weaknesses and physical limitations of the 4Cam system, especially for distant and high clouds.

4.3.2Understanding the deviations of the 2Cam and 4CamH approach

As desribed insection4.2.2and 4.2.3 the 2Cam and 4CamH system use a cross
correlation approach by matching difference images from two ASIs. The maximum resolvable
height depends on the image resolwtimhthe distance between the ASIs. A larger distance
between the ASIs will allow measuring the height of leighes but reduces the capability
for low clouds. A cloud has to be present in the image intersection of both ASlIs. For clouds at
a height clasto the geometrical limitations of an ASI setup (correlation distance of only a few
pixels), the height resolution is defined by very large increments. Therefore, the absolute
uncertainties increase for such clouds due to the limitations of the haiglarre$his issue
Is even more pronounced if matching errors are taken into account.

As an exampléseeFigure4.19, two setups of ASIs are assumed, one with a distance
between the ASIs of 4%Dand the second with 980 Both stups work with orthogonal
images using a maximum zenith angle of 78° and are projected into an orthoimage of
1000x1000 pixels. Both setups observe the same cloud roughly et 406008 the ASIs.
This corresponds to a correlation distance of 5 pixefseféirst setup and 10 for the second
setup. A single pixel error -af pixel implies a higher cloud for both setups. The first setup
would detect an cloud at a height of roughly 1125@0d the second setup would detect an
cloud at a height of roughly2DDm. A pixel error of +1 pixel results at a height of 8800
(setup 1) and 9200 (setup 2)Figure4.19 (a) and (b) show different pixel correlation
distances for different ASI setups. The color beigofe4.19 (a) describes the correct cloud
height, whereas the color baFafure4.19 (b) describes the expected cloud height error due
to a matching error o1 pixel. The expected errors are belowrlLfify most cases. A strong
increase of the expected errors can be seen for all scenarios with a matching distance below 10
pixels.These systematic errors can result in unrealistic heid@80{n}), especially in the
case of absolute matching errors largerihairel. This issus also present for positive pixel
errors, but less influential. The increment in height per pixel drops rapidly for larger correlation
distances.
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Figured4.19 Expected errors in cloud height and posftior2Cam & 4Camidue to a matching error f pixel
for distinct ASI setups and corresponding matching results. Arrows mark the described example. a)
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The 2Cam set up operated at the ,R@th a camera distance of roughly rap@s
vulnerabldo the described issue ($ggure4.19. Cloud heights >12000 are detected and
substituted by an average cloud height fralid recent historical measurements (same day). If
no valid historical cloud height informati®available, the cloud heightsubstitutedvith a
default value of 9000. This explains some of the deviations showigured4.14 andFigure
4.15as well as the described gradually increasing offsetFsgaretls

Matching errors that lead to lower clouds are less pronounced and more difficult to detect,
as realistic cloud igats are derived. This may partially explairoweeepresentatiomf
lower ASI cloud heights for ceilometer readings aboven6@@@-igure4.15).

The 4CamH system is less prone to mismatubie2Camas multiple camepairs are
used for the cloud height detectiGloud heights$>12000m are rejected. Only in very rare
cases show all used camera pairs simultaneously similar matching errors. In such cases, the
described substitution process of the 2Cam system is applied.

4.4Cloud motion vector validatiomith a referencehadow
camera

In this section, cloud motion vectors derived ftbmthree ASI configurations are
benchmarked against a shadow camera ggstesectiod.4 using 1éminute nedian values.
Timestamps are considered, only if all involved systems provide a measurement.

The measured direction and speed of the reference system and all ASI systems is depicted
in Figure4.20 In general, all three ASI systdoiow the direction as measured by the
reference system. Similar results with an overall good match are reached for the cloud speed
from the visual inspection in the case of 2Cam and 4@&ai. shows stronger fluctuations
and some persistent deviations.
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Figure4.20 Motion direction (left) and speed (right) for the reference shadow cam and all three ASI systems over
the entire data set.

The histograms illustratedHRigure4.21, confirm the good agreement for the direction.
The gap around 330° is related to the local main cloud directions at the site. Cloud movements
roughly to the north are a considerable rare event above the PSA. Most cloumwesbve
eastdirection Interestingly, the 4Cam cloud speed distribution shows the best match with the
reference system, despite the strong fluctuggBeabigure4.20. However, this is only a
statistical result, under consideration of the entire data set.

The 2Cam cloud speed distribution shows a lack of measurements &éhahd 31m/s

bin, but this is compensated by an increased population within the neighboring bins. The
4CamH system shows an overall good agreement with the cloud speed distribution.

0.25 ———————— 0.2
g 7Shadow camera 8 Shadow camera
o 52 [l4cam 3 4Cam
E £0.15
© [0}
3] . o
5 0.15 &
5 M 5 0.1 _
3] &)
S 01 8 i
= > 0.05 l
E 0-05 ‘ H ’7‘ | E | ‘ |
[0 [0}
\
o ‘—‘ H—‘ ‘ | |||‘ = 0 Il : i | Al Ew -
120 180 240 300 360 0 5 10 15
Cloud direction in ° Cloud speed in m/s
" 0.25 T T T 0.2
.E Shadow cameral UE) Sgii?w camnets
c 02 [12Cam 2
= £0.15
[0}
&)
<0.15 - £
S 5 0.1
0
S 0.1 g .
() e =
= 2
£005 | I 0.05 !
Q il D |
¢ | H I
0 WH ‘ —‘H‘ Tl—ﬁ*IH o 0 | W | L___ m ‘_Ju_u
0 120 180 240 300 360 0 5 10 15
Cloud direction in ° Cloud speed in m/s




Chapte# Individual 3D object oriented cloud modeling and tracking

0.25 ‘ T | 0.2
L . @ Shadow camera
3 - Shadow camera o 4CamH
P =
&) &)
E 0.15; §
= 3 0.1
¥) )
8 0.1 f 8
g | g
T 0.05 - 1008
fo) » ko)
¢ Al : |
O | | _H WIS - e 0 B BN BN BN NN BN BN b Em o R BN o
0 60 120 180 240 300 360 0 5 10 15
Cloud direction in ° Cloud speed in m/s

Figure4.21: Histograms of reference and ASI systems; left: cloud motion direstiargnorth: 0°, east: 90°,
south: 180° and west: 270°) right: cloud speed

Scatter density plots for the diren and speed are depictedFigure 4.22 All
frequencies in one reference bin (column) add up to 100%. As expected, the 4Cam system
shows the strongest dispersion for the direction as well for the speed. Overall, the scatter
dersity plot confirms the good agreement off all systems for the motion direction with an
MAD of 22.7° (4Cam), 12.8° (2Cam) and 11.7° (4CamHp{de4.3).

Despite the low deviations of the speed distribution, the scatter denshypws a poor
alignment for the 4Cam system with an overdl Bf&2.6m/s. An improvement can be seen
for the 2Cam and especially for the 4CamH system wiils MAopping to 1.81/s and
1.3m/s respectively (sdable4.3).

The 2Cam and 4CamH show a minor bias towards higher velocities that increases for
higher values. This can be explained partially by difficulties in detecting altitudes of high
clouds. As shown in sectiér8.2 small matching errdiar high clouds have a strong impact
on the detected cloud height. Clouds erroneously estimated to be too high indicate larger pixel
edge lengths in m, which leads to higher cloud speeds.
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Figured4.22 Scatter density plots of reference and ASI systems; On the left dieetiohstorth: 0°, east: 90°,
south: 180° and west: 270°) and on the right speed

Table4.3: Resulting MA and RM® from the compason of theAS| system® theshadow camera system over
the entire range (v: cloud speed/Aamioud motion angle)

4Cam 2Cam 4CamH

MAD(v O 1|26m/s 34%|1.8m/s 23%|1.3m/s 18%

MAD (A O 3[227° - 128° - 11.7° -

RMD (v O 133m/s 43%|23m/s 30%| 1.7m/s 23%

RMD(A O d202° - 17.4° - 162° -

MAD and RM® over different cloud speed ranges depicted inFigure4.23 An
absolute increase of the errors can be seen for higher velocities. 4CamH is the most accurate
system in all cloud speed ranges, followed by 2Cam and finally 4Cam.
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Figure4.23 MAD and RM® in comparison to the shadow camera system discretized over cloud speed ranges

One reason for the increased deviations of the 4Cam system, is the direct interaction with
the heighdetection. As presented in secdadithe deviations for the height are the largest
for the 4Cam syster@loud heigherrorsresult in significant errors of thige and shape of
modeled clouds, which increases the possiofitdsmatches (see sectod.

For 2Cam and 4CamH, orthogonal imafe000x1000 pixels amdnith angkup to
78° are usedThis leads to resolutiaonstraintsIn the case of a hypothetical cloud at
12000m, the pixel ége length corresponds to roughly midxel. Thus, small matching
errors for high clouds lead to large motion deviation, which partially explains the increased
deviations for high velocities.

Similar to the cloud height validatiargdirectintercompason of the presentethotion
vectorvalidation results compared to previous findiogdédwe helpfulor the overall system
assessmerntiowever, de to a lack of a consistent validation procerutieisan extremely
challenging tasklost motion vectoralidationaredone indirectly by comparing the achieved
nowcastscore QuesadaRuiz et al. 2014 and Peng et al. 2016r by comparing the
previouslynowcastedtloud cover with the corresponding real cloud célgang et al.
2012, Chow et al. 2015 and Zahet al. 201). Others estimate motion vector uncertainties
(Crispel et al. 2017 and Schmidt et al. 2Q0XBhesementionedesults cannot be compared
directlywith the results presented héilee advantage of the used validation procéslthie
direct vabation of the motion vectgraith the referenceshadow camera systdmdirect
validations of the cloud motion by the nowcast score or cloud cover have the disadvantage
that other uncertainty contributors are involw&dclear discretization of alvoled
uncertainty contributorsadifficult task.

4.5Nowcastfuture cloud object positiorad cloud shadow
projection

For thenowcast, thalerived 3D cloudare disfaced individually in the madel space
according to the allocated motion vector. Predgcfor the cloud positions are made for lead
times up to 1minutes ahead. However, the possitiecashorizon of new cloud position is
limited bysome physicéloundariesThe presentedoud tracking and modeling approaches
evaluateareas of the camaeimagesvith elevation angletown to12°. Due to the strong
distortion of thdisheye lensnages close to the image horizon, an accurate evaluation in areas
with anelevation angldselow12° is not feasibleThe effective maximum vision range for
differentrelativecloud height¢from viewer perspectivaid an elevation angle of 12° can be
calculated easily with some trigonomEtgure4.24 illustrates the effective vision range for
clouds with a relative height fréhbkm (2.35km vision rangeto 12km (5646 km vision

rangé.



Chapte# Individual 3D object oriented cloud modeling and tracking

60
55
£50-
-§40-
35
230
<25
815!
>10+
5.

123456789 101112
Cloud height in km

Effective maximum

Figure4.24 Effective maximum vision range with an elevation angle of 12° and relative cloud heigtsnfirom
to 12 km from the viewers perspezti

The theoretically possilsiewcashorizon br new cloud positions depermsthe cloud
trajectory and cloud sped@dajectories which lead the clouds directly over the czenéla
dlow the longestowcastorizon Neverthelesg|so in the case afcloud trajectory directly
over the cameraxistconditionswhere a 15 minuteowcast of future cloud positiomns
physically not possibleigure4.25 illustrates the effective possibtevcasthorizonwith a
minimum elevationngle of 12°or clouds witha height up to 1&Rm and a speed up to
55m/s. Thisis a simplification, as many clodde nhéve a trajectory directly ababhe
camera. In such caseséffectivenowcashorizon will besmaller.The use of several cameras
hasalsoa negativeffect on thenowcast horizonas for the investigated approatchesame
clouds have to be detected by several caMietake influence of thisffectis comparatively
small snce the cameras are located close to each other
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Figure4.25: Effective timeduring whicha cloud with a trajectory directly above the camera is within the field of
view of the cameravith a min elevation angle of 12All conditions withan effectivenowcast
horizon below 15 minutes are below the green line.

Also he size of theisedmodelingspacehas an influence on the theoretically possible
nowcast horizon for future cloud positio@ouds outside the boundaries of the modeling
space are not considdrFor the required retime operation of theaowcastingsystemthe
computing time of the entimwcastingprocess cannot exceed tinge interval between two
image®of 30s. This limits currentlthe modeling space aound36 millionvoxels, whichni
turn allows an edge length30 km (from point of originand a height of In with an
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reasonable resolution (below af)0Depending on the height of the cloud and the elevation
angle (from the center of the modeling space), clouds may alreadyédhsuboundaries.
Figure4.26 illustrates the distance of clouds to the center of the modelindospzload
heights up to 1Bm and an elevation angle between 12° tp8@spectivérom the modeling
space centert a viewng angle of 12Clouds with a height of 4260areoutside the 2RBm
boundary. For viewing angles above 30° are all cloudsheiigint of up to 1Rm within the
20km boundaries.
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Figure4.26. Resulting @dtance between clouds and the center of the modeling space for cloudskap daadL2
elevation angles betweeni 48d 90°All conditions above the red border line describe clouds with a
distance greater Rt.

A continuous nowcastith lead times up td5 minutess requestedrigure 4.25 and
Figured.26 presented conditions whereralévant clouds have left thedelingspace, which
in turn would lead telear sky predictionggardless of the real ctaimwhs This issue is
tackled by assuming a persistent cloud pattern for the space under observation and the
nowcast horizanAll cloud modelsvith an outwards pointing trajectomich leave the
modelingspace at one side will reappear on the oppositeofsithe modeling space
Furthermore, cloud models which border the voxel space limits at lead time 0 minutes with an
inwards pointing trajectowyill grow into the voxel space. However, this persistence cloud
pattern approach can only succeed, if thd cmdels interact with the voxel space limits. In
case of cloud heights below 42b€he effective maximum vision rafimgén elevation angle
of 12°)is smaller than the voxel space limitations ofka2@sed-igure4.24). Thus, nonef
the modeled clouds will touch the modeling space kmitexample the effective maximum
vision range for a cumulus cloud field, with an average cloud heightrofid060ted to a
radius of roughly 4ki. Therefore, the cloud persistence patier outwards pointing
trajectories can only appiitera gap ofl5.3 kmhas been closed, whereas the persistence
pattern for inwards poi nRoritmsgeadonm #¢oxelcspacer i e s
horizontal dimensiorare dynamically adju$téeducedrom +20km), if the current cloud
heightsw o np@rtnita sufficiently long line of sight up to the preegel spacémits. The
used persistence cloud pattern approach is illustr&tgdried.27.
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Figure 4.27. Example forpersistence cloud pattern for cumulus clouds at an average heightmofadd3
correspondinglyeduced voxel space limits

For each cloud model and lead timthin the modeling spaea individualshadow
projection is requiredt first, a topographical modeith an edge length up t&k® around
the point of originis created.The topographical model is based digital elevation
measurement$90m resolution)taken by the satellites TerraSARand TanDEM-X
(Martone et al. 2012 The shadow projection on the topographical model is determined via a
raytracing approadberlander et al. 200)5For this purpose a vector in direction of the
Qun is created for each voxel identified as cloud. Theses wetturned at their base point
by 180° and projected to the topographical model. All pixels of the topographical model hit by
one of these vectors are considered as sid#eshadow maps are converted with additional
irradiance and cldutransmittancenformation to DNI maps (sed-igure 4.28. A more
detailed description of the conversion from shad®@Mtamaps is given in sectibrh
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Figure4.28 Voxel space with cumulus cloud models tapdgraphical modelround PSA with spatial DNI
information

For some combinations 8fin elevation angl@and cloud heightare the dimensions of
the modeling space too small for alshaprojection to the topographl model. An example
would beSun elevation angle of 20° with a cloud height kfrlO'he relevant clouds are at a
distance> 27km from the point of origin and thus outside the modeling spadeéigsee
4.26). Such conditionsmake thevoxel spacdutile and would lead to a false clear sky
interpretation at any lead time. Needed subsequent correction procedures ofXNé final
maps under such conditions are presented in seé&ion

4.6Conclusion cloud naeling and tracking

ASI| based nowcasting systems, which use individual cloud models with individual

attributes such ageolocation, motion vector and transmittameee developedCam is a

voxel carving based approach, utilizing sky images from fourh&€am system is a two

ASI based cloud height detection and cloud tracking approach indepérntdentloud
segmentation. The 4CamH system is a hybridized approach that cthraldiGasn voxel

carving approach with the 2Capproachin this work, thehree systemserebenchmarked

in terms of cloud height detection with a ceilonssteeferencand cloud tracking with a
shadow camera systaareference

The 30 day validation period showed the strongest deviation both for height detection and
cloud tacking with the 4Cam system. The 4Cam system reached an ozeiHl1VIg3m
for the height, 2.61/s for the cloud speed and 22.7° for the motion direction. The 2Cam and
4CamH systems showed better results, with over&l dfiAL145m (2Cam) and 648
(4CanH) for the height, 18/s (2Cam) and 1.3 m/s (4CamH) for the speed &l 1
(2Cam) and1l7? (4CamH) for the direction. The comparison between the two voxel carving
approaches (4Cam and 4CamH), emphasized the impact of error propagation effects of
prevbus processing steps (e.g. cloud segmentation uncertainties). Especially the 4Cam cloud
tracking was penalizeddyyoneougloud heights, which lead to shape and size changes of the
clouds.

4CamH outperformed 2Cam by combining the robust voxel carviogcipgor the
cloud modeling with height and motion maps developed for 2Cam. Further reductions of the
uncertainties were achieved by averaging height and motion maps from four distinct ASI pairs.
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The advantages of 2Cam are lower hardware and maintestmaad a less Chtdensive
image processing. Furthermore, the lower computing requirements of the 2Cam approach,
allow a higher temporal resolution, considering the same computing capacities.

Some inherent systematical weaknesses of ASI based nosystsingpr high altitude
cloudswere studied. Furthermore, strategies were presenedlice the impact these
systematical weaknesses on the system actheseystrategies are limited to the 2Cam and
4CamH approach and incorporate valid recstdrical cloud height measurements which
substitutemost likelyy nval i d c¢cl oud height i nf oxThesei onods

weaknesses were mainly caused by the geometrical setup of the ASIs and the image resolution.

A hardware upgrade consistaigcameras with a higher image resolution would reduce the
impact of these effects. The drawbacks are an increased computation time.

In the following chapterbe 4Cam approaetill no longer be taken into accqudoe to
the clear advantagg#she appraches 2Cam and 4CamH



5 Probabilistic  approach for the
determinatiorof cloud transmittance

It is possible to determine the transmittance of individual clouds using DNI
measurementsee sectio.1.). However, with only a gile pyrheliometer for the DNI
measurements1 most of the time the majority of the relevant clouds will remain without a
transmittance measurement. Therefore, a transmittance allocation approach is required,
especially during complex mlajier conditios where different cloud typegth distinct
optical propertieshay occusimultaneously-or this purpose a novel probabilistic approach is
developedClouds receive an estimated transmittance value based on (1) their height, (2)
results of a probabilityalysis with historical cloud height and transmittance measurements as
well as (3) recent transmittance measurements and their corresponding clo@iohdight.
heights are measured twe 2Cam or 4CamH cloud modelmgproach(see sectiod)
utilizing twoor four ASls

In sectiorb.1the theoretical hypothesis of the chgwebabilistic approacéh described.
The probabilistic approadh based on cloud transmittance measuremadrics, require the
knowledge of the prevailimgear skyDNI at all times.The used clear sky DNI detection
approach is presented and validated in segrSection5.3 presents the probabilistic
analysis of the rdlan between cloud height and transmittambe implementation of the
probabilistic cloud transmittance allocation/estimation approach is presented ifb.dection
Binary shadow mapsncbe converted into DNI maps accordingséation5.5 Validation
results of the transmittance allocation/estimation approach are presented i%.8ebtion
sectiorb.7the probabilistic approachbenchmarkedith some more simple approaclsite
dependencies and the potential imfprovement by introducing aautomatic cloud
classificatiors discussed in secti®Band5.9. Finally | conclude the findgs of this chapter
in sectiorb.10

The content fronthis chapter d&spartially been publishedNiouri et al. 20Bb.

5.1Radiative effect of different cloud classes and cloud height
layers

A probabilistic approach is chosenciwhs motivated by two facts. Firstly vertical cloud
profiles hold important information for distinct cloud typesderick & Steele 1995NVang
& Sassen 20Q1Kahn et al. 2008 In general the troposphere is discretized into a lower,
middle and high layeCumulus (Cu), stratus (St) and stratocumulus (Sc) clouds are associated
to the lower layer, altocumulus (Ac) and altostratus (As) to the middle layer and cirrus (Ci),
cirrocumulus (Cc) and cirrostratus (Cs) to the higherRagso(v & Schiffer 1999 Vertical
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thick clouds like nimbostratus (Ns) and deep convective clouds can extend over all three
layers. The heights of the borders between these layers are not static and dependent on latitude
(Manabe 19690hring & Adler 1978 Sassen & Wang 20)2Sassen% Wang 2012divide

the earth in the three latitude belts, polar;latitdde and tropics (sdable5.1), with
corresponding borders between the three layers.

Table5.1: Borders of toposphere low, middle and upper layer for the three latitude belts pdetitudé and
tropics as defined by Sassen & Wang 2012 (values in brackets describe transition zone between layers)

Low layer Middle layer high layer
(PO>Iar 66 A338outhor t | ?2.4 kkm;n =0 é(:)Lkm ?7.0 Ilzmr;]) 2 h > (5.0 km) 7.0 km
?mg-lgtl,t&ugeB 8 to 66A] ?2.4 kkm;n - égkm ?8.0 II:mr;]) i h>(6.0km)8.0km
(Trzplcsz 3A26cutor t | ?2.4 kljn;n © " S ?10.0kk$)) 1 h> (7.0 km) 100 km

The second fact motivating the probabilistic approach is that different cloud types can be
associated to different optical propertidsef et al. 2000 Solar nadiance is attenuated in
the atmosphere by absorption and scattering. The attenuation caused by clouds is described by
the cloud optical thickness (COT). The COT of a cloud depends onamétroacrophysical
properties such as particle size distribugitape, water path (WP), thermodynamic phase and
vertical extentKing 1987 Hess et al. 1998Chen et al. 2000 Kokhanovsky 200%
Especially WP, which describes the vertically integrated water content (WC), and effective
particle size are proportional®T Lohmann & Neubauer 2018 The average global WP
of low and middle layer clouds is significantly larger than compared to high layer clouds
(Rossow & Schiffer 1999 Larger effective particle size leads to stronger absqrptance
whereas smaller effeetparticle size increases the scatt€@han@& Li 2002).

Rossow & Schiffer 199Qsed withinthe International Satellite Cloud Climatology
Project (ISCCP) nine cloud types discretized by cloud top pressure amth@Odt al.
2001relate ISCCP data teswal observations from the ground and reduce the ISCCP cloud
type definition to four distinguishable types: all low layer clouds (Cu, Sc, St and fog), optically
thin middle layer clouds (Ac and thin As), cirrus clouds (Ci, Cs and Cc) and thicggegh
clouds (cumulonimbus (Cb), Ns and thick As). The ISCCP data set states the lowest average
COT with 2.2 for the cirrus clouds. Cirrus clouds consist almost exclusively of nonspherical ice
crystals of various shap€s (1996. The optical properties diffsignificantly between ice
crystals and spherical liquid drops. The extinmiefficients of water clouds are one or two
orders of magnitude greater than those of ice clouds with the sa®envVE&PShine 1994
The effective particle size is at leastooder of magnitude greater for ice particle compared
to liquid particle with the same WC. Thus, the chance of multiple scattering is greater for water
clouds $un & Shine 199% In more recent studies with combined radar and lidar as well as
CloudSat anc€CALIPSO measurements, the global average COT of ice clouds are found
around 1 with an ice WP of @%° (Hong et al. 2018.

The radiative properties of mixed phased clouds have to be considered too. Low layer and
middle layer clouds are often consideseplugely liquid clouds and high layer clouds as ice
clouds. The reality is somewhat more complex. Clouds with temperatures above 0°C consist of
liquid particles and clouds with temperatures b&@\& consist of ice particles. However, in
between clouds agy consist of supercooled liquid particles, ice particles or a mixture
(Pruppacher & Klett 199Y. Around 30% of all clouds within the temperature ran@e@f
and-26°C consist of mixed phase clo{®lsn & Shine 1994 The related strong variation of
the optical thickness can be described roughly by a linear function of the ice fraction, with
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optically thicker liquid dominated clouds to optically thinner ice dominated Slouds (

Shine 199% Especially clouds from the middle troposphere layer haveratenese
associated with mixed phase clouds. Ac clouds are liquid dominated and As clouds ice
dominated$%assen & Wang 20}.2

There is no simple relation between cloud height, type and optical thickness, due to the
highly variable micrand macrophysicakture of clouds. However, a tendency exists for
mainly optically thick low layer liquid clouds, optically moderate to thick middle layer clouds
and optically thin high layer ice clouds. Therefore, a probabilistic approach, including historical
and currentloud height and transmittance measurementBi¢gee5.1), seems feasible to
relate cloud height and transmittance for cloud transmittance estimations (if needed).

Historical data base RSSOV S Tl Target clouds
measurements

Estimated
transmittance

Figureb.1: Rough structure of probabilistic cloud transmittance estimation appituactoud height of a target
cloud is known. A corresponding transmittance value is estimated with available recent cloud height
and transmittance measurements as well as theofgzolbability analysis with historical cloud height
and transmittance measurements

5.2Determination o€lear sky DNI

The choserprobabilistic approacttilizes cloud transmittance measuremeken by
pyrheliometeras described in sectidri.1 This require&knowledgef the cleaskyDNI at
all times.For the determination of the clear sky DNI, e is calculated from DNI
measurements accordingneichen & Perez 2002Shade®NI measurements adletected
and rejectedyy a so called cloud checkégorithm Hanrieder et al. 2016Wilbert et al.
201®). The currenfTL is calculated by thmostrecent and unshad&NI measurements
weightingnore recent measuremesttonger. The predictetbar sky DNI is calculated with
the currenfTL according tdneichen & Perez 2002

Crucial for this approach is the accurate detection of the shaded DNI measurements. The
so called cloud checldaveloped bidanrieder et al. 201& Wilbert et al. 2016 evaluates
the variability of the easured’L in 10-minute data packe® visual inspection of tletoud
checkeresultsrevealegartial failureof the algorithnduring conditions with pronounced
variability of the DNI, ggecially with clouds corresponding to high transmittance ‘eatues (
cirrus). Thereforen this workvarioussupplementarfiiters are added to the existing cloud
checker and testeBor the validation of the differefilter strategiesa referencelear sky
DNI data set is generated. This reference data set @tegigr manually filtered (human
cloud checker) PSA DNI datacluding the complete year 20Lite tested supplementary
filter are stated ihable5.2. All needed thresholds arapiricallydefined

Table5.2: Description of gpplementary cloud checkiéer
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Supplementary filtervariation | Filter description

1 Standard deviation pfe filteredTL values over the last 2 hol
2 Floating minimal value of pre filtefEd

3 Suppémentary filter 2 with subsequent time weighted aver,

The results of this validation period are giveligare5.2. Lowest error metrics are
observed for the approaches supplementary filter variation 1 and 3, with a sitggjeddva
the variation 3. The considerably high error metrics for the purely shaded data set results
partiallydue tolong continuousperiods of several hours up to 3 days without any clear
conditionsDue to theless demandingpmputing timend the reaime requirementsf the
nowcasting systeinselectedaridgion 1 as finakloud checker.
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Figure5.2: Relative bias, MAD and RMSD between reference clear sky DNI based on human cloud checker and
clear sik DNI values from four distinct automatized cloud checker. Data set 1 includes all time stamps
from the entire year 2016 (average reference clear sky DNI = 733W/m?), data set 2 includes only
shaded time stamps from 2016 (average reference clear skyMMI/m¥ and data set 3 only clear
time stamps from 2016 (average reference clear sky DNI = 776W/m2)

5.3Analysis of the relation between cloud height and
transmittance

The nowcasting system treats clouds as individual objects with universal constant
propertieswithin a single cloud. However, real clouds consist of complex inhomogeneous
structures with horizontalifov 1998 Madhavan et al. 200)6and verticalGhang & Li
2002 Kikuchi et al. 2006 variabilities, which affect the optical properties. Moreawed, cl
boundaries are not cle&oren et al. 200Mescribes a smlled twilight zone around the
clouds. This twilight zone can extend tens of kilometers away from the clouds and consist of
cloud fragments and hydrated aeroBalsOr et al. 201@ifferentates the sky in cloud free
and cloud field, where the cloud field consists of the clouds and the twilight zone with
corresponding cloud properties. This spatial uncertainty of cloud boundaries is reflected by
DNI measurements, making unambiguous transn@ttaeasurements frequently challenging.
However, reliable transmittance measurements are needed for the probability analysis. To
study stable transmittance measurements DNI measurements with a temporal resolution of
about 5 are used. Transmittance megmsants are only considered if the standard deviation
is less or equal 0.05 over a time period ofszdMis threshold is determined empirically.
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Transmittance measurements are compared with cloud heights measured by a ceilometer.
Ceilometer measuremeats chosen for the probability analysis, as they are considered to be
more accurate in comparison to ASI derived cloud hesgbtséctiod.3, which showa
stronger dispersioaspecially for higher cloud layekSl derived cloud height information
could be used, but for this stutys aimed to create a data base with the highest possible
accuracies to test the limitationsthed cloud transmittanceestimation approach. Yet, the
ceilometer is limited to clomseasurements directly above the sensor. Thus, the cloud height
measured by the ceilometer and the cloud transmittance determined by a close by
pyrheliometer often do not belong to the same cloud. Therefore, the probabilityimnalysis
confinedto conditims with constant lowest CBBonditionsare defined as constant, when
the standard deviation of the ceilometer measuremdess or equal to 500 over a time
period of +15minutes. Furthermore, measurements are only considere8urh glevation
angeé is above 10° as for very small solar elevations the clouds shading the pyrheliometers are
far away from the clouds above the ceilometer.

The probability analysis is performed on 574 cloudy days between January 2014 and
December 2017 at PSA. A total d84I9 valid transmittance measurements with-lsipgte
cloud conditions are availalffggure5.3 shows the occurrence of cloud height readings as
measured by the ceilometer within this time period.
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Figure5.3: Histogram of cloud height readings as measured by the ceilometer used for the probability analysis.

Cloud heights are discretized in five height ranges from 0 tonla3.5m steps.
Readings above 1R are not consided, due to their scarcity ($&gure5.3). The lowest
range describes all low layer clouds, whereas the second and third layer describes the middle
layer clouds and the last two ranges the high layer Eigudss.4 depicts the transmittance
measurement distribution over the five height ranges as box plot. The expected increase of
transmittance with cloud height is clearly visible. The average transmittance measurements
from the lowest to the highest claathge are 0.06, 0.15, 0.36, 0.52 and 0.68. Especially the
lowest height range shows unambiguous results. The moderate middle height range 2.5 to
5.0km as well as the highest range 10.0 tki2dhow a comparatively low variability in
transmittance. Tha5" and 7% percentile cover a transmittance range of 0.16 and 0.29
respectively. The strongest variabilities in transmittance occur in the height ranges 5.0 to
7.5km and 7.5 to 10k, with a covered transmittance range by thar2b75 percenti
of 0.64 and 0.54 respectively.
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Figureb.4: Transmittance readings discretized over cloud heights from 574 clofoatyP&sys

For the further analysis five transmittance ranges from 0 to 0.9 in @. E8estiyiined.
Optically very thin clouds with transmittance above 0.9 are not considered by the nowcasting
system. A reliable detection of these optically very thin clouds by the ASIs cannot be assured.
The occurrence probability of the defined transmétaange within the height ranges is
analyzed for each of the 574 days separately. The box figiseh5 show the probability
distribution of transmittance range occurrence within the five height ranges over all days. For
the two lowest height ranges, the average probability for optically very thick clouds
(00T <0.18) are 93% (@h< 2.5km) and 77% (26h<5.0km). The remaining
transmittance ranges have an average probability below 10%. The height rangelsn®.0 to 7.5
and 7.5 to 10Km show the strongest dispersion in probability of transmittance. In the case of
the height range 5.0 to Krb the highest average probability remains with the optically very
thick clouds (42%). However, the average probability fodlggticaclouds (0.7Q T O 0.9)
rises to 21%. An almost inverse situation is observed for the height range 7kitonih.0
an average probability of 21% for the optically thick clouds and 34% for the optically thin
clouds. For both height ranges the remaining transmit@mges show a significantly high
average probability above 10%. The average probability for thick clouds is quite low with 2%
(00T <0.18) and 6% (0.T8T <0.36) for the highest cloud height range. On the opposite
side of the transmittance spectrum datierage probabilities are 23% (0.54 0.72) and
54% (0.7DT 00.9).

The moreambiguousesults in transmittance probability for the layard ®km were
expected. These middle troposphere layers covers a wide temperature range, which enables
supecooled liquid, ice and mix particle clouds. Thus, the determination of optical properties is
more difficult for the middle lay&assen & Wang 201KRayetha & Collins 2016
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Figure5.5: Probability beloud transmittance occurrence for different cloud transmittance and cloud height ranges
from 574 cloudy daysr PSA.

5.4Cloud transmittance estimation method for the nowcasting
system

The transmittance estimation for the nowcasting system is basedSirdgreved cloud
height measured transmittances and the probability of the transmittance as shown in the
previous sectiolkhadow projection is done individually for each cloud. Thus, the responsible
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cloud for each transmittance measurement is knowheiogéth its corresponding cloud
height.The nowcasting system saves the recent transmittance measurements and cloud height
information in a data base. The transmittances of all detected clouds in the sky without
transmittance measurement are determ@sedlon (1) the cloud height, (2) the probability
analysis results and (3) recent transmittance measurements. The flow chart for the
transmittance estimation method, which explains the method in detail including examples, is
shown inFigureb.6.

The fact that ASI based cloud heights are used instead of ceilometer cloud heights could
lead to additional transmittance errBkgerage relative meahsolute deviations (MAD) of
410%,318% anda22% of the ASI cloud heights compared to the ceilometer cloud heights
were observed for low layer, middle layer and high layer clouds resgeetiseltioa.3.

The possible deviation of ASI derived androetler derived cloud heights could lead to
erroneous transmittances. These errors are estimated to be acceptable for the method given
the distribution of transmittances within each cloud height and the wide height bins.

Target cloud without transmittance
measurement

*!) E.g. target cloud with
‘ E 60kmt Teg= 036
| (historical transmittance average from
third height range in Figure 5.4)

Use corresponding average
| transmittance from entire historical
data set with highest probability *1

*%) E.g. target cloud with

E 30km
Valid transmittance measurement
E 31kmand Tpes= 010

b Aog = 0.10

@ the only available transmittance

\ measurement *2

*°) E.g. target cloud with
E 30km
Valid transmittance measurements and
average probability from Figure 5.5
1:E 30km, Tres= 010andPr= 77%
2:E 29km, Treas= 0.21andPr= 6%
3E 31km, Theas= 042and Pr=5%
4:E 3.€2km, Tmeas = 0.15 and Pr=77%
Yo = “Yas @M =014

o VBT Y o

Calculate weighted average
transmittance corresponding to valid
transmittance measurements *3
(weighted by probability analysis)

Figure5.6: Flowchart for the transmittance estimation with historical results from the probability analysis and
recent cloud transmittance and height measurements within the nowcasting system (h: cloud height,
Tmeas Measured transmittandesi estimated transmittance and Pr: average probability corresponding
to cloud transmittance and cloud height raggamples of the three options are given marked by *.
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5.5Creating DNI maps

Now that the transmittance of the clouds is known, spatslyed DNI mapgan be
createdIn a first stepthe clear sky DNI, determined according sebtidis assigned tall
unshaded pixebdf the topographical maphe remaining shaded pi@aisitain theproduct of
the clear sky DNand the corresponding cloud transmittan&g previously mentioned the
shadow projectiois done individually for each cloud model. Therefore, each shaded pixel of
the topographical map can be assigned to one or multiple overlaidfahouitiple clads
shade the same pixel, the DNI of that pixel corresponds to the product of all involved cloud
transmittance values and the clear sky DNI.

While the used approaabceptslifferentclouds with differertransmittance it does not
allow any inhomogeneitythin theindividualclouds. Of course this is a strong simplification,
which leads to additional spatial uncertainties since real clouds are complex inhomogeneous
structures (see sectibr. Such uncertaintiesin be correcté at leastfor the immediate
surroundingsf the needed reference pyrheliom&ecalledoSun cloudsare created inside
the voxel spactor this purposeAll voxes which describe th8un disk from the viewing
angle of the pyrheliometer® combined ta new individual clou@his cloudalwayseceives
the current cloud transmittance as determined by the currently measured DNI and the
corresponding clear sky Dl$leeEquation2.1). A voxel space with Sun cloudis illustrated
in Figure5.7. The Sun cloud receives a motion vector from the Kalman filter (see section
4.2.2just as any other cloadd will be displaced accordingly for the nowcasts.

The Sun cloudal® reducesuncertainties from erroneous cloud positidnes,cloudis
expectedetween pyrheliometer and solar digkough there is no cloud. In this cése,
actuallynon-existing cloud receives a transmittance of 18IB8%the Sun cloud methdalp
if an existing clouthat shades the pyrheliometemissedln such casea newcloud is
generated. This new cloud receives the most recent average cloud height as well as the current
measuredloud transmittance and incorporates those voxel at@ahthe pyrheliometér s
field of view.

A similarapproach is utilized, when the voxel space dimensions are insufficient for the
currentun elevation angle and cloud height (see sdcjonhis issueccursonly for very
low Sun elevation angles amomparatively high cloudBhen the Sun cloudshadeshe
complete topographical maghis simplification is necessary, sinceathdablesoxel space
does nothold any relevant information for the topographical map.

The overall sysm accuracy can be increased, if more than one irradiance measurement
station is availablas the above mentioned corrections can also be carried out for several
stations.
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Figureb.7: lllustration cloudnodel with independeBtn cloud

5.6Validation of transmittance estimation approach

Sky images of a two years data set (2016 and 2017) taken at PSA are processed with the
nowcasting system including the transmittance estimation approach described 3msection
DNI maps for the current situation amolwcast up to 15 minutes ahead in 1 minute steps are
created. Each valid transmittance measurement over the 2 years is saved into a database.
Transmittance measurements are gatheradound 14.2% of all processed image series
(considering only conditions with clouds). The validation method utilizes all corresponding
DNI maps with lead time 0 and 1 minute describing the time stamps of the transmittance
measurements. The actual clwadsmittance measurement is applied to the DNI map with a
lead time of O minutdzor the clouds responsible for the transmittance measurement a
transmittance estimation accordinthéostatistical approach fraections.4is also available.
The estimatiorfrom a forecaswith a lead time of 1 minute validated with the later
measuremelised-igures.8).
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Figure5.8: lllustration matching transmittanmeasurements with previously estimated transmittance values from
the same cloudeft) Cloud with estimated cloud transmittance 1 minute prior to actual transmittance
measurementight) Cloud with transmittance measurement.

A scatter density plaif this validations shown inFigure5.9. Accumulated relative
frequencies of each column add up to 100%. Overall a good agreement is reached with the
strongest deviations for the moderate transmittance ranges. A frequent transmittance
overestimatioty about 5%s apparent. This is due to two causes. Firstly, the cloud height
measurements for the probability analyses are obtained by a ceilometer. As mentioned before,
the ceilometer measurements are limited to clouds directly atsmmrstre Thus, the cloud
height and cloud transmittance measurements do not belong to the samendaydases
This issue is addressed by limiting the data set of the probability analysis to conditions with a
constant lowest CBH, assuming quasi cdangdtard heights for all visible clofdee section
5.3. This limits the probability analysis almost entirely to-lsipgteconditions. Multayer
conditions are only considered in the case of a continuous lowest lagst owedition,
which is a rare case for the PSA. But in general the occurrences of multiple cloud layers are not
rare.On a global scale, mtliyer conditions occur in around 42% of all cééasg et al.

2000. The total attenuation increases with thed#-layer conditions since the direct solar
rays have to pass through several cloud layers. The validation period includeslayeh multi
conditions, but receives cloud transmittance estimation corresponding mainlylayesingle
conditions. Secondlghe cloud height validation of the nowcasting system detected a tendency
for a slight overestimation of the cloud heigee (sectiom.3, which also leads to
transmittance overestimations.



Figure5.9: Transmittance estimation over transmittance measurement for the validation data set. The color coding
represents the relative frequency for each pixel in a column of the scatter density plot. Accumulated
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relativefrequencies of one column add up to 100%.

Figure5.10shows the MAD and RMSD within transmittance ranges (0.045 step size) and

the corresponding data density. Nearly 25% of all transmittance measurements belong to the
optically verythick clouds with TO 0.
contains less than 10% of the data. The comparatively high share of optically very thick clouds

045. Each

of

t he

rema i

is partially due tamultirlayer conditions, which often attenuate the majority oft direc

irradiance.

The MAD amounts to 0.06 for the optically very thick clouds and rises to a maximum of
0.20 with0.3150 T < 0.36. Afterwards the MAD drops down to 0.03 for optically thin clouds
with 0.8580 T O0.9. The higher deviations for the moderatesiti@tance ranges comply

with the results of the probability analysis. The strongest occurrences of the moderate
transmittances are found for the middle cloud layer and the lower part of the higher cloud

layer up to 18m (sedrigure5.4). These are also the layers with the strongest transmittance
dispersionAs previously discussed confes hot as a surprise, since especially the middle

troposphere covers a wide temperature range, which enables supercooled liquid, ice and mix
paricle clouds.lt is this variety in thgossible clouccomposition which makes the

determination of optical propertiasre difficult(Sassen & Wang 201Kayetha & Collins

2018.
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The overall average MAD and RMSD over the entire data set are 0.11 and 0.16
respectively. It has to be pointed out, that these deviations are only relevant if estimates for the
transmithnce are required. Often consecutive transmittance measurements occur (due to
horizontally large clouds/cloud fields), which makes the estimation of cloud transmittance
unnecessary for many relevant clouds that shade the target area and leads &mta signific
reduction of the deviations. This is especially the case for the current conditions and the
immediate future of a couple of minutes ahead. For nowcast looking further into the future,
the clouds transmittance estimation becomes more important.

5.7Benchmaing of different cloud transmittance approaches

In the followingthe probabilistic transmittance estimation appr@abbnchmarkedith
four more basic transmittance estimation approaches.

1 Binary approach with a transmittance of O for all clouds.

1 Binaryapproach with a transmittance of 0.32 for all clouds (average transmittance
over entire data set of the probability analysis).

1 Cloud transmittance estimation according to the average transmittance within the
corresponding cloud height bin as giveRigure5.4 (This is equivalent to the
presented probabilistic approach if no recent transmittance measurements are
available).

1 A persistence approach, which allocates a transmittance corresponding to the last
measured transmittartoeal clouds

The additional transmittance approaches are validated according to the procedure
described in sectidn@ The overall average MAD and RMSD of all approaches are stated in
Table5.3. The lowest eviations are achieved with the probabilistic approach. The strong
deviations of the binary approaches are no surprise, considering the observed distribution in
cloud transmittance (see sechidh The advantage of the prohiabd approach compared to
the remaining approaches can be explained by the combination of historical with recent
information, whereas the simple approaches use only historical or recent information.

Table5.3: Overall MAD and RMSD for different transmittance estimation approaches

MAD | RMSD
Probabilistic approach 0.11 | 0.16
Binary O 0.39 | 049
Binary 0.32 0.27 | 0.31

Historical average height depeng 0.24 | 0.30

Persistence 0.17 | 0.26

The deviations discrediz over transmittance ranges are illustrateédyume5.11 The
binary approaches dominate the bins they are related to, with a linear increasing deviation from
these bins. The advantage of the probabilistic approach is mestovisiblical very thick or
very thin clouds.
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Figure5.11 MAD, RMSD and data density over transmittance ranges for the validation data set for different
transmittance estimation approaches

5.8Discussing ®tdependence

The transmittance estimation approach presented here uses a probabiligtitabdek
generated for and corresponding to the local conditions of PSA. Other sites might have
different statistical relationships between the distribution df tcémsmittance and height.
Especially latitude dependencies regarding e.g. cloud height related moisture and cloud type
distributions must be taken into accolwdriabe 19690hring & Adler 1978 Sassen &

Wang 201 Deviations in cloud type distributiolespite equal latitude, occur due to local
meteorological conditions. Furthermore, the occurrence of low layer clouds is higher in the
southern hemisphere compared to the northern hemisphere, probably due to the larger
proportion of ocean surfac&uberrauch et al. 2006 Seasonal or diurnal dependencies of

the cloud distributiorS{ubenrauch et al. 20Q6@re currently not considered.

However, the described approach always includes recent cloud transmittance
measurements belonging to the actual sitendDwperation the cloud transmittance
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measurements and the corresponding height measurements taken by the nowcasting system
are saved into a database. Thus, the PSA probability data base is gradually improved and finally
replaced by measurements belongirtge new site, improving the nowcasting quality with

time.

5.9Potential of cloud classification

An accurate automatic cloud classification from the ASI images could improve the
transmittance estimation approach. The site dependency issue durired fiegatat a new
site could be reduced by linking transmittance measurements directly to the cloud type rather
than cloud height. Furthermore, the distinction between different middle layer cloud types
with liquid dominated Ac and ice dominated As chvod&d be helpful, although the optical
cloud properties from the same cloud class remain variable especially for middle layer clouds
(Sassen & Wang 201Rayetha & Collins 2016

Objective visual classification of clouds with its strong variation of- rarco
macrophysical properties is a difficult task. A bias depending on the experience and
preferences of the user is unavoidable. However, various groups developed cloud classification
approaches from ASI images (dajnle et al. 2010Kazantzidis e al.2012 Wacker et al.

2015 Huertas-Tato et al. 201). All of the mentioned groups use approaches with machine
learning algorithms, such as thed&ar e st neighboroés or random
cases up to seven cloud types are considered, incledingky, cumulus, stratus/altostratus,
stratocumulus, cirrocumulus/altocumulus, cirrus/cirrostratus and
cumulonimbus/nimbostratusi¢inle et al. 2010 Huertas-Tato et al. 201added the class
multicloud, which does not distinguish between differertt tjpes, but indicates if more

than one cloud type is present.

The cloud classification approaches from ASIs achieve high accuracies with correct hit
rates around 90% for sirdgger conditions (s@@able5.4). However, the accueias drop
significantly with random data sets including-tayér conditiondNacker et al. 2015

Table5.4: Some published average cloud classification accuracies

Average hit rate

Singldayer conditins Single & Multlayer conditions
Heinle et al. 2010 87.52% n/a
Kazantzidis e al. 2012 87.90% n/a
Wacker et al. 2015 91.70% Down 50% a
Huertas-Tato et al. 2017 77.3% 72.609%)

) Including multicloud class without further specification ofrdsept cloud classes

To estimate the potential improvement, 10% of the transmittance validation(se¢a set
sectionb.g aremanually classifietihe data selection considers 10% of each day, within a day
the data is choseandomly. Thus, no bias is introduced due to the data selection. Only the
clouds which mask tt&in from the perspective of the ASI are classiflegl.cloud classes
cumulus, stratus/altostratus, stratocumulus, cirrocumulus/altocumulus and cirrugigsrrostra
are useaccording tadeinle et al. 2010Situations with cumulonimbus/nimbostratus, which
seldom occur at PSA, are rejected. The transmittance validation data set includes no clear sky
conditions. Multlayer conditions are accepted, as long asotitk abvering th&un (ASI
perspective) is clearly distinguishable/classifiable. The transmittance of each manually
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classified cloud is known, thus transmittance ramgediscretizedver cloud classes. The
relative occurrence of transmittance rangesnwvaltbud classes is shownHigure 5.12

Different colors refer to different transmittance ranges. Rather unambiguous results exist for
predominantly optically thick cumulus and stratocumulus as well as predominantly thin
cirrus/cirrostratus clouds. A strong dispersion is visible for the cloud classes stratus/altostratus
as well as cirrocumulus/altocumulus. In particular the combined class, including low layer
stratus and middle layer altostratus clouds, is unfavorable for thetéraces determination.

A slightly different classification scheme is recommended to be combined with the cloud
height base approach, distinguishing between separate stratus and altostratus as well as
cirrocumulus and altocumulus clouds. However, thisrasolvn irFigure5.12 show a good
agreement with the results of the probability analysis (8c8tias well as the validation of

the transmittance estimation (seclidh Such a combined method could be used to further
improve the transmittance determination.
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Figure5.12 Relative occurrence of transmittance ranges within cloud classes (manually classified). Défferent color
refer to different transmittance ranges. All bars of the same transmittance range add up to 100%.

5.10Conclusion determination of cloud transmittance

A novel probabilistic approach has been devel@pedectingcloud transmittance
measurements and clougldint measuremenss.transmittance estimation approach suitable
for realtime operationvas developedvhich calculates a weighted average transmittance from
recent transmittance measurements with corresponding cloud heights. The weighting factors
are dahed by the average probability of transmittance values within the corresponding height
range. Transmittance and accurate ceilometer cloud height measurements from 574 cloudy
days distributed over the years 2014 to 2017 were analyzed. The result®hdhility pr
analysis show a cleannectiorbetweerclould height and transmittance law layer clouds
and high layer cloudghich areoptically thickand optically thin respectivelyMiddle layer
clouds are ambiguous with a strong dispersion fromllgptinca to optically thick clouds.
This was to be expected, due to the mianol macrophysical properties of middle layer
clouds $assen & Wang 201XKayetha & Collins 201p Neverthelesghe presented
validation of the transmittance estimation proeedwer the entire years 2016 and 2017,
reached an overdiw MAD and RMSD of 0.11 and 0.16 respectiviglg. probabilistic
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transmittance estimation approags comparedith two binary, a simple statistical and a
persistence approach. The probabiligiiroacitliearlyoutperforms all of them.

The site dependence of the presented approach was discussed. The cloud height and
transmittance distribution of the used probability analysis represents the conditions at PSA.
However, new cloud transmittance agiglit measurements of a new site will substitute with
time the PSA data and thus improve the system accuracy

ASI based cloud classifications could improve the transmittance estimation and reduce the
site dependence. However, a system improvement rggguireglarly high classification
accuracies with middle layer clouds and -laydti conditions. Currently the highest
classification inaccuracies are found with stratus/altostratus and cirrocumulus/altocumulus
(Wacker et al. 20D5as well as mulayer onditions Wacker et al. 201,93Huertas-Tato et
al. 201Y. These are precisely the conditions, in which also the probabilistic approach shows
the highest deviations. Furthermaohe relationships between cloud type and transmittance
for the cloud classe$ragus/altostratus and cirrocumulus/altocumulus, which include the
middle layer clouds, amenbiguousA simplified classification could be conceivable, which
discretizes the cloud cover in optically thin and optically thick clouds within the cloud height
ranges. This would be also a first step away from clouds with homogenous optical properties
to more realistic clouds with both horizontal and vertical variability.



6 Overall \alidation and uncertainty
analysis dDNI maps

Every measurement nowcast isswbject to a certain degree of uncertaiMiyhout an
indication of uncertainties, results cannotubedto the full extentand are therefore
incompleteScalar error metrics, such as mean absolute deviation, root mean square deviation,
and skill score ammmonly used to estimate the accuracy of nowcasting skstetins.
nowcastingpased on the 2Cam cloud modeling apprsachpverall error metrics are given
in sectiorb.1 However, these overall error metrics represent@dibgle number per metric
are neither suitable to determine the real time accuracy of a nowcasting system in the actual
weather situation, nor suitable to describe any spatially resolved nowcast accuracy. The
performance of ASdased nowcasting systesistrongly related to the prevailing weather
conditions. Depending on weather conditions, large discrepancies between the overall and
current system uncertainties are conceivable. Furthermore, the nowcast accuracy varies
strongly within the irradiance negphigher errors may occur at transient zones close to cloud
shadow edge3herefore, anovel approach for the spatially resolved-tneed uncertainty
specification of AShased nowcasting systamdescribed and validated in sectidh In
sectiorb.3it is shown how the results from sec8dctan be utilized to estimate the expected
uncertainties of the nowcasting systems at different location, solely by DNI megsuremen
Finally I conclude the findings of this chaptesectior6.4

The content fronthis chapter &spartially been publishedNouri et al. 20Bb, Nouri
et al. 20@candNouri et al. 20Pe

6.1Validation of DNInowcast

Threereference pyrheliomet@re used to validate the overaWcastuality of thédNI
maps (pyrheliometemumber 1, 2 and 3 sdagure 3.2). Pixels from theDNI maps
corresponding to pyrheliometer positons are acawmhp® the reference DNI values (see
Figure6.1(left). One minute average values are used for this validRetiative deviation
metrics of the validation period are showkignre6.2 (left). These relate deviation metrics
are calculatess the quotient of the absolute deviation metrics aaddrsgeeference DNI
over the validation periofihe usedlatasefor this validatiortonsistof the years 2016 and
2017 The relative bias, MAD and RMSD fodI¢éiane 0 minuteare approximately 2%, 4%
and 8%, respectively, and rise up to 5%,dnd26%, for a lead time of IBinutes

As previously mentionetthe devations of thenowcastingystem arise due to errors on
the shadow position amdagnitude of # DNI attenuationThe influence of thdeviations
due to false shadow position and DNI attenuation can be redusestialfiltering of the
DNI maps(Schmidt 201Y. In this thesis @-D Gaussian filter is used. The transition region
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fortheGaussiantéri s defined by a given standard dev
times due to the higher uncertainties. An optimization proces®al transition regions,

aiming to reduce the overall RMSs conducted over a 30 days validation period. The
vaidation period i€hosen to cover a wide range of ambient condifibesresults of the
optimization process are depicte@iable6.1.

Table6.1: Optimized tansition regioDr 2-D Gaussian filter

Lead timerimin |0 |1 2 |3 |4 |5 |6 |7 8 |9 10 |11 |12 |13 |14 | 15

DZin km|01{03{05/07|07|10|10|15|15(15|15|15|15|15|15|15

The effect of th&-D Gaussian filteon a DNI map with a lead time of 2 minutes is
depicted irFigure6.1(right). Comparing the validation results over the entire twg weasse
only a slight reduction of the error metrics for low lead, tahespite the utilizeBaussian
filter. However, for a lead time of 15 minutegseh&®&MSD drogg by 2 percent points and the
rel. MAD by 1 percent pointhis corresponds toralativemprovement ofoughly 7.7% for
the RMSD and 6.3% for the MAD.

When considering the effect of the spatial filter, we have to take into account that the
ambient condions over an entire metrological year at the PSA consist of clear sky conditions
in roughly70% of the casdsee6.2.3. The impact of the spatial filter on a highly variable day
is depicted ifrigure6.3. At lead time 15 minutes we see a reduction in rel. RMSD from 51%
to 38%and in rel. MAD from 28% to 23%, which corresponds telativeimprovement of
roughly 25% (RMSD) and 18% (MAD) respectively.
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Figure6.1: Example DNI map with marked positions of reference pyrheliometgnsithoutfilter (right) with
filter (lead time 2 min)
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Figure6.2: Relative statistics DNI maps validation with threeference pyrheliometer including the years 2016
and 2017 (left) withospatiafilter (right) withspatiafilter

Figure6.3: Relative statistics &I maps validation with three reference pyrheliorfetarvariable dayleft)
withoutspatiafilter (right) withspatiafilter

Nowcasting systems should be capableutperforming simple persistence nowcasts,
whichassume constant ambient conditions over Tineeoverall system skill sc(aecording
to Equation2.5) over the entir® yeardata set is shown Figure6.4 (blue line). The skill
score drops from lead time 1 to lead time 15 from around 0.11 to 0.01. However, the chosen
validaion data set has also a strong impact on the skill score. ASI based nowcasting deviations
rise in the case of mtiyer conditions including middle and high layer clouds, compared to
more simple single layer conditions with low layer clouds. The ioeogeidure6.4 shows
the skill score, when 10% of the days are filberedf the validation data s&hese filtered
days include multayer conditions with middle and high layer cloudsawabserve a skill
score improvemerof up to 10%. The comparison of two example days shows this even more
clearly. The yellow curveFafure6.4 shows the skill score of a complex riayer day with
stratus/altostratus as well as cirrus/cirrostratus clouds.ef$istgnc@owcasoutperforns
the presented nowcasting system on thisQfayhe contrary, on a single layer day with
cumulus clouds, the presented nowcasting systemazlgaetjorns the persistenagowcast
(see purple curve bigure6.4). The DNI curves of both example days are illustrakagure
6.5.














































































































































































