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Abstract

While the number of operated Unmanned Aerial Systems increases, providing required information
services for verylow-level airspaces remains challenging. Regulators, researchers, and commercial
companies worldwide focus on solutions and specifications, ofwhich high-resolution weather services
are among the most critical for the safe and efficient conduct of flights and traffic management. Due to
technical constraints, small unmanned aerial vehicles aresusceptibleto adverse atmospheric conditions
in general and wind in particular. At the same time, existing weather services cannot provide dedicated
and accurate wind information for the urban canopy layer and at a microscale level. Since traditional
methods for increasing the resolution of wind fore- and nowcasts are related to extensive modeling
efforts and computational costs, the presented thesis aims to discover an alternate approach that serves
the needs of unmanned aerial system operators. Based on synthetic datasets created with a CFD
simulation and additional information on the contiguous characteristics of the urban canopy layer as
Local Climate Zones, a machinelearning model capable of downscaling a mesoscale wind scenario is
trained for a small-size German cityscape (Nedlsenburg). For this approach, Gradient Boosting
Machines are selected as a training algorithm, and the training data, as well as the final model output,
are validated with hyperlocal real-world measurements and empirical wind laws for the surface layer of
the atmosphere. The resuling hybrid WIU models provide wind information in a resolution of 5x5x5
meters between 10 and 50 meters in height for four different wind direction scenarios at a synoptic
wind speed of 5m/s. The overall root mean square error is observed to be 0.41, andthe absolute
percentage error is about 18% for the most complex wind fields at 10 meters in height. The model output
indicates that the method captures typical characteristics, such as the exponential and logarithmic wind
profiles, and ingests up- and downstream effects surrounding areas create. More complex patterns, such
as wind speeds increasing in urban canyons or boundary effects at buildings' edges, require an additional
preprocessing of canopy information. The evaluation through realworld measurements indicates local
deviations that underline the importance of an accurate CFD model. The novel approach presented in
this thesis provides a viable solution to downscale wind information in an urban environment under the
premise that the resulting models can be transferred to similar areas without extensive remodeling
efforts.
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Zusammenfassung

Die gegenwartig steigende Anzahl an unbemannten Luftfahrtsystemen unterstreicht die
Herausforderung notwendige Informationsdienste fur den unteren Luftraum zur Verfigung zu stellen.
Regulierungsbehorden, Forscher und Unternehmen konzentrieren sich weltweit auf Losungen und
Spezifikationen, von denen hochauflosende Wetterdienste zu den wichtigsten fur die sichere und
effiziente Durchfihrung von Fligen und das Luftverkehrsmanagement gehdren. Aufgrund der
technischen Gegebenheitenist der Betrieb von kleinen unbemannten Luftfahrzeugen besonders stark
abhangig von denatmospharischen Bedingungen im Allgemeinen und Windkonditionen im Speziellen.
Zurzeit existieren jedoch keine kommerziellen Wetterdienste, die diese Informationen fuer urbane
Gebiete und entsprechend kleinskalig bereitstellen kénnen. Daherkdmmliche Methoden zur Erhéhung
der Auflésung von Windvorhersagen mit hohem Modellierungs- und Recheraufwand verbunden sind,
zZielt die vorliegende Arbeit darauf ab, einen alternativen Ansatz zu erproben, der den Bedurfnissen der
Betreiber unbemannter Luftfahrtsysteme gereht wird. Dazu werden aus CFDModellen kinstliche
Winddaten extrahiert und mit Informationen Uber die stadtische Bebauung durch maschinelles Lernen
in einem Modell zusammengefiihrt, welches die regionalen Windbedingungen in einer typischen
deutschen Kleinstadt (Neulsenburg) herunterrechnet. Sowohl die Trainingsdaten als auch die finalen
Gradient Boosting Machines Modelle werden mittels punktueller Messungen und empirischen Gesetzen
zu urbanen Windprofilen validiert. Das Ergebnis ist das WIU-System, welchesWindinformationen mit
einer Auflésung von 5x5x5 Metern in einer Héhe zwischen 10 und 50 Metern fir vier verschiedene
Windrichtungen bei einer Geschwindigkeit von 5 m/s bereitstellen kann. Das mittlere
Abweichungsquadratfir die gesamten Modelle betragt 0,41 und der absolute prozentuale Fehler fur die
komplexeste Schicht in Bodenndhe 18%. Die Ergebnisse zeigen, dass typische logarithmische und
exponentielle Windprofile und die Auswirkungen von vor - und nachgelagerten Belauungsarten vom
Model abgebildet werden. Komplexere urbane Windphdnomene, wie beispielsweise die Beschleunigung
an lokalen Engstellen und Verwirbelungen an Gebaudekanten, kénnen hingegen nur durch zuséatzliche
Informations -aufbereitung Ortlicher Gegebenheiten im Model bertucksichtigt werden. Der Vergleich mit
Messungenaus der realen Umgebungzeigt lokale Abweichungen, die die Bedeutung eines genauen CFb
Modells unterstreichen. Der in dieser Arbeit vorgestellte neue Ansatz bietet eine praktikable Losung fir
das Herunterrechen von Windinformation en in einer stadtischen Umgebung unter derVoraussetzung
dass die resultierenden Modelle ohnezusatzliche CFDSimulationen auf ahnliche Gebiete Ubertragen
werden kbénnen.
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HVBG Hessische Verwaltung flir Bodenmanagement undseoinformation
ICAO International Civil Aviation Organization
ISL Inertial Sublayer

LCZ Local Climate Zone

LES Large Eddy Simulation

LIDAR Light Detection and Ranging

MAPE Mean Absolute Percentage Error

X List of Acronyms



METAR
ML
MOS
MSE
NEWA
NWP
OF
OSM
OWM
PBL
PID
RANS
RF
RMSE
RPA
RPAS
RPV
RSL
SEMMA
SESAR
SL
SLURM
SUAS
SVM
TAF
TOLA
UA
UAS
UAV
UBL
UCL
ucp
uTC
UTM
VLOS
WIU

Meteorological Aerodrome Report
Mixed Layer

Model Output Statistics

Mean Squared Error

New European Wind Atlas
Numerical Weather Prediction
OpenFoam

OpenStreetMap
OpenWeatherMap

Planetary Boundary Layer
Property ID

Reynolds-averaged Navier Stokes
Random Forest

Root Mean Squared Error
Remotely Piloted Aircraft
Remotely Piloted Air System
Remotely Piloted Vehicle
Roughness Sublayer

Sample, Explore, Modify, Model, Assess
Single European Sky ATM Research
Surface Layer

Simple Linux Utility for Resource Management
Small Unmanned Aerial Systems
Support Vector Machines
Terminal Aerodrome Forecast
Take-off and Landing Area
Unmanned Aircraft

Unmanned Aerial System
Unmanned Aerial Vehicle

Urban Boundary Layer

Urban Canopy Layer

Urban Canopy Parameter
Universal Time Coordinated
Universal Transverse Mercator
Visual Line of Sight

Wind Information System for UAS
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WMO World Meteorological Organization
WRF Weather Research and Forecasting Model
WUDAPT World Urban Database and Access Portal Tool
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Nomenclature

Symbols
Notation Description Unit
(o)} Urban wind vector in the Ekman Layer [m/s]
6p Geostrophic wind vector [m/s]
b)) Wind speed vector for CFD boundary conditions [m/s]
B Hyperlocal wind speed vectors from the CFD [m/s]
a Contiguity offset of UCPs to the cell center [m]
Ao Average area of an airflow [m2]
A, Surface area of buildings [m?]
A Surface area of impervious ground [m?]
Ar Total ground surface area [m?]
A Surface area of vegetation [m?]
Ax Surface area of a covering element [m?]
A Average downstream area of an airflow [m?]
b Contiguity offset of obstacles to the cell center [m]
D Building spacing [m]
F Weibull cumulative distribution [-]
H Height of urban elements [m]
ho Reference height for wind in the urban boundary layer [m]
Humax Height of the tallest building in an area [m]
hr Height of average roof level [m]
hx Height above ground in the urban boundary layer [m]
k Weibull shape factor []
K Interaction depth (Gradient Boosting machine) [-]
Kwm Turbulent exchange coefficient for momentum [s7]
L Length of urban elements [m]
Lwep Average extent of wind effect phenomena [m]
M Maximum number of trees (Gradient Boosting machine) [-]
%) Average symbol
p Statistical significance [-]
Qr Anthropogenic heat flux [Wim?]
R Correlation coefficient []
Ro Rossby number [-]

Nomenclature
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Uo Wind speed at reference height o) [m/s]

Ucrp Hyperlocal wind speeds from the CFD [m/s]

Uref Reference wind speed for CFD scenarios [m/s]

Ustation Hyperlocal wind speed measured at weatherstations [m/s]

Ux Wind speed at height hy [m/s]

% Wind speed measurements (Weibull) [m/s]

VmLcz Wind speeds of the MLCZQ model [m/s]

VMOBS Wind speeds of the MOBS model [m/s]

VMod Wind speeds of the analytical models [m/s]

Vsim Wind speeds of theCFD simulation [m/s]

W Width of an urban canyon [-]

Zo Aerodynamic roughness length [m]

Zn Mean height of roughness elements [m]

1 Empirical exponent of the wind profile power law [-]

1o Wind direction for CFD boundary conditions [degree]

1 Mac Empirical wind attenuation factor [-]

r Ekman spiral parameter [-]

1 Deviation between Usaion and Ucrp (-]
Angle between geostrophic and urban wind vector [degree]

] Weibull scale parameter [m/s]

1y Plan building surface fraction [-]

1c Complete aspect ratio of external surfaces to plan area [-]

1 Frontal aspect ratio of windward surfaces to plan area [-]

lcem Shrinkage rate (Gradient Boosting machine) [-]

i Aspect ratio of impervious surfaces to plan area [-]

lsor HIW Aspect ratio of canyon walls (H) to canyon width ( W) [-]

Ix Plan area fraction of surface cover [-]

E Dynamic viscosity [kg/ms]

3 Average longitude of the experimental area [degree]

C sky Sky view factor [-]

N Angular frequency of planetary rotation [s7]

"Qor "Q Coriolis Parameter [rad/s]

” (Mass) density of a medium [kg/m 3]
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1 Introduction

In recent years the commercial application of Unmanned Aerial Vehicles (UAV) has developed into a
growth sector of business and research{Levitate Capital, 2020; SESAR Joint Undertaking, 2017a) With
an increasing interest in safe and efficient operations, the impact of weather on UAVs has been identified
as one of the most relevant aspectgGao et al., 2021; ICAO, 2011). Like all airborne vehicles, UAVs are
intrinsically affected in their performance by adverse atmospheric conditions (Ranquist et al., 2017).
Consequently, the current regulative approaches of FAARegulation (US) 14 CFR Part 107, 2020) and
European Union Aviation Safety Agency (EASA (Regulation (EU) 2019/945, 2019 ; EASA, 2020)
highlight the need to monitor and assess weather conditions attentively before and during flight. But at
the same time, various studies concluded that existing weather services are not covering the required
level of detall in lateral and vertical resoluti on for the low -level airspaces up to 150m (Campbell et al.,
2017b; Ranquist et al., 2017). Similarly, it is necessary to refine the services to fit the specific needs of
UAV operations. Amongst others, convective weather, wind speeds & gusts, and visibility are significant
weather conditions (Campbell et al., 2017a, 2017b). Unfortunately, this information is available
primarily in airspaces exclusively used by traditional aviation. Zones subject to the most promising UAV
business case¢SESAR Joint Undertaking, 2017a) such as the complex urban canopy layer, lack these
weather products.

For directly controlled flights in the visual line of sight (VLOS), operators can compensate for this lack
by actively observing atmospheric conditions. But accurate realtime weather information services and
reliable forecasts are crucial for higher automation, long-term planning, and flying beyond visual line of
sight (BVLOS) (SESAR Joint Undertaking, 20203 2020b). The assumption that these three aspects are
required for the economic viability of most UAV business cases(SESAR Joint Undertaking, 2017a)
fortifies the need for increased research activity in providing digital, micro-scale weather services
dedicated to UAV operations.

Although solutions to this problem are theoretically available, the technical and economic feasibility
disadvantages outweigh the benefits. One option is the installation of large numbers of micro weather
stations in areas of interest, which comes with high costs, maintenance, and a limited range of
information. Another option is to provide periodic calculations of highly detailed but resource-intensive
numerical simulations. For example, large eddy simulations (LES) to assess wind fields and turbulence
require modeling efforts and computational resources that easily outrun the operational timescales
(Pinto et al., 2020). Lastly, downscaling techniques can be used to increase the resolution of existing
weather models% ms from & targe to a smaller scale. Anyhow, the accuracy of analytical methods
remains unclear, and typical statistical downscaling approaches such as model output statistics(Glahn
& Lowry, 1972), depending on local measurements- revert to the drawback of collecting large amounts
of measurements or other data sources

This thesis aims to combine the advantages of the three potential solutions in a datadriven approach for

an exemplary downscaling of wind information in an urban environment : A synthetic high-resolution

dataset is created using a computational fluid dynamics (CFD) simulation. This dataset is validated under
aspects of physical principles(Oke et al., 2017) observed in the urban canopy layer and combined with
a categorization of the environment into local climate zones (LCZ) (Ching et al., 2018). This allows for

conceptualizing and training a gradient-boosted machine (GBM) model using existing machinelearning

algorithms (Natekin & Knoll, 2013) . The result is an implementation evaluated based on hyperlocal real

world measurements in the experimental area.

1.1 Objectives and Hypothesis

The objectives of this thesis are to (1) provide a highresolution wind speed dataset for an urban
environment that fulfills the requirements for UAV operations and GBM model creation, (2) discern how
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different data preparation and pre-processing steps impact the training of the models, and (3) evaluate
the final performance based on realworld measurements.

The hypothesis is that such a datadriven approach can successfully overcome the disadvantages of single
solutions by combining a physicsbased data simulation with a machine-learning algorithm. The result
is a hybrid model that can predict micro-scale wind speeds for UAV operations based on patterns of local
characteristics and mesoscale atmospheric conditions.

The methods and findings presented throughout this thesis enable the providers of weather information
products to reconsider current services and test potential downscaling offerings reasonably. At the same
time, UAV operators, researchers, and regulatorsan understand how a solution for micro-weather can
look as a future baseline for discussions. Furthermore, it is envisioned that the concept of a hybrid
modeling approach can be transferred to other fields of research that investigate the refinement and
downscaling of weather and climate information. To name a few, these could be city planners, renewable
energy providers, or insurance companiegTroccoli, 2018; Yang & Fu, 2020).

1.2 Scope

This thesis defines micrascale wind information by a resolution of 200 meters down to several meters.
The considered aerial vehicles are small Unmanned Aerial Systems (SUAS), which are generally sensitive
to adverse weather conditions (Ranquist et al., 2017). The exemplary implementation of the concept is
conducted in an experimental area in the South of Frankfurt a. M., Germany. It represents a typical
urban settlement with diverse urban canopy characteristics classified in LCZs with a resolution of 0.009°.
The modeled area comprises 3.82 x 1.66 km and 13 different types of LCZs. The vertical resolution of
the produced data is 5 meters with a maximum altitude of 50 meters. Four different mesoscale weather
scenarios are computed with a five m/s wind speed andwind directions from South, East, West, and
North. Finally, the observation network consists of five micro weather stations that provide
measurements for evaluating results in the reatworld context.

1.3 Structure

As a guide to the reader, the following paragraphs outline the content of the chapters that structure this
thesis, as illustrated in Figure 1.1.

Chapters 1 & 2: Introduce the thesis and provide a background on UAS, meteorological informationin
urban environments, and the creation of data-driven models to carve out the gaps in the current state of
the research.

Chapter 3: Describes the conceptual outline of the proposed method for downscaling mesoscale weather
information in the context of Urban Air Mobility. Specifies general requirements, data needs, and
expected benefits and outcomes of the solution.

Chapter 4: Details the steps necessary to prepare the various data sources of weather and geospatial
information required for creating and training the models. Furthermore, physical principles are selected
to validate the simulated data.

Chapter 5: Documentsand compares the results obtained for creating the individual components of the
proposed system to downscale wind information for the operation of UAS: an urban CFD simulation,
micro weather station output, a combined analytical model, and the hybrid GBM machine-learning
models.

Chapter 6: Discusses thestudy's resultsby providing interpretations and explanations for the outcome
of the models and evaluates the applicability of the downscaling system in the given context.

Chapter 7 : Concludes the study by restating the addressed research questions and highlightinthe most
critical findings and limitations discovered. A direction for future work is stated .
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Figure 1.1: Thesis structure

Introduction 3



2 State of the Art

This chapter describes underlying principles and the current state of the art for the subject matter
discussed in this work. The three key research areas are presented: Unmanned Aircraft Systems, micro
weather, and machine-learning techniques for downscaling purposes. At the beginning of each
subchapter, the motivation for the specific field of research is explained. After illustrating the
fundamentals required to relate the research, relevant aspects are discussed inside the context.

In the fourth and final part of this chapter, the three fields are jointly analyzed, which leads to the
definition of a research gap and, subsequently, to a development proposal that can compensate for
existing imbalances in the current weather information services for UAS: A machinelearning based
approach to downscale regional weather information crucial to the flight planning of Unmanned Aerial
Vehicles.

2.1 Unmanned Aerial Systems

Since the 1980s, there has been growing scientific and commercial interest in Unmanned Aircraft
Vehicles. In the meantime, the terms used to describe the vehicles have undergone a few changes,
ranging from Remotely Piloted Air Systems (RPAS), Remotely Pilted Vehicles (RPV), Remotely Piloted
Aircraft (RPA), Unmanned Aircraft (UA) or: Drone (Ogan, 2014). In principle, all of them refer to the
same vehicle type and can be summarized in the following definition:

?2 1 sl k _lIlcb _cpg_j tcfgajc &-' pcdcpg rm _ ngj
f sk | ngjmr mp n_gqclecpq, ?q qsaf* &8sl k _|1lcbuy
actively pilots the aircraft. Control functions for unmannedircraft may be either onboard or off

board (remote control). (Dalamagkidis, 2015b, p. 44)
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In the context of this research, the comprehensive and prevalent term Unmanned Aircraft System (UAS)
is used, as it also includes all systenrelevant elements beyond the aerial vehicle itself:

An Unmanned Aircraft System (UAS) comprises individual system elements consisting of an
8sl k_Ilcb _gpap_drpu* rfc Samlrpmj qr _rgmlpu _1Ib
g, c, 8amkk_I b _I'b amlrpmj j gl iTpere mhyltbe rBujtiplesconadt |
stations, command & control links and launch and recovery elements within a UAEASA, 2009a)

The following subchapters state the different technological configuration of UAS, their vulnerability to
weather impacts and how this is reflected in operations and traffic management. Finally, the section is
summarizing identified gaps for weather products that effectively support the safe and efficient conduct
of UAS operations.

2.1.1 Technological configuration of UAS

Various characteristics are used to classify UAS into different categories. Based on the context, these
categories can reflect specific use cases: The takeff weight is a critical factor for risk analysis
(Dalamagkidis, 2015a), whereas regulations often use technological capabilities and sizgRegulation
(EU) 2019/947 ; Regulation (US) 14 CFR Part 107, 2020) Commercial studies concern functional
abilities (Gonzalez-Jorge et al., 2017), and certification can be based on the level of autonomy
(Dalamagkidis, 2015a; EASA, 2009b). A categorization based on the aerodynamic principle (fixed- or
rotary-wing) (GonzalezJorge et al., 2017) is helpful for the research presented here since this
technological characteristic indicates a varying sensitivity to atmospheric conditions (Ranquist et al.,
2017).
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Fixed-wing UAS generate lift by air flowing over the wing surface in forward motion. They can be piloted
by the control surfaces implemented on the wings (rudder, elevators, and ailerons), enabling to turn the
UAS around the yaw, pitch, and roll angle (GonzalezJorge et al., 2017). Rotary-wing UAS use multiple
rotors connected to the frame of the vehicle. Other than fixed-wing UAS, such multi-copters do not need
forward airspeed to generate lift. Instead, they are capable of hovering at a fixed location. However, this
configuration g q _ | slgr_"jc qwqrck* wufagaf kc_l g rf_r
information from a built -in gyroscope to sense its attitude and the processing of this information by a
flight controller. The movement and the direction of the UAS are controlled by changing the rotary speed
of the vertical air blades, which leads to a change in thrust and torque (Gonzéalez-Jorge et al., 2017).

Combining both configurations results in a hybrid UAS (Saeed et al., 2018). This type of vehicle unites
the advantages mentioned above of rotary and fixed-wing UAS: The capability to take off and land
vertically, lift heavy loads, hover and maneuver precisely on the one hand, and the energyefficient
forward flight as enabled by the usage of airfoils on the other hand. This comes at the cost of complex
transition systems like tilt-wings or tilt -rotors or the simultaneous installation of both push- and lift
motors (Saeed et al., 2018).

The results of Ranquist et al. (2017) point out that a UAS's aerodynamic configuration impacts its
capability to cope with different wind conditions: As depicted in the histogram of surveyed UAS inFigure
2.1, the average multi-copters have a lower top speed (~ 50 km/h) than fixed -wings (~ 90 km/h),
limiting their capabilities to sustain higher wind speeds. Headwinds can cause a reduction in the effective
range (Hagag et al., 2021). Additionally, crosswinds can cause the UAS to drift off course and fly over
unintended areas. Wind gusts, sudden changes in the strength and direction of the airflow, as well as
turbulence and wind shear, can further reduce the control of the aircraft (Ranquist et al., 2017).
Especially fixed-wing aircraft are prone to forces applied to the control surface and the wing airfoil. For
instance, horizontal or vertical gusts can cause the plane to roll and reduce the generated lift until the
vehicle stalls or is tipped over. Precpitation can be assumed to affect both types of configurations
similarly, reducing the lift and drag or causing problems to the electronics on board. The aggregation of
frozen water at the structure of the UAS platform, known as icing, is very well-studied for conventional
aircraft and has been recognized to affect UA§Hann et al., 2017) . Fixed wings aggregate ice along the

8jc_bgle cbec md rfc wugleqg* rfc dpRahquist gtsalp @017@,c g *

reducing aerodynamic performance and maneuverability. Rotarycraft is affected by rotoricing at the
blades, changing the specific lift/drag ratio, and the risk of releasing accreted ice due to the momentum
of the rotors, which would lead to sudden changes in the torque (Brouwers et al., 2010).

sUAS Max Speeds

Type
1 Fixed Wing
B mutti-Rotor
l - I |
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Number of sUAS
S

Max Flight Speed (km/h)

Figure 2.1: Histogram of small UAS maximum speedslivided in fixed-wing and multi +otor vehicles. After
(Ranquist et al., 2017, p.3)

A survey among operators conducted byCampbell et al. (2017b) identified the size of a UAS as another
important differentiating factor for the resistance to specific weather effects. They determined that
convective weather is critical for both small and large UAS, followed by precipitation that affects small
UAS andicing, which involves large UAS. At the same time, small UAS are more sensitive to surface
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wind speed, visibility, and ceiling than large UAS that need to consider the surface wind direction instead
(Campbell et al., 2017b).

This study used theD ? ? agimum take-off weight limit as a reference to differentiate between small
and large UAS. US regulations allow only UAS under 55lb to operate below 400 feet (Regulation (US)
14 CFR Part 107, 2020) The European regulation 2019/947 has set the limits similarly to 25 kg
(55,12 Ib) and 120 meters (393,7 ft).

2.1.2 Operating UAS

Unmanned Aircraft Systems are expected to have a wide range of applications in various business sectors.
The European SESAR Joint Undertaking predicts significant use of UAS in agriculture, transportation of
goods, energy production, public safety and secuty, and the mobility sector; in total, up to 395.000
UAS in activity until 2035 in Europe (SESAR Joint Undertaking, 2017a) While precision agriculture and
energy production are mainly in rural areas, the other sectors are related to human settlements and
urban areas. This environment's complexity and safety concerns highlight the importance of regulating
UAS operations to caoitrol the associated risks and still allow the industry to evolve (EASA, 2015). The
European Union has commissioned the USpace framework to enable UAS operations in the lower
airspace (SESAR Joint Undertaking, 2017b). Similarly, the United States has developed the Unmanned
Aircraft System Traffic Management (UTM) (Prevot et al., 2016). Both concepts envision a UAS
operations infrastructure that supports the execution of autonomous operations beyond the visual line
of sight (BVLOS) by providing or supporting a set of subsystems, such as mission and flight planning,
flight tracking, deconfliction, and detect and avoid mechanisms (Lieb & Volkert, 2020; Lundby et al.,
2019).

Due to the vulnerability of standard commercial UAS to atmospheric conditions, flyability is limited to a
global median of 2 - 6 hours per day, which reduces their reliability for time -sensitive operations(Gao
et al., 2021). This emphasizes the requirement to integrate weather information into the preparation
and execution of UAS operations(M. C. Biiddefeld et al., 2018), for example, by restricting access to
areas with adverse or unclear conditions (Bajaj, Philips, Lyons, Westbrook, & Zink, 2020, Ranquist et
al., 2017), taking into account weather information during the mission and flight planning phase
(Thibbotuwawa et al., 2019), a continuous demand and capacity balancing for weather constrained
airspaces (Campbell et al., 2017b; Sanchez Escalonilla et al., 2020) and under consideration of
uncertainty (M. C. Buddefeld et al., 2023), or operate UAS that are more robust(Gao et al., 2021) or
technically capable of detecting prevalent atmospheric conditions (Bajaj, Philips, Lyons, Westbrook,
Zink, et al., 2020) . Besides the impact on the drone flyability, some operation types can also be denied
based on the mission's specific requirements, for instance, aerial surveillance during ground fog events
(Welker, 2020).

2.1.3 Weather Information Gaps for UAS

The previous chapters have outlined the sensitivity of different UAS types to atmospheric conditions and
described how operations can and should consider the impact of weather. Although the importance is
undisputed, several sources conclude that the curretly available weather products are insufficient to
support UAS operations (Campbell et al., 2017b; Navarro et al., 2018; Pinto et al., 2021; Roseman et
al., 2019). In addition, it is necessary to increase the understanding of weather effects on drones and
use this understanding to make weather information operationally sound (Gao et al., 2021; Ranquist et
al., 2017).

By correlating the importance of weather phenomena for UAS with the suitability of existing weather
services in the US,Campbell et al. (2017b) determined the following gaps, as listed in Table 2.1: All of
the gaps identified by the authors are associated with BVLOS operations, and the top 7 gaps are closely
linked to wind or convective weather. Other gaps are related to turbulence, icing effects, and the impact
of general weather conditions on the UAS. It's worth noting that the products used to describe urban
wind fields are neither suitable nor accessible for public use. On the other hand, the remaining gaps are
related to existing products, but their effectiveness is inadequate, or they contain @Unquantified)
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uncertainty. According to Campbell et al. (2017b), temperature and barometric pressure are irrelevant
information gaps. Although precipitation can pose a risk for small UAS, sufficient products are available
to address this issue.

Based on this study,Campbell et al. (2017a) propose several recommendations for action, for instance,
to investigate the translation of localized, aviation-specific weather information (e.g., TAF or METAR)
to remote take-off and operating areas of UAS. Furthermore, the authors highlight the need toimprove
rfc 8uglb bcagggml gsnnmpr dmp sp _| mncp_rgml g, M

Table 2.1: Prioritized ranking of specific weather information gaps (adopted from: Campbell et al.
(2017b))

Impacted
Rank | Weather Product | Information Gap Operation
Type
Numerical weather prediction (NWP)
1 General (NWP) performance is uncertain, especially where there | VLOS/BVLOS
is a large variation in terrain.
No mechanism to alert operators to rapid changes
2 Winds in winds (e.g., due to microburst outflows, gust VLOS/BVLOS
fronts and sharp synoptic fronts)
Off-airport weather observations (visibility,
3 General (TOLAs) | ceiling, wind) are sparse for UAS take-off and VLOS/BVLOS
landing areas (TOLAS)
Convective Tactical convective weather products lack short
4 term storm forecasts and are susceptible to BVLOS
Weather :
latencies
Current wind aloft forecasts lack precision and
5 Winds Aloft winds aloft observations are lacking in the low BVLOS
altitude and super high-altitude regions
Strategic convective weather products lack
6 Convective precision at long forecast horizons and need BVLOS
Weather better uncertainty information to support
decision making
7 Urban Winds Urban vymd products are not sufficient and are VLOS/BVLOS
not available to the public
8 Turbulence Lack of va!ldated g.tratosphenc and low-altitude BVLOS
turbulence information
9 Icing/Turbulence Icing and turbulence forgcasts lack an uncertainty BVLOS
element to support contingency planning
10 Icing Models Gagle kmbcjg bm I mr _ agBVLOS
11 Icing/Turbulence Turbulence and icing models not designed for BVLOS
small UAS
12 f/ligeelr:)l (Impact Weather impact models do not exist for UAS VLOS/BVLOS
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2.2 Urban Meteorology and Climatology

Urban meteorology studies the processes that impact the urban atmosphere, while urban climatology
focuses on the statistically preferred states of urban weather(Oke et al., 2017). By a combination of
these two, it is possible to create an understanding of the causeand-effect relationship in urban climates
that is required to advance the creation of micro-weather models.

In the following chapters, the concepts of urban climate are introduced so that the reader understands
the underlying conventions, definitions, and approaches, such as the layered structures of the
atmosphere, relevant scales, and methods to generalize the urban environment. Second, the established
methods (Oke et al., 2017) to study urban climate effects are presented in three stages: field observation,
physical modeling, and numerical simulation. Third, the most relevant mechanisms to explain urban
airflow are described. The chapter closes with recent examples of applied dimatology in the urban
environment and wind engineering.

2.2.1 Concepts of Urban Climate

Studying urban climates requires an understanding of scale. While the physical processes involved
remain the same, their relative impact changes depending on the scale being studied, affecting how the
atmosphere responds inside the urban boundary layer. Ths chapter will introduce the most relevant
concepts to provide that understanding and serve as a knowledge framework.

Rfc sp _1 "mslb_pw j_wcp &S@J' pcdcpg rm rfc |
vertical structure mainly depend on the ambient wind, the time of the day, and the characteristics of the
urban canopy layer (Oke et al., 2017). As depicted in Figure 2.2, the wind conditions of the surrounding
area are causing the UBL, for example, to form a dome or a plume. When synoptic winds are weak or
_~gclr* rfc agrw%q bctg_|Ir fc_r jctcij apc_rcq
countryside toward the urban area, which induces the dome shape(Findlay & Hirt, 1969) . The more
common phenomenon is the urban plume (Clarke, 1969), where the atmospheric conditions change
downwind several kilometers away from the urban setting or into another UBL (Clarke, 1969; Oke et
al., 2017).

(a) Urban 'dome’ (b) Urban 'plume’
No ambient Wind Ambient Wind

T ‘r\ UBL /‘ + e B —
Rural BL ~ ) k / Rural BL

—» —» —>
v fakblely, . Ruaisl

Rural Urban Rural Rural Urban Rural

Voo aalela.

Figure 2.2: Typical overall form of the UBL at mesoscale level: (a) urban ‘dome’ with no ambient wind,
(b) downwind 'plume’ in moderate regional airflow. After Oke et al., 2017

At midday, the UBL can span up to 12 kilometers in depth, but this reduces to hundreds of meters at
night and typically lower wind speeds (Barlow, 2014) . Figure 2.3 depicts that the surface layer (SL) is
located at the bottom 10% of the UBL and is experiencing the most significant impact from the urban
environment. Its characteristics are gradually diluted when blending into the mixed layer (ML) above it.
The ML eventually grows inside the planetary boundary layer (PBL), also known as the atmospheric
boundary layer (ABL) (Oke et al., 2017). The SL is further divided into the inertial sublayer (ISL) and
the roughness sublayer (RSL). The RSL is a shallow and highly turbulent layer that shows the microscale
effects of individual facets and elements. The depth of this layer ranges between 1.5¢ 5 times the
average height of the buildings (Barlow, 2014; Oke et al., 2017), with 2 being the most commonly
reported value in literature (Ricciardelli & Polimeno, 2006) . It includes the urban canopy layer (UCL),
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representing all exterior and interior atmospheres from the ground to the mean building and tree level

(Oke et al., 2017).
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Figure 2.3: Schematic of typical layering of theatmosphere over a city by day After Oke et al., 2017

The UCL contains two and three-dimensional urban elements that induce roughness in the context of
airflow. Based on a hierarchy presented by Oke(Oke, 1984, 1989), these morphological elements are
categorized in an urban scale classification and repeated across the landscape: Minor building parts of
the urban landscape are called facets, which can be units of walls, roofs, roads, greens, etc., with
consistent properties like material, slope, and aspect. These facets can be combined to form larger
elements (residential buildings, high-rises, trees, etc.), creating urban features such as canyons and
blocks (Oke et al., 2017). Facets and elements have a typical horizontal scale of 1& 10 m and impact
the micro-climate. Urban canyons are of a larger extent (30x 200-300 m) and represent elongated lines
of streets, canals, gardens, etc., that cut through the flanking elements.Their effect on the climate is
considered micro-scale as well. A network of roads and canyons forms urban blocks in a horizontal length
scale of 0.5x 0.5 km that can be represented in rectangular and irregular shapes alikeg(Oke et al., 2017).
Though subunits can be repetitive (Oke, 1984), the heterogeneity of elements and features creates
spatially diverse urban landscapes at the microscale level. However, larger areas of a city (>1 km?)
appear in a similar mix of diversity and feature some homogeneity at the local scale(Oke et al., 2017).
This type of unit is called a neighborhood or local climate zone, which, for example, is represented by
forests, city centers, or residential areas. An entire city comprises the sum of these local neighborhoods
(up to 25 km2) and impacts the mesoscale cimate through the previously introduced urban domes and
other phenomena. Urban regions can include the surrounding countryside and scale up to 100 km?, the
typical extent of large urban plumes, clouds, and precipitation anomalies (Oke et al., 2017). The urban
and climatic scales are summarized and associated ifrigure 2.4. The diagram also introduces the typical
phenomena and the corresponding characteristic time scale. These phenomena are not limited to an
impact on airflow, which will be more detailed in chapter 2.2.3, but also other atmospheric conditions,
such as heat transfer, radiation, evaporation, etc.
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Figure 2.4: Urban and Climatic Scale¢Source:Oke et al. (2017))

Generalized urban surface properties are required to find commonality at the local scale and properly
study and model climate urban climates. With this in mind, Oke et al. (2017) introduce four relevant
classes of properties that affect the urban atmosphere: fabric, surface cover, urban dimension structure,
and urban metabolism.

Fabric refers to the materials used to construct the city and the natural elements. The variety of materials
represents a broad mix of specific characteristics (radiative, roughness, thermal, and moisture
properties). Although it is essential to consider and comprehend these differences on a small scale, it is
acceptable to generalize these properties for neighborhoods or cities by averaging or bulking.

The surface cover describes the area occupied by an elemen) as a plan area fraction (1 x) to the total
ground surface area (Ar) in the area of interest.

5

1 — (2.1)

0
The subscript X in Equation 2.1 is a placeholder for different types of cover, such as buildings ),
vegetation (v), or impervious ground (i), e.g., roads, parking lots, etc. This property allows us to
distinguish between the different permeability of surfaces.
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The dimensions of urban elements and the associated spatial arrangement significantly impact airflow
and radiation exchange (Oke et al., 2017) and are illustrated in Figure 2.5. The length scales are
characterized by height (H), width and length ( L), building spacing (D), and the ratio of the height of
canyon walls to the width of the canyon itself ( H/' W).

Urban cover Length scales Urban structure

(@) Av= Ac/Ar (d) Building dimensions (9) Aficor = Aficor/Ar

(b) /\v: AV/AT (h) )\c = AC/AT
A
A,
A, A,
(© Ai=A/Ar (i) A= A/Ar
A Wind %
Ar f A Ar

Figure 2.5: Parameters used to describe the characteristics of an urban canopy (Sourc@ke et al.
(2017))

The urban structure is defined by parameters built by aspect ratios of surfaces to the ground. The
complete aspect ratio @ ¢) is calculated by relating the total external surface area, including surrounding
areas, to the whole plan area they inhabit. The frontal aspect ratio (5) describes the fractional barrier to
an incoming airflow, which is the ratio of windward areas to the total plan area of the buildings. It varies
with wind direction, element shape, and the configuration of elements as an array. The sky view factor
(S sky) can be calculated separately for any location in an area and indicates the fraction of radiative flux
that could reach the atmosphere above the urban canopyOke et al., 2017).

The final surface property class is the urban metabolism, which refers to the anthropogenic emission of
heat, water, and pollutants into the atmosphere. These four features are typically observed to cluster
together in urban settlements (Oke, 1984). An example is the densely built city centers with high-rise
buildings and sealed surfaces that tend to store heat and obstruct airflow at higher altitudes. On the
contrary, sparsely populated residential areas are often found to be homogenous, rectangulablocks
with 2 - 3 story buildings and inner courtyards and gardens. In these areas, the roughness of the surface
is only affecting airflow at a low to medium height. Still, water evaporation is higher due to irrigation,
vegetation, and unsealed surfaceslt seems likely that this provides an additional cooling effect.

The perseverative clusters with distinct features that control the impact on the atmospheric conditions
are used to define specific classes called local climate zones (LC{ptewart & Oke, 2012). They represent
areas with uniform characteristics in fabric, cover, structure, and human activity and are listed in Table
2.2. A visual representation and more detailed description can be found in Annex A. So far, 17 different
classes of patterns have been defined: 10 to describe built types and 7 to describe land cover. They can
be refined by adding variable land cover properties, such as bare trees or snow, or combined to create
new subclasses so that usrs of the classification can also reflect nonstandard areas with the same
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notation. Each recognizable pattern inherits a generalized but unique urban canopy parameter (UCP)
set. Besides the formerly mentioned parameters that define the urban structure, additional values are
synthesized that represent normalization inside a zonetype, for instance, the mean height of roughness
elements (z4), the roughness length (zo), the aspect ratio of canyon wallsls= H/W, or the plan building
surfacefraction 1, (Stewart & Oke, 2012).

Table 2.2: Description and values of geometric and surface cover properties for local climate zones
(Source: combined from Stewart and Oke (2012) and Oke et al. (2017))

LCZ| Type Description zy[m] Zo[m] H/W <b
1 Compact Dense mix of tall buildings to tens of 40-
high-rise stories. Few or no trees. Land cover mostly| >25 & >2 60
paved.
2 Compact Dense mix of midrise buildings (3-9 40-
midrise stories). Few or no trees. Land cover| 10-25 | 0.5 0.75-2 70
mostly paved.
3 Compact Dense mix of low-rise buildings (1-3
) : 0.75- 40-
low-rise stories). Few or no trees. Land cover| 3-10 0.5
15 70
mostly paved.
4 Open high- | Open arrangement of tall buildings to tens
) ) . - 0.75- 20-
rise of stories. Abundance of pervious land| >25 (0%
1.75 40
cover.
5 Open mid- | Open arrangement of midrise buildings
rise (3- 9 stories). Abundance of pervious land | 10- 25 0.25- 0.3 20-
' 0.5 0.75 40
cover.
6 Open low- | Open arrangement of low-rise buildings
rise (1- 3 stories). Abundance of pervious land | 3- 10 0.25- 0.3 20-
' 0.5 0.75 40
cover.
7 Lightweight | Dense mix of single-story buildings. Few or 2.4 0.1- 1-2 60-
low-rise no trees. Land cover mostly hard-packed. 0.25 90
8 Large low- | Open arrangement of large low-rise 30-
rise buildings (1 - 3 stories). Few or no trees. 3-10 0.25 0.1-03 50
9 Sparsely Sparse arrangement of small or mediunt 3-10 0.25- 0.1- 10-
built sized buildings in a natural setting. 0.5 0.25 20
10 | Heavy Low-rise and midrise industrial structures 5.15 0.25- 02-05 20-
industry (towers, tanks, stacks). Few or no trees. 0.5 R 30
A Dense trees | Heavily wooded landscape of deciduous 3-30 P >1 <10
and/or evergreen trees.
B Scattered Lightly wooded landscape of deciduous 0.25- 0.25-
3-15 <10
trees and/or evergreen trees. 0.5 0.75
C Bush, scrub | Open arrangement of bushes, shrubs, and <2 0.1- 025-1 | <10
short, woody trees. 0.25
D Low plants | Featureless landscape of grass o <1 0.03- <01 <10
herbaceous plants/crops. Few or no trees. 0.1
E Bare rock | Featureless landscape of rock or paved <025 0.0002- <01 <10
or paved cover. Few or no trees or plants. 0.0005
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LCZ| Type Description zy[m] Zo[m] H/W <b
F Bare soil or | Featureless landscape of soil or sand cover <0.25 0.0002- <0.1 <10
sand Few or no trees or plants. 0.0005
G Water Large, open water bodies such as seas an
lakes, or small bodies such as rivers) - 0.0002 | <0.1 <10
reservoirs, and lagoons.

The World Urban Database and Access Portal TodWUDAPT, 2023) project utilized the concept of LCZs
to create a methodology that aims to provide accessible and consistent descriptions of urban morphology
for climate, weather, and environment studies worldwide. It offers tools to extract relevant parameters
for modeling at different scales. Potential applications are urban climate modeling, research on urban
heat islands, air quality, public health, city planning, city design, and examining global climate change
on local scales(Ching et al., 2018). The LCZ generator tool identifies LCZs from local Landsat data with
a Random Forest model, trained with areas previously classified by urban expertgDemuzere et al.,
2021). Similar methodologies not considered in this work are, e.g., urban terrain zones(Ellefsen, 1987),
climatopes (Scherer et al., 1999; Wilmers, 1990), a combination of climatopes and LCZ(Yin et al., 2022),
or different types of urban climatic maps that superpose multiple layers of information depending on
the individual use case(Ng & Ren, 2015).

A modification of Lowry's framework (Lowry, 1977; Oke et al., 2017) is introduced to a complete
understanding of urban climate concepts. Contrary to the previously detailed concepts, this framework
aims to superpose regional, local, and urban effects to determine a hyperlocal weather variable Yu) as
described in Equation 2.2

0w 0w W (2.2)

The weather variable can be any atmospheric condition of interest, for example, air temperature,
humidity, or wind speed. The framework considers the hyperlocal variable to consist of a background
value (Vg), resembling the synoptic macroclimate, a natural local deviation (V) such as specific terrain
or reliefs, and the variation caused by effects of human activity (Vi) such as urbanization. W is a

significant term in an urban area, leading to a substantial deviation from detected synoptic and locally

adjusted climate models. Opposing to that, the human impact is more negligible in rural areas and
theoretically undetectable in natural areas. At the same time, rural and natural areas can be affected by
conditions transported from upstream areas, which leadsVM to depend on the direction of weather

patterns. (Oke et al., 2017)

2.2.2 Methods Used in Urban Climatology

This chapter focuses on the methods and techniques established in the last 120 years to study the various
effects of urban climate. Since the 1900s, three main methods have evolved, starting with field
observation that relies on single or multiple sensors in the reatworld environment, physical modeling of
original or common forms of urban environments combined with direct measurement, and computer
modeling techniques combined with numerical simulation (Mills, 2014). When integrated and
synthesized, these methods are perceived as complementary tools with individual strengths and
disadvantages that generate a coherent understanding of the urban atmospherg¢Oke et al., 2017).

Observations

Meteorological measurements and observations in realworld environments are used to obtain field data.

Gr a_| ¢ sr gj g>xhe ted-tintk prpparation okwegtheranatydes, ®recasts, and severe
weather Warnlngs for the study of climate, for local weather dependent operations (for example, local
aerodrome flying operations, construction work on land and at sea), for hydrology and agricultural
kcrcmpmj mew* I' b dmp pcqgc _ p a(WMQ@ 201X . heceoopdatjquastitative | b ¢
variables comprise wind direction and speed, cloud propert|es visibility, air temperature, relative
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humidity, atmospheric pressure, precipitation, snow cover, sunshine and solar radiation, soil

temperature, and evaporation - plus past and present weather phenomena in a qualitative understanding

(Oke, 2004). These variables, the required instruments, and recommended observation methods are
elaborated in research standard guides, such as WM&\o. 8 (WMO, 2012). The scope is reduced to
general information and recommendations in the urban context here.

In urban environments, two types of observation are typically deployed. The first is a set of stationary
instruments that capture measurements over a more extended period, for instance, hourly temperature
values, wind speeds, or emissions, and are used bweather service providers and local authorities (Oke
et al., 2017). The second is called a field campaign and aims to research a specific urban climate aspect.
Observations of this type can be conducted with norstandard instruments (stationary, mobile, or flow
following), at unusually high frequencies, or with a short ¢ ampaign duration (Oke et al., 2017).
Regardless of the type of measurementsiecorded with sophisticated sensor systems or in a handwritten
notebook, three considerations are recommended in urban environments: choice of site, exposure of
instruments, and documentation of metadata (Oke, 2004).

Physical Modeling

Measurements can also be retrieved from scaled models of realvorld environments. These physical
hardware models can be exposed to real weather impacts (outdoors) or located in a laboratory (e.g.,
wind tunnels, water tanks, and flumes). In contrast to fiel d observations, this method allows one to
control the conditions and obtain measurements efficiently for a specific scenario. Once the model is
created, the layout can be rearranged and modified at will (Oke et al., 2017). On the downside, it
requires a careful design to guarantee similitude, access to specialized facilities, and other expensive
resources(Oke et al., 2017).

Numerical Modeling

Numerical models allow quasi-controlled experiments (Oke et al., 2017) to observe the conditions in the
urban boundary layer by simulating real-world phenomena. They are built based on governing equations
that ensure the conservation of the atmosphere's momentum, mass, and energy, and specific
parameterization schemes that dlow to represent the sub grid processes. This enables the description of
relationships between pressure, energy, and density changes as a response to the forces that impact the
conditions, such as pressure, temperature, humidity, or the speed and direction of airflow. In urban
climatology, the models are either used to understand the microscale impact of external atmospheric
conditions on the UBL and the urban surface or, vice versa, the effect of the urban surface on the
mesoscale conditions. Highresolution models require significant computing power (Oke et al., 2017),
which leads to the practice of isolating specific processes or effects of interestor limiting the studied
area.

Airflows are simulated with computational fluid dynamics (CFD) models, which include RANS (Reynolds
Averaged NavierStokes), LES (Large Eddy Simulation), and DNS (Direct Numerical Simulation) models

(Oke et al., 2017). Other models focus on energy balance or mass movement (water balance, air quality).

More sophisticated models aim to combine the different types as, for instance, the LES code PALM solves
§npmel mgrga cos_rgmlg dmp rfc a@ai gMeupmpga et @ n2D19mid  k _ c
addition, the advances in numerical modeling and computational resources also allow coupled or nested

urban climate models (UCM) in which a mesoscale model that already reflects the urban area provides

the upper boundary conditions for a microscale model that, in turn, provides the lower boundary
conditions for the mesoscale model(Oke et al., 2017).

On the one hand, CFD has particular advantages over experimental testing: it allows representation of
the flow characteristics in the whole simulated domain, retains conditions well -controlled, and avoids
similarity constraints (geometric, thermal, or dyna mic (Oke et al., 2017)). On the other hand, ensuring
the accuracy and reliability of CFD simulations is crucial, and it's essential to conduct verification and
validation studies to address any concerngBlocken, 2014). Furthermore, the wide range of simulation
parameters that the user defines have a significant impact on the final model output (Blocken, 2014),
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and best practice guidelines are to be considered, e.g(Blocken & Gualtieri, 2012; Franke et al., 2007;
Tominaga et al., 2008).

2.2.3 Airflow

Geostrophic wind (6p) flows parallel to the isobars and results from the balance between pressure
gradient and Coriolis forces (Oke et al., 2017). In the ABL, the synoptic or local winds are modified and
formed by topography, local pressure, and temperature differences, e.g., at sea or in mountainy areas
(Oliver, 2005) . In urban areas, the airflow is heavily influenced by the aerodynamic roughness of the
morphologic elements in the UCL and the urban heat island effect(Landsberg, 1981). This leads to
characteristic changes in the urban airflow, including lower average wind speeds, more frequent calm
winds, increased mechanical and thermal turbulences, and gustines¢Kuttler, 2004) . Urban canyons and
layouts also strongly influence wind direction (Kuttler, 2004) . Theoretical and empirical laws have been
developed to analytically describe urban wind profiles in the different sublayers of the UBL. Selected
examples are listed inTable 2.3 and explained in the following sections.

Table 2.3: Selected theoretical and empirical laws in the UBL (Afte(Oke et al., 2017, Petersen, 2021)

Layer | Airflow Effect Equation Short description
6a 6 p AGB A Change of wind
ML Ekman Spiral o o ‘ direction in higher
with [ Qcu altitudes.
I T"Q Logarithmic decrease
SL Logarithmic Wind 6 "0 o a of horizontal wind
Profile i T"Q speed with depth in
a the SL.
Exponential decrease
Exponential Wind 0 Q 0 Q o of horizontal wind
UCL : ) .
Profile with Q 0 speed with depth in
the UCL.
Acceleration of
5 horizontal wind speed
UCL | Venturi Effect 0 0 0 — when passing the
° bottleneck between
buildings/structures
Ekman-Spiral

Geostrophic and local wind effects are blended in the ML. With increasing depth in the UBL, the impact
of the friction force created by the roughness of the surface decreases the magnitude of the Coriolis
forces (Oke et al., 2017). This results in a wind vector 6 p with 8  0b that flows at an angle A to
the isobars and appears vertically as the effect known as Ekman wind spira{(Oke et al., 2017).

A simplified analytical expression provided by Emeis (2001) assumes unstable thermal conditions as
found over urban areas:

6a o p AgH & (2.3)

with Ekman spiral parameterf "aqu
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A practical examination of this effect confirmed the assumption that the transition between SL and ML

gg gkmmr f mtcp sp _|I _pc_q* qgm gr gf msjb _ju_wq

prevalent in the SL (Emeis et al., 2007).

Logarithmic Wind Profile

The vertical distribution of average wind speeds in the ISL and RSL can be described with a logarithmic
ugl b npmdgjc bcpgtcb dpmk Np_| brj %g kgv gtObukhpw
similarity (Stull, 1988) . The horizontal wind speed slows to zero near the ground due to frictional drag
but increases with height hx due to pressure gradient forces(Stull, 1988) ; the equation is given in Table
2.3. Without thermal instabilities in the SL (neutral conditions), the roughness of the surface determines
the strength of the frictional drag: rough surfaces (urban) result in a higher slope than smooth surfaces
(ocean) (Oke et al., 2017). The equation reflects this empirically obtained aerodynamic roughness length
(zo) parameter corresponding to the average obstacle heigh{Landsberg, 1981). An alternative approach
is calculating the wind profile with the power law, using an exponent | comprising surface roughness
and atmospheric stability (Oke et al., 2017). Different aerodynamic roughness characteristics are, for
example, described in MacArthur et al. (1981) and Hansen (1993) or associated with the LCZ
categorization framework (see Table 2.2).

Exponential Wind Profile

Measurements indicate that the logarithmic profile does not extend into the UCL since rooftops and walls
absorb momentum (Macdonald, 2000; Oke et al., 2017). Below the average roof height (hg), the wind
profile changes from a convex to a concave shape insteadOke et al., 2017). The equationin Table 2.3
describes the average horizontal wind speeduy in an area with obstacles based on the depth in the UCL
(hx < hg) and an empirical wind attenuation coefficient | wmac, which Macdonald (2000) proposed to be
9.6 for a uniform set of arrays and cubic elements. The exponential wind law should not be confused
with the earlier -mentioned power law, which also includes an exponential component.

Urban Canyons

The previously introduced laws describe averaged wind speeds as a function of height in an urban area,
which is usually slower than the geostrophic wind speed (Kuttler, 2004) . However, inside the UCL,
additional microscale circulations are mainly affected by the lower scale height and spacing of roughness
elements and the layout of street networks (Oke et al., 2017). The Venturi effect in Urban Canyons has
been understood and described in various publications: the shielding of a street or passage with buildings
of approximately the same height and close to each other creates a variation of the local wind field, for
example, a channeling of the airflow, depending on the direction of inflow and the geometry of the
passage(Christen, 2019). Anyhow, a generalization of the phenomena appears as a complex task. For
instance, Blocken et al. (2008) distinguish between three standardized types of passage: buildings
parallel to each other, buildings parallel but shifted, or perpendicular to each other. Perpendicular
buildings create a converging or diverging passage based on the direction of wind flow During their
examination, Blocken et al. (2008) determined that, especially in converging passages, the Venturi effect
is not clearly developed due to a wind-blocking effect on the top of the passage, which leads to a wind
speed increase close to the surface, but a decrease in the upper part compared the free field wind flow
rate. It can be summarized that fundamental models can explain basic variations of wind speeds with
the Bernoulli equation for general cases based on the crossection changesAdo/A as listed in Table 2.3
(Petersen, 2021). In contrast, more sophisticated models depend on a specific parametrization of the
urban canyon and the local airflow (speed and direction), which allows us to tell the difference in the
vertical wind profile under extensive effort. Examples of this are the general model of Hunter et al.
(1992), a flow chart model guiding the usage of 5 different empirical approaches (Georgakis &
Santamouris, 2005), or an online calculator that is based on a similar methodology (Salvati et al., 2019,
2020).
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Other effects

On the smallest scale presentedin Figure 2.4, direct interaction of the airflow with impermeable
obstacles leads to additional microcirculation that creates a change in flow direction and speed as well
as increased turbulence(Oke et al., 2017). Namely, these effects are downdraft and updraft at the luv
side of buildings and wake effects at the lee side(Petersen, 2021). Since effects of this magnitude and
with a component of vertical, directional, and turbulent change are not dealt with in this thesis, reference
is made here instead to the work of A. Mohamed et al. (2023), who investigated the modeling and
impact of hyperlocal turbulences and gusts on UAS.

2.2.4 Predicting Fore- and Nowcasts of Wind Information

Since its beginning, it has been challenging for meteorology and climate science to forecast and simulate
weather conditions for various time scales(Brayshaw, 2018). Historically, forecasting was a somewhat

gs hcargtc bggagnjglc* °~ gcb ml cvrp_nmj _rgml* |
gl r s g(kycm 2008) and was established in the 18561870s, when regional and national weather
services emerged first in the U.S. and Western EuropgHughes, 1994; Murphy, 1996) . In the late 19"
century, meteorologist Cleveland Abbe formulated the idea to combine thermodynamics and
hydrodynamics to adequately describe the physical processes in the atmosphere and solve forecasting by

a mathematical approach. By then, it was unclear how these equat ml ¢ amsj b ~¢c gmjtc
I _jwrga_j* mp I(lykh p0g8x. Inptead, statisticabnuetnods such as regression and
Monte Carlo simulations have been implemented. It was not until the advent of modern, high-
performance computers that the advanced physical understanding of the atmosphere could be utilized

for this pur pose(Cabos, 2018). Even nowadays, the resolution of models that are based on the (general)
atmospheric circulation model is constrained by computing power and the level of detail of its physical
considerations: generally between 50 - 100 km grid size (Cofifio et al., 2002), but with regional
differences depending on how much the model is adapted to local conditions (Kitsios et al., 2021).
According to Kitsios et al. (2021),r f ¢ p c _ q ml dmp rfgq gq rf _r 8k _| w
circulation model] are poorly known, often globally defined, and are subject to pragmatic choices arising
dpmk _ amknjcv glrcpnj_w “cruccl ep gbequentlytheostpug ml
of these models is postprocessed to allow weather forecasts on regional scales. Several machine learning

and statistics techniques have evolved in the last decades to serve this purpose. They rely on datasets of
historical weather observations to train models for specific regions. Cofifio et al. (2002) list regression
models, hidden Markov models, and neural networks as prominent examples. Roughly simplified, these
techniques are used to correct the outcome of the models based on past evidence that was mined from

the meteorological databases. Specific dwnscaling approaches will be explained further in section2.3.3

in this work.

In recent research, Chang (2014) summarizes that there are five main categories of forecasting
techniques, especially when it comes to wind: Persistence models, Numerical Weather Prediction (NWP),
statistical methods, Artificial Neural Networks (ANN), and hybrid techniques that either mi x
combinations of physical and statistical approaches, short and mediumterm models or several
alternative statistical methods.

In general, it needs to be pointed out that there is a distinction between forecasting and predicting:
prediction is usually concerned with the estimation of states for unknown data: a model is trained with
a data set that results in an estimator’'Qw , which can predict outcomes for any new samples ofw(Déring,
2018). In this case, it is irrelevant if the prediction is made for a future, current or past state. However,
forecasts are a subcategory of prediction and only concern the prediction of future states. In contrast,
the prediction of current states is called now-casting, and the prediction of past states is called hind
casting. Forecasting usually is provided through timeseries analysis, a suldiscipline of regression
(Ostrom, 1990). Typically, the estimator for forecasting appears as" Qa8 fro , where w8 ho is a
placeholder formalizing historical measurements in a time serieso, whereas the estimate is predicting
outcomes foro p (Doring, 2018; Ostrom, 1990).
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2.2.5 Practical Application of Microscale Wind Information

The current direction of wind environment research covers six different fields (Yang & Fu, 2020), of

which some have already been introduced: urban climate maps, urban ventilation, wind fields around

high-rise buildings and complexes, wind fields in residential areas, urban street canyons, and in urban
centers. Besides the use case for UAS operatiordescribed in Chapter2.1.2, a practical application of

this research is also attractive for utilizing urban ventilation, urban wind energy management, and in

urban planning and design (Liu et al., 2022) .

However, most of these fields' sources focus on the static and statistical effects of microscale wind
conditions determined by CFD modeling, statistical analysis, and field studies. For example, in pedestrian
level comfort assessment(Capeluto, 2005; Stathopoulos et al., 2004; Yuan & Ng, 2014), urban
governance (Da Trindade Silva & Engel de Alvarez, 2015 Ren et al., 2018; Yang & Fu, 2020) and
energetic conservation & consumption(Tang et al., 2021; Wilson, 2013; Wong et al., 2011). In energy
management, the now and forecast of wind speeds has more visibility. It is widely based on a
combination of different forecasting methods, such as statistical models, artificial neural networks, and
other machine-learning techniques, and is used to predict wind energy production (Hao et al., 2023).

Similar approaches for UAS applications are found in the studies ofRoseman et al.(2019) and Garcia
Gutiérrez et al. (2022) : The idea of providing now- and forecasts of locat and microscale (urban) wind
speeds with very accessible amounts of computing power. CFD simulations can provide reliable and
highly accurate results but are not feasible for now-casting due to time and resource constraints(Garcia-
Gutiérrez et al., 2022). Instead, Roseman et al.(2019) tested the refinement of the High-Resolution
Rapid Refresh (HRRR) weather forecast with the Weather Research and Forecasting (WRF) model. The
HRRR is an available weather product for the US and provides a &m grid size resolution. The WRF
modeling enabled them to create targeted, downscaled forecasts of Ikm grid size for a rural area of 73
km x 61 km with 6 hours of run -up time on a desktop computer (8 cores, 16 GB RAM). The results have
been validated with a WRFLES, a model that further includes nestedLES and runs on a supercomputer
that provides a 100 m grid size. Although the proof-of-concept has been successful, adapting targeted
physics models to specific areas requires expertise and validation efforfRoseman et al., 2019). At the
same time, resolutions of 1 - 3 km are helpful for UAS mission planning but are still considered
insufficient for trajectory planning (Roseman & Argrow, 2020). GarciaGutiérrez et al. (2022) likewise
stress the finding that even locally tuned, numerical models only provide resolutions of 1 - 1.5 km and
propose building pre-computed wind field databases with CFD simulations instead. This database could

be used to test, train, and validate newnow-a _qr gl e _|I b kcgmga_jc amsnjg
assimilation, variational analysis, machinej ¢ _pl gl e _jempgrfkqg* (Gafwia- r g

Gutiérrez et al., 2022). An alternative approach tested for UAS flight planning is the earlier-mentioned
coupled model WRFLES (Pinto et al., 2021) . For rural areas, it was possible to demonstrate realtime
calculations in 6 hours of run-up time with a resolution of approximately 100 m grid size when a
supercomputer with 59 cores was used.

2.3 Big Data Analytics

Big data is a key concept in the current era of digital data analytics: with simultaneous advances in
computing power and statistical methods, the availability of vast amounts of information for digital
processing enabled the development of machine learnig and data mining (Lantz, 2019). This field of
study investigates the application of computer algorithms for translating data into intelligent action and
insightful knowledge. As meteorological research has always used statistical methods and records large
amounts of observed and syntheaized data, exploring its conjunction with machine learning and data
mining in present-day research makes senséCabos, 2018 Khan et al., 2016).

Since there is no onefits-all solution to apply big data analytics (Mahesh, 2020), the following chapter
will introduce a fundamental understanding of theoretical and practical frameworks for machine
learning, commonly used algorithms to create predictive models, and existing studies concerning
modeling and downscaling environmental conditions.

18 State of the Art

| ¢
k ¢



2.3.1 Machine Learning and Data Mining

The fields of Machine Learning and Data Mining exhibit some similarities and are often associated with
each other. Although there is some discussion about the distinction between the two, the primary
variation is that Machine Learning involves instructing computers to use data to solve problems. In
contrast, Data Mining educates machines to identify patterns in data that humans then utilize when

solving problems. In essence, all Digital Mining necessitates the application of Machine Learning, but
not all Machine Learning includes Digital Mining (Lantz, 2019). The term machine learning will be

primarily used for the remainder of this summary.

For computer programs to learn and improve through experience (Mitchell, 2010) , a process consisting
of four components similar to human learning is necessary to explain the theory: data storage,
abstraction, generalization, and evaluation. First, data must be available from observation, memory, or
recall to serve as a basis for futher reasoning. It is then abstracted into broader concepts and
representations so that it can be generalized and transferred to new situations through knowledge and
conclusions. In the final step, feedback is provided to evaluate the utility of learned knowledge and
identify room for improvement.

In practice, the application of this process to realworld tasks is documented more explicit and
transparent and usually contains five technical steps thatLantz (2019) details as follows:

1. Data Collection: For the algorithm to generate accurate knowledge, the data must first be
collected and consolidated into a single source, like a database, a text file, e.g., of comma
separated values, or a spreadsheet. It contains all recorded units of okervation that consist of
examples and features. Examples are instances of a single unit for which properties are recorded,
and features represent the different properties and attributes that describe an example and might
be helpful in the learning process. The features of a dataset can be described with various
characteristics, for example, logical, numeric, categorical, nominal, or ordinal.

2. Data Exploration and Preparation: The exploration of the input datasets is required to create an
initial data understanding. This includes examining the quantity, format, and number of entries
and fields. Analysts should ensure the data is sufficient for he analysis and evaluate its quality,
paying attention to missing attribute values and imbalances. Initial analysis can help identify key
insights, discover trends, and support the selection of algorithms to be deployed. The subsequent
data preparation involves all activities required to construct the final dataset from the raw data
that feeds into the modeling tools. Tasks include data cleaning, tidying, eliminating unnecessary
data, and recoding data so that it corresponds with the expected input parametes of the learner.

3. Model Training: Based on the previous activities, a specific machine learning task is chosen,
which leads to the selection of a corresponding algorithm that trains the model representing the
data. Some of the algorithms have particular requirements regarding data format, and often,
challenges encountered during the model training phase lead to changes in the data preparation
or the construction of new training data sets (compare Shearer(2000)).

4. Model Evaluation: The evaluation of the trained model is crucial to determine how well the
algorithms learned from the provided dataset and how strong potential biases affect the results.
This can be executed, for example, by using atestdatasetandmeaspgl e rfc kmbcj %
If multiple models have been created, it makes sense to select or combine the highegguality
models for the intended purpose and continue.

5. Model Improvement: In case the achieved level of performance is considered to be inadequate,
the models can be improved, for instance, with fine-tuning parameters, utilization of more
advanced strategies, or even switching to a different model type. Furthemore, it might be
required to return to step two in this process and change the characteristics of the training
dataset.
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There are other widely-used frameworks in the data science industry, such as the SEMMA process
(Sample, Explore, Modify, Model, Assess- (SAS, 2017)), which shares similarities with steps 1-4 of
Lantz's modeling process. Another popular framework is the CRISFDM (CrossIndustry Standard Process
for Data Mining - (Shearer, 2000)). The Crisp DM, depicted in Figure 2.6, has an additional step upfront
to gather a precise business understanding related to the desired outcome of the modeling and the
required domain knowledge. In addition, it specifies the deployment of the generated model but does
not explicitly state the model improvement. Instead, several feedback loops are integrated inside the
model: From Business Understanding to Data Understanding, from Data Preparation to Modelling, and
Evaluation to Business Understanding.

Bcnj mwk

Figure 2.6: Crossindustry Standard Process for Data Mining (afterShearer, 2000)

2.3.2 Machine Learning Algorithms

Machine learning algorithms can be categorized based on the tasks they aim to achieve, and
understanding these categories is the initial step toward reaching the desired objectives of the data
analytics project (Lantz, 2019). The two most common categories are supervised and unsupervised
learning (James et al., 2021):

Supervised methods are given instructions on how and what they are supposed to learn, resulting in a
predictive model that determines a target value based on other values in the datase{James et al., 2021).
The model represents the effort of the algorithm to find the optimal combination of feature values that
result in the target output. The given task can be either a classification, which allows predicting what
class an example belongs to, or a regressionwhich predicts a numerical value by fitting a linear
regression model to the input data (Lantz, 2019). Unsupervised methods are not provided with a specific
target value or response to learn from and are used to create descriptive models from the observations
instead (James et al., 2021, Lantz, 2019). They enable the generation of meaningful insight from the
unlabeled data and describe it for the user. These datadriven models aim to discover patterns and rules
and to summarize and group data points (clustering) (Lantz, 2019).

A third group of methods is known as meta-learners (Lantz, 2019), which feature learning algorithms
that are composed to work together in ensembles, as well as reinforcement learning methods that
continuously learn and evolve to improve model performance iteratively.

The following five examples describe frequently discussed machine learning algorithms in the context of
weather forecasts and climate scienc§Bochenek & Ustrnul, 2022) that belong to the class of supervised
learning and meta-learners:
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Decision Trees, Regression Trees, and Random Forests (RF)

Tree-based machine learning algorithms are known for a wide range of applications to nearly any type
of data and have a superior outof-the-box performance (Lantz, 2019). Its name-giving key characteristic
is that the learners utilize a tree structure to model the relationship between input features and the
output. This allows a presentation of the resulting model in a flowchart style that can be reviewed by a
human and provides transparent knowledge about how outcomes are produced. The model starts at a
root node and passes the features through different decision nodes, where choices are made based on
the feature values. The options split the tree into branches that indicate different outcomes until the
terminal node is reached. The heuristic behind this algorithmic approach is known as recursive
partitioning (Lantz, 2019) or recursive binary splitting (James et al., 2021), which divides the entire
dataset repeatedly into smaller subsets for as long as the stopping criteria are met, e.g., model
performance or sufficiently homogenous subsets. Treebased algorithms can be adopted for classification
as well as for regression tisks.

Trees can be grouped as forests to achieve an increased model performanc&F (decision tree forests)
are a well-established ensemblebased method (Lantz, 2019). The form implemented by Breiman and
Cutler (2004) unites the advantages of random feature selection with the basic principles of bagging so
that the ensemble of trees features an additional diversity (Lantz, 2019).

Bagging and Boosting

Bagging and boosting are both fundamental principles of ensemblebased learners, which aim to improve

model performance by combining multiple (weaker) models (Sutton, 2005), leading to less variance in

the results (Lantz, 2019). Bagging, short for Bootstrap Aggregating, refers to building several

independent, parallel models to determine the average outcome (numeric results) or highest votes
(classification) (Lantz, 2019). In boosting methods, models are learned sequentially to correct the

deficiency of previous instances. Contrary to the bagging technique, the votes of each learner are not
necessarily equal but weighted based on performance, and the individual training daasets can be
constructed specifically to create complementary learners(Lantz, 2019).

Gradient Boosting Machines (GBM), introduced by Friedman (2001) , is a practical example of a machine
learning algorithm that utilizes the boosting principle and consecutively fits new models into an
ensemble of weak learners. To obtain a precise estimate of the response variable, GBM aims to construct
additive models that correlate highly with the negative gradient of the prior ensemble's loss function
(Natekin & Knoll, 2013) . Researchers can choose any differentiable loss functions, but squared error loss
for regression and multinomial deviance for classification are commonly used(Hastie et al., 2009). More
information on the advantages of specific loss functions can be found inNatekin and Knoll (2013) . Since
an iterative approach is prone to overfitting, the standard implementations of the algorithm (i.e., R
packagegbm) provide multiple parameters that can be used to constrain the training process and balance
the predictive performance of the model: the number of trees, depth of trees, shrinkage, subsampling,
and early stopping mechanisms such as crosgalidation folds (Boehmke, 2022).

Support Vector Machines (SVM)

Support Vector Machines (SVM) is a linear model that solves a classification or regression task by
creating lines or hyperplanes that partition the input data into distinct classes (Pupale, 2018). By
transforming the input vector into a multidimensional space, the algorithm can isolate overlapping
classes for feature spaces that are not linearly separabl¢Cortes & Vapnik, 1995). To find the optimal
boundary between classes, one or more support vectors for each class are defined by taking values closest
to the hyperplane. The distance between both is referenced as the margin, and the algorithm's goal is to
maximize this margin so that even with noisy and unseen data, the model provides a robust result(Lantz,
2019).

Artificial Neural Networks (ANN)

An artificial neural network (ANN) is a model representing a group of interconnected nodes that mimic
the neurons discovered in biological brains (IBM, 2022). By processing the input data through the
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network, mathematical calculations are performed to produce an outcome. Each individual node can be
interpreted as a single linear regression model featuring input data, weights, a threshold, and an output
(IBM, 2022). Although there are various types of ANN, according to Lantz (2019), there are three
common characteristics described as follows:

(1) An activation function, which is the mechanism the node uses to process the incoming data and pass
it along the network. It only results in an output signal if a specified threshold has been hit. (2) A network
topology, which describes the number of nades inside the ANN, the number of layers, and how these are
connected to each other. This includes rules for information flow direction within the network, for
example, forward/backward or just forward. The topology is an essential factor in determining th e
complexity of potential tasks that can be solved by the ANN, with deeper and more complex networks
generally being able to detect more subtle patterns and create more complex classification boundaries.
(3) The training algorithm specifies how the weights of the connections are determined during learning
so that the nodes indicate a particular behavior based on the input signals. A wellestablished technique
is the backpropagation of errors (Rumelhart et al., 1986), which iterates back and forth through the
network to compare the model's outcome to the target value. Although this method is still
computationally intense compared to other machine learning algorithms, it is efficient enough to
establish ANN as a standad method in data mining (Lantz, 2019).

Deep Learning (DL)

As explained earlier, the term "deep” for ANN refers to the number of layers in the network topology.
With more than three layers (including the input and output layers), the training of such a network is
considered a deeplearning algorithm (IBM, 2023) . Such Deep Neural Networks (DNN) can demonstrate
human-like performance for image recognition and text processing when large training datasets are
available (Lantz, 2019). On the downside, the models lack interpretability (James et al., 2021) and
require extreme computational resources(Lantz, 2019).

2.3.3 Meteorological Application of M achine Learning

In the past three decades, the number of machine learning publications in meteorological journals has
steadily increased, with an acceleration in recent years(Chase et al., 2022). The most relevant
applications so far are found in climate and weather prediction, with a focus on supervised learning
methods (Beucler et al., 2019). The following section introduces common examples of prediction,
parametrization, and downscaling found in scientific articles without diving deeper into the technical
specifications and summarizes with a statistical overview of practical applications andused methods.

One of the earlier applications of Al techniques in meteorology is systems that leverage casbased
reasoning (CBR). Simply put, this soft computing method relates a problem to similar cases found in a
database and reuses existing solutiongBergmann et al., 2009). It is an experience-based problem
solving method and shares similarities with the empirical approach established in traditional weather
prediction (H. Mohamed & Ibrahim, 2020) . Published systems typically discuss the prediction of specific
weather elements rather than ensembles of multiple weather parameters, for instance, (1) prevailing
weather event classes, such as thunderstorms, fog, or raifAwan & Awais, 2011), (2) local visibility
conditions (K. Li & Liu, 2002) , or (3) the intensity of regional precipitation (J. Lu et al., 2016). Broader
approaches that aim to predict multiple atmospheric conditions are studied in the work of (4) Riordan
and Hansen (2002) and (5) H. Lu et al. (2012). All five systems refer to a fuzzification of the features
reflected in the case database to gaimgreater flexibility in retrieving cases (K. Li & Liu, 2002) and achieve
a more meaningful and accurate prediction (J. Lu et al., 2016). At the same time, rules and cases
constructed from expert knowledge, literature, and data mining are introduced to refine the results
(Awan & Awais, 2011; H. Lu et al., 2012). Other approaches that leverage fuzzification are forecasting
systems based on neural networks. These soalled neuro-fuzzy models are used to forecast climate and
weather changes based on historical observations and gradientéH. Mohamed & Ibrahim, 2020 ; Sharma
& Datta, 2007).
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A further field of research that applies Machine Learningis the parametrization in climate and numerical
weather prediction. Parametrization schemes are required to model subgrid processes that could not be
solved by equations due to a lack of computational resources but are identified as a considerable source
of uncertainty and biases in the prediction (O'Gorman & Dwyer, 2018). For improvement, machine
learning can be used to train generalized models based on the output of more complex and sophisticated
physical models, for instance, with ANN, DNN, and RF. Scientific articles describe studies for several
different examples in which physical processes have been successfully emulated witMachine Learning
-based parametrization and increased the resolution of forecasts: radiation transfer models
(Krasnopolsky & FoxRabinovitz, 2006), ozone (Nowack et al., 2018), cloud processes(Beucler et al.,
2019), convection (O'Gorman & Dwyer, 2018), and turbulence modeling (Ling et al., 2016; J.-X. Wang
etal., 2017).

Downscaling in meteorology describes methods used to refine the spatiotemporal resolution of existing
data sets, e.g., from NWP, global climate models (GCM), or remote sensing, and are classified in dynamic
and statistical approaches(Atkinson, 2013) . Dynamic downscaling relies on additional regional climate
and weather models that simulate the actual physical processes on a smaller scale, which comes with an
increased computational cost; statistical downscaling is modeling the statistical relationship between
high and low-resolution datasets in combination with auxiliary data (e.g., time, land -use, vegetation,
clouds, etc.) (Sharifi et al., 2019) . Several studies investigate the usage oMachine Learning to create
statistical models, for instance, to downscale precipitation (Nishant et al., 2023; Sharifi et al., 2019),
wind (L. Li, 2019), and temperature (X. Li et al., 2020). Most of these examples leveraged ensembles of
different Machine Learning methods, such as ANN, GBM, and linear regression.

All three topics discussed above can benefit from a relatively new machine learning framework in which
physical laws and principles additionally govern the models in a hybrid modelling approach (Kashinath

et al., 2021). Depending on the source, this framework is called physicsinformed machine learning

(Kashinath et al., 2021) or theory-guided data science(Karpatne et al., 2017). Both definitions share
that domain knowledge is transferred to the models via suitable strategies. Thishybrid models would

solve the problem that off-the-shelf Machine Learning in meteorology applications often violates
fundamental governing laws or poorly adaptsto scenarios that are sparsely reflected in the training data
set; such methods are variable, often combined, and depend onMachine Learning model-specific
requirements (Kashinath et al., 2021). A frequently used model in this framework is the ANN, which can

be extended, e.g., by custom loss functions, custom network architectures, or assimilation of physic
consistent datasets. Examples of these strategies or a combination of them are found imvestigating the
parametrization of lake temperature (Daw et al., 2017), downscaling of atmospheric wind speeds(White

et al., 2019), and forecasting of turbulent flows (R. Wang et al., 2019). Additionally, examples of

strategies based on synthetic but physicxonsistent datasets can be found in the earliermentioned

emulation of cloud models (Krasnopolsky & FoxRabinovitz, 2006).

Bochenek and Ustrnul (2022) performed a statistical analysis of the appearance ofMachine Learning
applications in meteorological science articles, which confirms the importance of DL and ANN, followed
by RF, boosting machines, and SVM. The most common topics mentioned are wind forecasting, ensemble
forecasting, and data assimilation for NWP, climate change, global climate models, and climate impact
for climate analysis; most investigated fields relate to the meteorological parameters wind, precipitation,
and temperature.

2.4 Research Gap

The state of the art has summarized the need for new information services to enable safe and efficient
flights of UAS, the challenges to predict wind speeds in urban environments with existing concepts, and
the potential to utilize big data analytics for a downscaling of mesoscale weather with a hybrid modeling

approach. Table 2.4 lists a selection of studies in these fields to distinguish the unique and novel features
of the approach discussed in this thesis.

The limitations of current weather products to resolutions of 1 - 10 km grid size, combined with the
vulnerability of UAS to adverse atmospheric conditions, have been extensively researched and
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documented (Campbell et al., 2017b). Wind, turbulence, and convective weather conditions are
particularly problematic for these systems, and better predictions or more weatherrobust vehicles are
the only viable solutions to enable BVLOS operationg(Gao et al., 2021). In particular, predicting wind
patterns in complex urban areas is challenging. While several theoretical concepts exist to estimate
climatological effects on a macro-level cityscape or to calculate wind fields around individual buildings,
appropriate microscale weather models often require coupling with costly CFD simulations or tuned
physical models (Oke et al., 2017; Yang & Fu, 2020). Unfortunately, these models are often complex
and time-consuming to build, which makes this technology currently unfeasible for a broad application
in real-time now-casting (Garcia-Gutiérrez et al., 2022). Furthermore, existing wind model research in
this direction does not focus on UAS operations (e.g., pedestrian comfort levels at 1.5 m height,(Yang
& Fu, 2020)) or only considers rural areas without complex UCLs (Pinto et al., 2020; Roseman et al.,
2019).

Instead of repeated and localized CFD simulations, an alternative approach is the hybrid modeling of a
statistical downscaling process. With the help of machine learning methods, large amounts of data are
analyzed to generate a model that most accurately epresents the wind patterns and physical conditions.
Using additional environmental variables, existing mesoscale weather data can be downscaled
accordingly. Comparable work for wind exists but focuses on higher atmospheric layers and not on the
UCL (White). Furthermore, the physical guidance in this work was not obtained from the data set itself
but assured with specifically designed loss functions that penalize a violation of the energy spectrum.
The novel approach considered in this thesis uses a synthét data set from a CFD simulation instead. In
combination with UCPs from local climate zone categorization and neighborhood relationships
depending on the wind direction, a model is trained on a GBM algorithm. As per today ho comparable
research has been dentified that has applied a hybrid modelling approach to downscale wind
information in an UCL for the operational use of UAS.

Table 2.4: Comparison of previous research efforts

Campbell et Oke et Pinto et al.
al. (2017b) ; al Yang and (2020) ; White et Biiddefeld
Gao et al. (201'7) Fu (2020) Roseman et | al. (2019)
(2021) al. (2019)

Hybrid
Modelling X X
Downscaling X X X X X
Urban
Canopy X X X
Layer
Wind X X X X X X
Information
UAS X X X
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3 Concept for Downscaling Wind Information for UAS

This chapter describes the conceptual outline of the proposed method for downscaling regional weather
information to provide micro -scale wind information for UAS operations. First, the problem statement

is introduced based on the previous analysis of the arrent state of the art, identified research gaps, and

the underlying business understanding. Second, these findings are used to formulate general
requirements in unmanned traffic and derive the data mining needs and the modeling parameters. This

is follow ed by presenting a system architecture that describes the final model's principal elements and
how they will be achieved in detail.

3.1 Problem Statement

Safe and efficient aerial operations depend on accurate information of atmospheric conditions (Bajaj,
Philips, Lyons, Westbrook, & Zink, 2020). Especially in unmanned traffic, airborne vehicles are sensitive
to wind effects due to their low weight and propulsive power compared to general and commercial
aviation aircraft (Garcia-Gutiérrez et al., 2022; Ranquist et al., 2017). It is foreseen that such UAS are
predominantly operating in areas subject to the urban canopy layer and below 150 m (SESAR Joint
Undertaking, 2017a), where the complex geometry of natural and artificial structures forms wind fields
(Oke et al., 2017). Until today the computational effort is too high to enable the transition of existing
numerical weather models into these areas and provide timely information (Garcia-Gutiérrez et al.,
2022; Yang & Fu, 2020). In consequence, UAS flight planning and execution have to be based on less
accurate mesoscale models that generalize atmospheric conditions up to several hundred meters or even
kilometers of grid size (Campbell et al., 2017b). This results in the risk of over- or underestimating the
effects of the actual situation on the single flights, leading to reduced efficiency or an increased risk of
operations (Roseman & Argrow, 2020).

The question that emerges out of this problem is how to provide UAS operators with a more detailed
and tailored representation of current atmospheric conditions without recurring high computational
costs. In climatology, it is known how local infrastructure characteristics affect the sitespecific
discrepancy from larger-scale models in the long term (Oke et al., 2017). In different fields of science,
new methods have evolved to downscale information based on the fusion of machine learning and
statistical and physical models (Kashinath et al., 2021). As summarized in Chapter2.4, no effort has
been undertaken to determine if such a hybrid and data-driven model can solve the described problem
by refining mesoscale wind information in an urban environment. The goal of the methodology realized
in this thesis is to close this gapand address the specific information needs of UASEnvisaged is a model
that downscales areawide wind information to a practical resolution by considering local infrastructure
characteristics and preprocessed micrescale data synthesized by runningCFD simulations. This model
will be called Wind Information System for Unmanned Aerial Systems (WIU) in the further course of
this work.

3.2 General Requirement Considerations

Based on the problem statement and the research documented in the State of the Art, the following
general requirements are considered in developing the model.

A Reduced computational effort:  The sizeable computational effort required to apply traditional
weather fore- and nowcast methods, such as numerical models, is identified as the main reason
why applicable high-resolution weather information is not available in real -time. Consequently,
when transferred out of the experimental domain, the proposed method must provide a solution
requiring less computational effort than traditional methods.

A Reduced modeling effort: The second limitation of traditional models is the high cost of model
creation in the first place. As described in Chapter2.2.2, a specific parametrization of numerical
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weather prediction models is required to account for minor scaled effects in addition to the
definition of differential equations and integration of physical equations. Adapting classical
statistical methods such as MOS (Model Output Statistics) would requre a large-scale and long
term observational network where the model is supposed to be refined(meteoblue AG, 2015).
Both modeling approaches require a high amount of manual adaptation and practical effort. In
contrast, the proposed solution focuses on methods intended to be automatable.

A Urban Coverage: The documented business understanding and physical principles indicate that
the atmospheric effects observed in the urban canopy layer are central to creating a micrescale
weather model. Primarily wind -related conditions vary in covered areas.The output of arbitrary
mesoscale models is not challenged similarly in rural areas.The associated risk for UAS
operations is higher in urban areas since flights operate closer to solid structures, and the
geometry of trajectories is more constrainedand complex (see Chapter2.1.2) compared to those
in free space.The proposed method will be evaluated in an experimental area that covers typical
urban infrastructure features such as different levels of housing, vegetation, roads, and
unsheltered areas.

A Vertical coverage: Given the current regulatory efforts in the European Union, UAS operations
will be limited to a maximum altitude of 500 feet above the ground (Regulation (EU) 2019/945,
2019). Although metropolitan skylines easily exceed this height, the proposed method focuses
on levels up to 150 meters. Even above 50 meters, wind effects can be described adequately with
physical principles such as thelogarithmic wind profile or the Ekman Layer(see Chapter2.2.3).
Similar to the statement for the requirement of urban coverage, operational risk and complexity
of routes are characteristically high at low levels close to groundbased structures and takeoff
and landing areas.

A Lateral and horizontal resolution: ~ Currently available weather services dedicated to UAS offer,
for instance, a 1 km grid size in exclusive areas(Dronelife, 2022) . Even though this is already
nine times more granular than official governmental or other commercial services (Dronelife,
2022), it cannot provide insight into the effects on the scale of the urban canopylayer. Moreover,
the discontinuous nature of wind speeds further complicates the apriori definition of the grid
size. For this study, the grid size will be specified to 5 meters cubes, which correlates with the
average accuracy expected for the urban geometries and UAS positioning systems.

A Statistical relevance: Typically, the amount of data requested for a statistical downscaling by
the MOS approachis at least 12 monthsfor a specific site (meteoblue AG, 2015). For this reason,
it is expected that more than six months of observational data are sufficient to verify model input
or output data sets in the proposed methodology.

A Fore- and nowcast ability: Flight Planning solutions should be capable of creating routes
between any two points based on the forecasted meteorological conditions, geographic data sets,
and the specific requirements set by the operator and the vehicle performance. Based on the type
of operation, the planning horizon can vary from instantaneous flights up to several days in
advance. Consequently, the described methodology must work as a downscaling approach
regardless of the fore or nowcast scenario. More extended forecasting periods might involve the
necessity of larger probabilistic uncertainty margins.

The central point of the methodology proposed to cover the stated requirements is the development of
a hybrid model based on a large quantity of high-resolution data and contextual information about the
infrastructure in the observed experimental area. Although the planning of UAS operations is based on
multiple aspects of atmospheric conditions, such as precipitation, temperature, dewpoint, and others,
the model will focus on, but generally not limited to, determining wind speeds. As described in the
previous points, this parameter has the most impact on flights and the highest variability based on the
local characteristics of the urban canopy layer(Campbell et al., 2017hb).
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3.3 Data Mining Needs

For a successful investigation of the proposed method, it has been pointed out that sufficient data sets
are needed to build the fundamentals for a hybrid model and downscale wind information. From typical
data science projects, it is clear that the data reeds to be gathered, most of it needs to be adequately
prepared, and some needs to be created or observed in the first place. This subchapter focuses on
necessary data variables in general, whereas later in this thesis, the processes and methods applied to
prepare, create, and record data are detailed.

3.3.1 Necessary Data Variables

Rf c kmbcj %q ecl cp _|j wisdgnormaton ¢ sp the primdryndatd vaqraablg iscwind
speed.This covers different statistical descriptions of the same parameter: mearor median wind speeds,
gust speeds, u and v vectors in m/s, and cardinal or degree wind directions. All these can be formatted
in different temporal resolutions. Also, this information must be obtained from a mesoscale model in the
extent of the experimental area and a micro-scale resolution of at least a 5meter grid size. Both serve
as training and verification inputs for the data -driven models. The second needed variable idigital
surface information in the form of geometric objects, such as buildings and vegetation. This information
is necessary in either a shapefile format or as abstracted urban canopy parameters. This variable is
required to (re-)calculate high-resolution wind speeds with a CFD simulation and to add contextual
information in the training of the hybrid WIU model. The final variable addresses the performance 6
S?7Q egtecl gncagdga _rkmgnfcpga amlbgrgml q, Rm cl «
given context, it is necessary to collectUAS performance information about the particular constraints
and sensitivity of individual airframe classes to wind speeds in the maximum m/s range.

3.3.2 Experimental Area and Grid Size

The main experimental area is defined in the southern part of Frankfurt a. M., Germany - the urban city
of Neu-Isenburg - and depicted in Figure 3.1. This decision is because, besides an extensive knowledge
of the area, the Boeing Global Services company based there hasupported the installation of local
micro-weather stations for validation and verification purposes at its industrial complex. The required
data variables are accessible for this locatiorfrom various free accessible sourcesThe local urban canopy
layer features characteristicstypical for most German urban settlements and suburbs.
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System for UAS (WIU)

The Universal Transverse Mercator (UTM) system is used as a coordinate reference systgfdfR0OJ, 2023).

Its metric unit simplifies the processing of the data and handling of the model output, and UAS operators
in central Europe are trained to use the metric system for flight planning. The altitude segments are also
given in 5-meter steps, which creates a grid of 5meter cubic voxels up to 150 meters. This leads to a
volume of 0.952 km3 or 7609440 voxelsin an extent of 1660 x 3820 m. Spatial Error and distortion due

to the UTM system can be neglected since the selected area is small enough to stay inside a single UTM
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zone (32U) (PROJ, 2023). The extent is reduced to smaller subsets to decrease computational costs
when focusing on validation steps.

The different data sets used in this research are not coherent. On the one hand, micrescale winds and
elevation models are available in a smaller spatial resolution, so upscaling and rasterization are needed.
This will be done in the preparation steps during the model creation. On the other hand, the abstraction
of infrastructure characteristics with the LCZ framework led to larger grid sizes, which in return required
an additional downscaling step.

3.3.3 External Datasets

Core to the described method is a datadriven approach, which requires the integration of wind, digital
surface, and UAS performance information. For this purpose, several datasets from different sourceare
obtained and reviewed:

Historical Wind Information:

Historical mesoscale data of atmospheric conditions are required in this thesis to understand the local
weather condition, define a synoptic wind profile for the CFD simulation and analyze the final results.
The retrieved datasets originate from official observation stations in the area (METAR(National Weather
Center [NWS], 2023), DWD (Deutscher Wetterdienst [DWD], 2023) ) or a commercial model built upon
such measurements(OpenWeather Ltd, 2023)).

As the raw measurements are not generalized for the area of interest, the model obtained from
OpenWeather Ltd. enables a better insight into the experimental area. This company provides hourly
historical data for various cities and urban areas worldwide. The data repository is based on the fusion
of multiple sources, such as local weather stations, METAR reports, and model outpu{OpenWeather
Ltd, 2023). In contrast, the Climate Data Center (CDC) of the Deutscher Wettedienst (DWD) provides
daily averages for his local observation stationsTc pgdwgl e rfc¢c MUK b_r _gcr %q
_t_gj_"jc BUB b_r_qcrq glbga_rcqg rf_r rfc jma_]j
original measurements are not relieved from local effects on the atmospheric conditions(see Chapter
4.1). The data downloaded from OWM covers four years of atmospheric conditions for the experimental
area detailed in Chapter4.1.1. The files are provided in .csv format and contain column-wise information

on wind speed (m/s), temperature (°C), humidity (%), hourly timestamps in UTC (Universal Time
Coordinated), and not utilized variables, such as cloudiness and precipitation. Plots and general
information on the data processing are detailed in Chapter4.1.

Furthermore, the European Wind Atlas (Troen & Lundtang Petersen, 1989)and the New European Wind
Atlas (NEWA Consortium, 2023) are considered to validate longterm average wind speeds at different
heights in the Middle-European region. It summarizes regional climatological statistics for several
European countries with the original intent of promoting the market for using wind as a resource for
electricity production. Figure 3.2 gives an overview of local average wind speeds for differently sheltered
regions and elevation levels in Europe and Germanyin the 90s. The experimental area is located in the
orange zone, which indicates wind speeds of 4.5- 5 m/s for the sheltered area and up to 6.5 m/s for

the open plain at 50 meters height.
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Figure 3.2: European onshore wind atlas (left), WestGerman Wind Atlas (right) (Troen & Lundtang
Petersen, 1989)

Topographic Information for the Urban Canopy Layer

The details of the urban landscape have a significant impact on hype+local variations of the atmospheric
conditions (Oke et al., 2017). Digital Surface Models are required to understand the specific effects in
the experimental area and prepare a 3D surface model for the CFD simulation. This entails the layout
and structure of the urban canopy layer with a focus on surficial, three-dimensional object information
that predominantly affects the local wind fields. Examples are buildings, vegetation, and other large
structures, artificial or natural, usually described as a digital surface model.
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An evaluation of a digital terrain model, as in Figure 3.3, indicates that the experimental area does not
feature height differences > 20 m in total . In order to simplify the calculations and the model creation
these differences are considered as neglectable.

Based on the remaining surface model information, hyperlocal infrastructure models can be generated.
A subset of the original data is utilized to compute the CFD simulations later in this study. Furthermore,
a detailed familiarization with the experimental area is necessary to determine the location of micro
weather stations. Different sourceslist in Table 3.1 have been reviewed to access data sets that provide
this information for the greater Rhein -Main area in Germany (UTM zone 32U).

Table 3.1 List of considered geospatial data providers

Provider Data type Format Reference

Hessische Verwaltung fur| DEM, DOM, LOD1 (5 m) LOD | Shapefiles, | HVYBG Hessen, 2023
Bodenmanagement und| 2 (1 m), DGM1 (1 m), DGM | dxf, tiff.

Geoinformation 506m)

OpensStreetMap Project OSM objects .osm.pbf Geofabrik GmbH, 2021
European Environment | EU-DEM GIS data European Environment
Agency Agency, 2016

The examination of data accessibility, accuracy, and timeliness justified the usage of the OpenStreetMap
(OSM) Projects data set for further processing: it can be transformed into other data formats that are
needed to use the data in the next steps of the experimental plan, e.g., .kml format for the determination
of local climate zone information or .stl files for mesh creation. Additional information layers and sources
can be integrated using opensource tools like BlenderOSM (Blender-OSM, 2023). The data has a
positional accuracy of 1.57 m (El-Ashmawy, 2016), which is more detailed than the envisioned final grid
resolution. In contrast, the disadvantage of more detailed information, such as raw LIDAR data, is that
the roughness of the surfaces andmpermeable (not watertight) objects increases the effort to create
meshes for the CFD computation. The temporal accuracy of the OSM data is, on average, 133 days for
new constructions and 158 days for widening projects (Juhasz, 2021). In contrast, official data of the
regional government is only updated on a yearly cadence(HVBG Hessen, 2023)or in the case of the EU
DEM only covers a period from 2011- 2016 (European Environment Agency, 2016).

Furthermore, the DSM is used in the world urban database(WUDAPT, 2023) to retrieve a categorization
of local climate zones for the experimental area that can be used to extrapolate UCPs, as described in
Chapter 2.2.1. The tool LCZ generator, available in this framework, enables the transformation of a
particular .kml file into 17 local climate zones, of which ten are considered urban (built types) and seven
as natural (land cover). It uses a supervised classificatioralgorithm that utilizes several earth observation
input features originating from Landsat8, Sentinell, Sentinel2, and other data sources (Global Forest
Canopy Height, Digital Terrain Models (DTM) , Digital Elevation Models (DEM), Digital Surface Models
(DSM)) (Demuzere et al., 2021). The conversion process is further detailed in Chapter4.2.2.

Typical UAS Performance Information

As explained in the State of the Art, types of UAS feature different robustness against atmospheric
conditions. To understand the impact of micro-scale effects on various airframes, the following table
summarizes information obtained in the European research project DACUS2022) and as part of a

gr sbcl r %q KEbding,2@21l)r f c ggq
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Table 3.2 Identified UAS Performance ConstraintgSource:Ebeling (2021))

Airframe Type wind Gust Precipitation Operating Temperature
[m/s] [m/s] [mm/h ] [°d
Leisure Drones 8 12 0 0 40
Multicopter 10 15 0 0 40
Fixed Wing 12 17 25 -20 45
Robust Multicopter 15 20 7.6 0 40
Personal Air Vehicles 8.6 13.75 7.6 -20 45

The mean values are derived by gathering manufacturer information about performance constraints and
grouping the various airframes by weight, use case, and mode of operation. For more information,
consider the DACUS Validation Report D4.2(2022) . The average wind performance constraints of the
surveyed UAS are lower than the maximum flight speeds found inRanquist et al. (2017) and presented
in Figure 2.1.

3.3.4 Micro-scale Wind Information

A sufficient amount of micro -scale wind information is required to train the hybrid data -driven models
and validate the training data sets and the model outputs. For that purpose, the methodology includes
using local micro-weather stations and the simulation of a CFD for the experimental area. This section
will briefly overview the intended data gathering and creation. More detailed information will be
provided in the following chapters and the annex.

Micro -Weather Stations in Neu -Isenburg (G ermany)

Six smart weather stations of the manufacturer Netatmo (2023) are installed by the author in Neu-
Isenburg, each containing a sonic anemometer, a pluviometer, and sensors to measure temperature,
humidity, and atmospheric pressure. The stations collect information in 6 seconds intervals and
aggregate the measured value in a 5 minutes timeframe. All data is stored on a server, where the files
can be downloaded in a .csv format. Each package of data contains three months of measurements. Data
were obtained at each station for at least12 months to ensure statistical relevance. The following Table
3.3 lists the position of the stations and measurement periods.

Table 3.3 List of installed microweather stations in the experimental area

Station | Latitude Longitude | Height | UTM East | UTM Nord | Measurement
AGL (32V) (32V) Period
DAL 50.04225°N | 8.69001°E | 6 m 477803.4 5543374 2018-2022
DAL3 50.04230°N | 8.69001°E | 6 m 477803.4 5543380 2021-2022
DAL4 50.04225°N | 8.69028°E | 6 m 477822.8 5543374 2021-2022
DALS 50.04255°N | 8.69098°E | 6 m 477873 5543407 2021-2022
DA 50.04281°N | 8.69457°E | 34 m 478130.2 5543435 2018-2021
PAP 50.04225°N | 8.69763°E | 3m 478349.0 5543372 2021-2022

The stations DAL, DAL3, DAL4 and DALS are installed at the top of lamp poles locatedn a parking lot
and in lateral distance of 5 - 6 meters to trees. In order to mitigate a potential shielding by the mounts
and the posts, the individual stations are mounted with a 90° offset. The stations for DA and PAP are
located on elevated mounts onflat roof tops. Exemplary pictures can be found in the AnnexE.
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CFD Simulation for Neu -Isenburg (GER)

In contrast to the point source data of the micro-weather stations, highly detailed three-dimensional

wind field data for the whole experimental area is created utilizing a CFD simulation based on best
practice guidelines from Franke et al. (2007) and Tominaga et al. (2008) further detailed in Chapter

5.1.1. The local UCL geometry is used to calculate four different scenarios in a highperformance
computing environment, the Lichtenberg Il cluster of the Technical University of Darmstadt (Technische
Universitat Darmstadt, 2023). The software ANSA V21.1.1 from BETA CAE System&021) was used to
transform the digital surfacemodel into a mesh that was then utilized by the OpenFOAM flow simulation

software V1912 (2021) .

As boundary conditions, a windspeed of 5 m/s is determined from a statistical analysis of mesoscale
weather data (see Chapter4.1.1) and the typical windspeeds expected in the European Wind Atlas
Different flow directions have been selected (North/South/West/East) , which results in four complete
sets of wind vectors for the experimental area up to a height of 50 meters.Despite the factthat the local
main wind direction is southwest and northeast(Windfinder.com, 2023) , these four directions have been
chosen as example scenarios due to the orthogonal layout of the cityscape in the experimental area (see
Figure 3.1). The goal is to find repetitive patterns for training, rather than creating a model that has the
maximum statistical relevance. In total up to 50 million vectors per data set have been created a .csv
file containing the location in XYZ coordinates in meters, the boundary conditions flow speed & and
direction | , and the resulting wind speed vector ® in m/s. To reduce the amount of data and match
the modeling parameters of the final grid, different methods of rasterization and resampling are applied
to the data sets as part of the data preparation and cleaning.

3.3.5 Data Guiding Rule Sets

In Chapter 2.2.3, micro-scale wind phenomena have been presented, which can be empirically or
theoretically described with the equationslisted in Table 2.3. During this thesis, a subset of the formulas
detailed in Table 3.4 is used for modelling and analysis. This aims to ensure that the hybrid models'
training is conducted with adequate data adherent to known hyperlocal weather principles. The airflow
effect know as Ekman Spiral has been excluded from this task, since its application is limited to the ML
of the UBL, which is not part of the modelling efforts up to 50 meters. At the same time, horizontal wind
speeds in the Ekman Layer are rather homogenous and the associatechange of wind direction could
be easily integrated if required (Petersen, 2021). The logarithmic and exponential wind profile are
utilized for creating an analytical model, which is based upon the local UCPs and the average wind
speeds. Due to the complexityof locating Venturi effects analytically and the uncertainty related to the
simplified equations presented in Table 2.3, it will only be used for exemplary analysis and not be added
to the modeling efforts.

Table 3.4: List of data guiding rule sets utilized in the WIU system

Layer Airflow effect Utilized in the WIU system

ML Ekman Spiral No

SL Logarithmic Wind Profile Yes, for modelling and analysis
UCL Exponential Wind Profile Yes, for modelling and analysis
UCL Venturi Effect Yes, only for analysis

3.4 WIU System Overview

To solve the outlined problem, a data-driven model is proposed, which integrates the discussed elements
as depicted in Figure 3.4. The three highlighted phases are typical for building a model with machine
learning techniques, as defined by Provost and Fawcett(2021). The first section lists the historic or
exemplary datasets. For the success of this approach, these sets require a correlation among each other
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that allows the training of a model. The relation between observed mesoscale weather data, urban

canopy models, and the actual microscale wind characteristics is presumed based on the research for
data understanding documented in Chapter 2. If this dependency is strong enough to transfer and scale,

the modeling approach has to be evaluated practically. The data sets are used as input for training the

WIU model, where machine learning algorithms are enabled to recognize and extract patterns from the

data. The synthetic micro weather data should be created and verified by representing the correct

physical principles. This enables the datadriven model to be a hybrid that learns based on physical and

environmental context. More information about hybrid modelin g approaches can be found in Chapter

2.3.3.

Once the final model is trained and selected, it is utilized to reason over new, unseen data sets consisting
of mesoscale weather information and the local UCL information. The expected outcome of the model

is a downscaled version of the wind information based on the reoccurring patterns inside the training
datasets and the provided rules sets. Specifying the input for current weather data or forecasts is
unnecessary since the algorithm processes both similarly. But naturally, the inherent uncertainty of a
dmpca_grcb b_r_ gcr ggqg n_qqgqcb ml rm rfc kmbcj %qg
version could be adapted specifically to the needs of a particular UAS operator, taking into account
typical weather constraints and calculating the flyability in an area.
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Figure 3.4: Three phases to create and deploy the WIU model(illustration by author).

3.5 Method ological Components to Develop the WIU System

To develop the proposed WIU system, a structured approach has been chosen that is known as the CRISP
DM process(Hotz, 2023), depicted in Figure 2.6. The process will guide the methodology followed in
this thesis and explained in this section. A more detailed description of the original CRISRDM elements
is found in Chapter 2.3.1.

It starts with creating the Business Understandintp elaborate the problem statement, which is to find a
method to provide UAS operators with more precise wind information to plan and conduct safe and
efficient flights (see Chapter 3.1). The solution needs to fulfill business-related requirements elaborated
as aresult of the State of the Art, which are briefly summarized as a reduced computational and modeling
effort compared to traditional methods, coverage of urban areas, sufficient vertical range into low
altitudes, high lateral and horizontal resolution of the grid, statistical relevance of model validation data
and adequate fore as well as nowcast capabilities (see Chapter3.2). These objectives and the
conceptualization of a solution (see Chapter3.4) determine the data mining goals and mutually interact
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with the next step, Data Understanding As previously introduced, three categories are required to build
up the envisioned WIU system to downscale wind information: Wind, Geospatial, and UAS Performance
data (see Chapter3.3). Not all of these sources are readily available in open data repositories and need
to be modeled (CFD micro-scale urban airflows based on DSM and Mesoscale Weather informatioj
converted (DSM to LCZ data categorization,) or obtained (micro weather observation and UAS
performance) on own account. This effort is directly connected to the overall Data Preparation efforts,
in which the datasets are selected, cleaned, aggregated, and formatted for future modeling of the
machine learning model and preparing an analytical model for comparison and validation purposes. As
a result of the typical data mining project characteristics (Hotz, 2023), the preparation of data sets is
executed as an iterative loop with the Modelingstage. Additional need for adjustments and reformatting
of data is determined during the model creation, as the requirements from the Business Understanding
are used to assess the performance of the models on the fly. Reiterations are then carried out fo
mnr gkgx _r gml s | r g¢Hotz, 20238 enodei lis createdh $nethfe gtudy presented here, this
applies to the creation of different techniques for obtaining neighborhood relationships, integrating
urban canopy parameters, and finetuning the GBM modeling technique. On the contrary, the analytical
model is not created by the use ofMachine Learningalgorithms and data, but as a result of a combination
and parametrization of physical principles (see Chapter5.3.1). The same physical principles are used to
validate the model results in the final Evaluation step, together with the real-world data monitored with
the local micro weather stations. The last step,Model Deploymentis unrelated to any technical actions,
as the model will not be deployed in an operational context. Still, the conclusions and recommendations
based on the result are reported in the resume of this work.
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Figure 3.5: Adapted CRISFDM process(Shearer, 2000)to deploy the WIU system (illustration by
author).

A representation of the technical dependencies in between the datasets and modelss depicted in Figure
3.6. The creation of the final data-driven model is causing a complex and closely interwoven set of steps.
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The diagram indicates how the different datasets feed intoand are validated against each other to make
sure the used datasets and rules are adequate for the creation of the modelsThe data guiding rulesets
are composed in a simplified analytical model to automate wind speed calculations based on the
categorization of LCZs. The LCZs need to be converted from the general DSM of the experimental area.
At the same time, the DSM has to e transformed into a mesh to serve as input for the CFD simulation.
The mesoscale weather information is used to extract and validate the observations from the micre
weather stations, by identifying measurement periods in which the desired atmospheric conditions were
prevalent. Not shown in the illustration is the fact, that the mesoscale weather information also drives
the boundary conditions for the CFD as well as for the analytical model. The selection of a desired
weather condition is a trade-off between typical UAS performance constraints and the most frequent
wind speeds canmon for the experimental area: the studied wind speeds should be high enough to stress
the execution of flights and at the same time need to occur as often as possibleOtherwise, the micro
weather stations will not record enough measurements to fulfil the criteria for a validation. The training

of the GBM models is conducted with the preprocessed synthetic wind data extracted from the CFD
simulation and the UCPs aggregated from the LCS dataset. Each grid cell in the experimental area is
assigned with airflow relevant characteristics _r r f ¢ aclrcp _|I'b rfc j _rcp_|j
are compared with the training data, the observed wind speeds equivalent data output of the analytical
model, and the mesoscale weather data, to evaluate the overall performance of the model. Based on that
the approach followed to create the WIU system is reviewed in the deployment phase.

To improve the readability of the documented results, the four core sourcesof data output and the
related modeling efforts are split in four subchapters of the results section (Chapter5) as depicted in
Figure 1.1. They also present the validation efforts which were individually conducted in between the
different results.
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Figure 3.6: Detailed view of the technical efforts to deploy and review the WIU system (illustration by
author).
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3.6 Expected Benefits for the Operation of UAS

The system aims to provide UAS operators with a detailed representation of wind conditions in urban
airspaces. This leads to two hypothetical benefits based on the reduction of overand underestimation
of hyperlocal conditions reflected in regional wind r eports.

a. lIdentify flyable zones in  overal/ windy conditions: Opposed to adverse mesoscale conditions
that appear not flyable, some areas or layers of the urban airspace could remain unaffected due
to the local characteristics of the wind field. This information would enable the operators to
determine safe and effident paths through unfavorable conditions.

b. Identify no -fly zones in overall acceptable conditions: Unlike favorable mesoscale conditions,
local characteristics such as wind reinforcement in urban canyons can deteriorate the operational
setting. Effective downscaling reflects these characteristics and enables operators to avoid zones
associated with higher risks or increased costs for flying.

@mr f c¢cv _knjcg a_lI ~c¢c jma_rcb gl rfc j _rcpFgue®Xx7 pc _

(left) depicts an example where the overall mesoscale weather representation indicates not flyable
conditions. For route A, the UAS can plan a safe flight in areas unaffected by the prevailing conditions.
In contrast, route B would be canceled due to unaceptable conditions. Figure 3.7 (right) represents an

example of a layered structure. Here the overall conditions are costly to fly but not critical regarding the

performance constraints of the UAS. A detailed representation, however, indicates that the flight at route
B needs to be abated, whereas route A could be adapted and relocated into a more favorable layer.
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Figure 3.7: Exemplary impact of precise micro weather information on UAS operations

Overall, the WIU can reduce uncertainty when considering the different phases of strategic and tactical
flight planning: operators can respect local characteristics when offering services and creating individual
trajectories. The risk of canceling operations, aborting flights, or losing airframes is reduced. At the same
time, the efficiency of operations can be increased by choosing routes with the lowest associated costs.

3.7 Summary Chapter IlI

The safety and efficiency of airborne operations are dependent on atmospheric conditions. Current
weather service providers do not offer high-resolution wind information in the urban layer, which would
benefit UAS operators. Instead of applying traditional numerical models for this job, this chapter
introduced the proposal to investigate the applicability of a machine-learning-based hybrid model. A
reduced effort in terms of modeling and computing resources is expected.The technical outline has been
described based on the CRISFDM processand features three essential types of information: mesoscale
weather, urban canopy parameters and synthetic micro wind fields. Since not all datasets are available
in a sufficient form, data gathering, processing and modeling efforts are required for LCZ categorization,
hyperlocal weather observations and UAS performance constraints. In addition, a CFD simulatiomeeds
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to be performed to generate a high-resolution airflow database and extract synthetic micro wind field

data. In the presentedarchitecture the data is used to train a GBM model which will be tested against
real world data of different resolution and the output of a composed analytical modelthat is based on
logarithmic and exponential wind profiles.
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4 Preparation of Data and Rules Sets

This chapter details the steps to explore and prepare the utilized data and rule sets. Depending on the
source, this entails general analysis, data processing, and handling. First, the wind data sources are
introduced and divided into mesoscale wind obsenations, microscale wind observations, and
synthesized micro winds. The mesoscale wind speeds of different sources (DWD, METAR, and OWM)
are compared and statistically analyzed to determine which source is used in the discussed context. The
goal is to retrieve prototypical atmospheric conditions that allow the construction of the boundary
conditions for the CFD simulation and timestamps to filter out concurrent observations at the micro-
weather stations. The raw wind data from the micro-weather stations is also preprocessed and
gr _rgqgqrga_jjw _|I _jwxchb, Bsc rm rfc fgef pcgmj sr gl
synthetic wind data is rasterized in a resolution of 5x5x5 m. The preparation of geospatial UCL
information is documented in the second subchapter. The DSM must be prepared, first, for the
transformation into a meshthat servesas a 3D model for the CFD simulation and second, becategorized
into LCZs to be able to extract local UCPs(see Chapter 2.2.1). The third subchapter describes the
selection of data guiding rule sets to supervise and verify the physical correctness of modeled data. The
equations for canyon effects, logarithmic, and exponential wind profiles are digitalized for parametric
usage with the UCPs.

4.1 Wind Data Sources

The WIU system iscreated and validated with three different sources of wind data: mesoscale historical
weather data, micro-scale weather station data, and micro-scale wind field data out of CFD simulations.
The following sections document how these three sources are prepared for usage in the modellinghase

4.1.1 Preparation and Analysis of Mesoscale Weather Data

The purpose of mesoscale weather data in this research is first to determine typical key wind statistics
for the region of the experimental area and second to identify historical periods that featured suchwind
speeds. This enables the identification of periods in which the same conditions prevailed used in the CFD
simulation as synoptic wind profiles. Subsequently, the measurements of the local micro weather stations
at identical timestamps are selected aml used to evaluate the simulation results by compaison, as
described in Chapter5.2.1.

The following steps are required to select and prepare the mesoscale weather data:

Download data from adequate sources (e.g., METAR, DWD, and other providers)
Translate into or ensure specifications of commaseparated file format
Load datasets intoRStudio
Check and standardize units (e.g., Fahrenheit to Celsius, knots/miles/km per hour to
meter per second)
Transform date and time information into the POSIXcformat
Standardize periods of the measurements/model data (e.g., hourly to daily)
o Group data row-wise into daily datasets
o Mutate new columns that contain mean, median, and max. / min. values for the created
time series (e.g., for wind speeds, gust speeds, temperatures)
0 Select relevant variables for comparison of data sources
Join datasets of different sources by unified timestamps
Summarize and visualize critical variables.
Save data sets as .rds files

> >

v >
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Different data providers are considered to carry out this process.Figure 4.1 shows the reference points

for the three preferred sources: METAR reports for the Frankfurt Airport (EDDF), DWD data for
Offenbach a.M. (station ID 7341), and OpenWeatheMap (OWM) d ata localized for Neu-Isenburg. The
rectangle symbolizes the extent of the experimental area, as specified in Chapte8.3.2. The DWD station

in Offenbach (red) is located on a slight slope (120 m) and contains the originally measured values in

daily aggregation. The OWM datasets contain postprocessed data of regional stations and models and

are valid for a not further specified extent. The METAR station (grey) is located at Frankfurt Airport
(EDDF). As defined by theGIl r cpl _rgml _j Agtgj ?t group AMOFSGERE0S),it g x _ 1
g§clamkn_qqcq rfc _pc_ wugrfgl _I 6 ik p_bgsqg dpmk
green circle represents the secalled vicinity of the report with a 16 km radius. The smaller circle
measures 8 km and intersects with the rectangle of he experimental area in NeuIsenburg.

DWD

. METAR [

OWM
ARP EDDF Sory

Walldorf

Figure 4.1: Geographical area for which METAR reports are defined for EDDF

Based on the described nature and location of the sources, the METAR and the DWD weather information
are expected to differ. METAR covers an areavide extent, typical for mesoscale data, whereas DWD
releasesraw reports of the local observation station, which is affected by site-specific characteristics. To
check if the OWM dataset proves to be comparable to a mesoscale output, it ifompared against the
METAR data

Figure 4.2 represents the distribution of daily average (red) and maximum wind speeds (blue) from
2018 to 2021. The graphs show for all sources that the values for daily averages are distributed over a
small range of low wind speeds, as opposed to the daily maximum that is spread over a higher and
broader range of speeds. In general, it appears that the DWD dataséhasits climax for daily averages at
lower windspeeds than the OWM and METAR data setThe curve of the maximum wind speed is shifted
to the right, indicating a distribution into higher wind speeds. The METAR and OWM data representation
features a strong smilarity.
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Figure 4.2: Distribution of daily average and maximum wind speed in mesoscale models for the
experimental area (Source author)

The displayed curvesare further analyzed using the three-parameter Weibull function, which is a typical
tool to describe the asymmetrical distribution of wind speed (Drobinski et al., 2015) . The equation for
the Weibull cumulative distribution function based on windspeeds vis givenin (4.1) :

o0 p Q° (41)

The individual shape factor k and the scale parameterl are identified using the maximum likelihood
function of the R-packageweibullness(C. Park, 2022) on each dataset. The Weibull function enablesa
better comparison of a series of wind information since the averages for different sources can be similar
even when the variance is different, e.g. lower k values indicate more variable wind speeds whereas
constant wind has a higher k values(Lorenz, 1996; METEOTEST, 2023a) This allows to investigate and
confirm site specific expectations for the presented mese and micro-scale datasets.Table 4.1 lists the
result of this analysis together with the overall mean and median values:

Table 4.1: Weibull distribution characteristics for different mesoscale wind speed sources in the
experimental area (20182021)

Source Average Wind Speeds Maximum Wind Speeds
Mean | Median | Shape Scale Mean | Median | Shape Scale
parameterl parameter}

[m/s] | [m/s] factor k [m/s] | [m/s] factor k

[m/s]
DWD 2.25 2.00 1.609702 1.760651 8.84 8.20 1.920895 7.197847
OWM 3.54 3.22 1.803166 2.99718 6.42 6.17 2.003218 5.035229
METAR | 3.55 3.23 1.773592 | 2.938996m 6.74 6.17 2.117541 5.507257

[m/s]

The shape factors k for average wind speeds typically range from - 3 (Lorenz, 1996), so the data in
Table 4.1 indicates that the DWD station records less stable wind conditions on a low range of wind
speeds, whereas the OWM/METAR datasets provide more constant values at two times the speed. This
confirms the expectations of hyperlocal effects recorded by the DWDdata sets. For maximum daily wind
speeds, the distribution of k is similar, though slightly more stable. But in this case, the DWD data
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features higher speeds as a scale factor. The key characteristics of OWM and METAR are similar for both
types of wind speed. It is summarized that the METAR and OWM data provides a more stable distribution
of average and maximum wind speeds and indicates éss signs of hyperlocal influence. Since the OWM
dataset is supposed to be representative for the experimental area, it is further used for the wind data
processing and selection of timestamps.

The selection of prototypical wind scenarios as boundary conditions for the CFD simulations is a trade
off between the most frequent wind speeds common for the experimental area and typical UAS
performance constraints. On the one hand, the wind speed musiccur often enough to provide sufficient
timestamps to identify similar conditions at the micro -weather stations. On the other hand, the wind
speeds should stress UAS operations based on the performance constraints ifiable 3.2, to provide
relevant information for operators. With the statistical values provided in Table 4.1 it appears that
average wind speeds can be expected at 3 3.5 m/s with a high frequency. But these values are
significantly lower than the surveyed UAS performance constraints.As displayed in Figure 4.2, the
maximum wind speed of 5 m/s also has a high recurrence and correlates withthe locally expected wind
speeds(4.5 - 5 m/s) for sheltered areas found in the New European Wind Atlas(NEWA Consortium,
2023) (see Chapter3.3.3). This value is still lower than the typical performance constraints, but is still
chosen as boundary condition. Having sufficient data for model validation is more relevant in this early
stage than the identification of numerous risk zones for UAS.

4.1.2 Preparation and Analysis of Micro Weather Station Data

As described in Chapter3.3.4, six micro weather stations were installed in the experimental area and
recorded data over a period of at leastthree years. In order to make the data available for processing, it
is first necessary to merge theindividual data sets and check their plausibility. The map in Figure 4.3
shows the locations of the stations DAL - DAL5 are mounted on roof level (6 meters) on lamp polesin
a parking lot, DA is located on aflat roof top in 34 meters height, and PAPis located on aflat roof top
in 3 meters height (also listed in Table 3.3). All selected sites have been used as landing spots for UAS
in other experiments. DAL, DAL3 and DALS5 areat the southside of a low building, of which DAL3 is
close to the edge of the roof. DALS installed in more than 5 meters distance from buildings in the east
and west. It is expected and desired that the measurements capture the hyperlocal effectsThe shielding
effect of the buildings and the associated roughness will lower the wind speeds(Oke et al., 2017), in
particular for DAL3, which should also feature more gust due to the position close to the roof (A.
Mohamed et al., 2023). DAL5 must feature higher wind speeds, since it is less obstructed by local
structures, and DA is expected to obtain the highest wind speeds in the series of measurements, but still
lower than the mesoscale average. The measurement from PAP have been discamdidbecause the
measurement periods were tm inconsistent, compared to the other stations, and only overlapping
observations are retained for the statistical analysis.
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Figure4.3: Location of micro-weather stations installed in the experimental areain Neu-senburg (Source:
author)

Leaflet | Map data: © OpenStreetMap contributors, SRTM | Map style: © OpenTopoMap (CC-BY-SA)

Each substation (Smart home weather station, anemometer, and pluviometer) must be accessed
separately for receiving the observation data. The time series is limited to 3 months per .csv file, and the
data sets need to be concatenatedirst:

Download data from the netatmo.comservers
Ensure specifications of commaseparated file format
Load datasets intoRStudio
Remove unnecessary headers andssign a clear station ID
Concatenate data sets into singlerds objects
Standardize units (e.g., km/hour to meters/second)
Transform date and time information into the POSIXcformat
Remove periods of sensor malfunction/outages
Add data summaries for periods (hourly)
o Group data row-wise into hourly datasets
0 Mutate new columns that contain mean, median, and max. / min. values for the created
time series (e.g., for wind speeds, gust speeds, temperatures)
A Save data sets as .rds files

P I S PP P

To ensure data quality, periods of recorded or identified sensor malfunctionsare removed. Reasons for
deficient phases include the sensor installation, maintenance, or unexpected end of battery life. The plots
in Figure 4.4 represent the data distribution for average and maximum wind speeds at the local
observation stations. The overall distribution of daily averages between 0.8 and 1.6 m/s confirms lower
wind speeds compared to the mesoscale models for the same perio(see Table 4.1). The distribution of
maximum wind speeds appears broader but with a higher velocity in between 3.5 and 6.1 m/s.
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Figure4.4: Distribution of daily average and maximum wind speed measured with micro weather stations
(Source: author)

Based on the Weibull distribution characteristics in Table 4.2, two additional observations are made for
the daily average wind speeds.Speeds for DA and DAL5 are higherthan the recorders of other stations,
as expected due to the local characteristics. The kalue does not give a clear indication, apart from
DALS5 the stations show stable wind conditions. The maximum wind speedshave a similar distribution,
except of DAL3 that features higher maximum wind speeds than the remaining stations on the southside
of the central building. This was expected as results of gusts encountered in the vicinity of the roof.

Table 4.2: Weibull distribution characteristics for local micro weather measurements (20182021)

Source Average Daily Wind Speeds Maximum Daily Wind Speeds
Mean | Median | Shape Scale Mean | Median @ Shape Scale
parameter} parameter}
[m/s] [m/s] factor k [m/s] [m/s] factor k
[m/s] [m/s]
DA 1.75 1.60 2.3584 1.9968 6.56 6.11 3.0596 8.3827
DAL 0.84 0.77 2.2682 0.6281 3.81 3.61 2.3818 3.9765
DAL3 0.82 0.79 2.6278 0.6694 4.35 4.17 2.7999 4.7536
DAL4 1.03 1.00 2.1165 0.7213 3.99 3.61 2.1405 3.1331
DAL5 1.22 1.02 1.9502 1.1217 4.55 4.17 2.5452 4.9109

In summary, the expected hyperlocal effects can be confirmed with the graphical and statistical analysis
of daily averages and maximum wind speeds, which leads to the conclusion that the collected data can
provide sufficient evidence for a further validati on of synthetic data and machine learning models.

Chapter 5 will present the results of the data extraction based on the prototypical mesoscale conditions
of 5 m/s (compare Chapter 4.1.1).
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4.1.3 Preparation of CFD Sample Fles

The final results of the CFD simulation are sampled in .csv files, as explained in Chapteb.1.1. The files
contain the layered cell addresses, wind values, and relevant metadata, which enables access to the
complete results. These datasets can be loaded and processed on personal computers with standard CPUs
(Central Processing Unit). Indeed, the information still represents a cloud of points, respectively vectors,
and requires additional post-processing and resampling. After this step, the data is ready for further
handling in the training data preparation and for model evaluation:

p

>

A
A

Transfer CFD sample data from the local cluster to a personal workstation
Ensure specifications of commaseparated file format

Load datasets intoRStudio

Prepare an empty raster object with theraster package
0 Set extent (UTM coordinates) and resolution
0 Specify coordinate reference systemCRS("+init=epsg:32632")

Reduce data storage requirements

0 Round values (xy-z, u-v-w) to three decimal places

o Dissolve vectored structure of the wind speeds by creating absolutes
Translate metric distance from reference point into UTM coordinates

o0 ldentify the spatial orientation of the data set

o Transform into UTM by addition/subtraction with the central point in UTM coordinates

o Verify the correct translation by plotting the base layer on a map

(Covered areas on the map should appear afNA values in the point cloud)

Layerwise, use the function rasterizeto group data points into the prepared raster

0 Select a resampling method (e.g.,mean median, max, min)

0 Repeat steps for creating multiple alternatives for evaluation purposes
Concatenate raster layers by extracting thevalue attribute

0 Add specific altitude and other required metadata row-wise

o Return format back to a tabular data frame

Visualize raster data with ggplot2/ mapview/ leafletto validate the process
Save data frame as .rds and as .csv file for quick access.

Ensuring the correct spatial orientation of the information stored in the sample files is essential. Due to
the nature of the CFD simulations here, cases with different flow directions as boundary conditions
obtain a different coordinate alignment. To change the wind direction (North, South, East, and West) in
the simulation scenarios, technically, the geometry is rotated instead of the boundary conditions.
Aml gcoscl rjwt? rfec

coordinates for the North/South/West and East cases. Otherwise, a false mirroring or rotation will be_

kcrpga

bggr | acq ksqr e

noticed in plots of the point cloud. To reduce the data amount, unnecessary variables are removed or
transformed inside the data sets. So are the vectors for windspeeds converted into their absolute
amount: 2-dimensional (u-v) or 3-dimensional (u-v-w). This is shown in Figure 4.5, from steps (1) to
(2). Rasterization (3) is used to reduce the data size further and align the resolution with the general
experimental grid introduced in Chapter 3.3.2. This step involves selecting an appropriate resampling

method since the rasterization segments the numerous flat point clouds and summarizes the segments

in single values for a grid of 3D voxels. Different approaches have been calculated fotwo- and three-
dimensional absolutes of the wind speeds to find the appropriate method.

a4
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(3) (Source: author)

The following plots in Figure 4.6 represent an example that compares the initial point cloud (left) with
the rasterized version in a 5x5x5 resolution (right). Even in the smaller resolution of 5 meters, it is still
possible to recognize specific characteristics of the buildings (grey) onthe formation of the hyperlocal
wind field.

Figure4.6: Exemplary comparison of a CFD sample data as a point cloud (left) and in a 5x5x% rasterized
version (right) (Source: author)

4.2 Urban Canopy Layer Information Sources

The primary source of Urban Canopy Layer information is the OpenStreetMap project data(Geofabrik
GmbH, 2021). As discussed,data excerptsare freely available as downloadsand feature an acceptable
temporal coverage (see Chaptei3.3.3). The geospatial dataset isconverted into .stl and .kml format and
converted into an LCZ categorization. The creation of the mesh is part of the modeling results introduced
in Chapter 5.1.1.

4.2.1 Preparation of OSM Data

After importing the requested information from the Geofabrik servers the data is prepared transformed
for the extent of the experimental area by using the opensource softwareBlenderand its add-on blender
OSM(Blender-OSM, 2023):

A Download the add-on blenderOSMto the open-source program Blender
A Import data from Geofabrikservers
0 Selecthe area of interest at the map web app that opens in theblenderosmmenu
o Copy coordinates to the clipboard
0 Pastethe coordinates in the blenderosmmenu
o0 Deselectwater objects forests other vegetation roads, and paths
o Import remaining buildings
A Use theBlender 3D Viewfor a surficial validation of the imported scene
A Create data excerpt in .stl file format and .kml file format

The deselection of supplemental information, such as water objects, forests, other vegetation, roads, and
paths, is proposed to reduce the final geometry to the virtual objects needed for the next steps. If
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required, the increase in complexity is possible without concerns. Before exporting/transforming the
data in the desired formats, a visual check of the imported scene is executed. When no local knowledge
or site accessibility is available, the information matches recent LIDAR(Light Detection and Ranging)
data from Hessische Verwaltung fiir Bodenmanagement und Geoinformat{gtVBG Hessen, 2023) The
following Figure 4.7 represent the rendered geometry obtained from the OSM sources. In blue marked
are the buildings that feature the locations of the local micro-weather stations.

Figure 4.7: 3Dgeometry of the experimental area's surfacebased on data obtained from OSM (Source:
Kriger et al. (2021))

The plotted scene also indicates the different land cover zones in the experimental area. On the left
hand side, industrial complexes dominate, whereas the rightside features simplex/duplex houses, and
the central top shows larger commercial and residential complexes. The areas are interrupted by open
space, e.g., undeveloped areas, industrial wastelands, or streets and roads between blocks.

4.2.2 Conversion of UCLData into LCZ Information

As proposed in Chapter 3.3.3, the world urban database (WUDAPT, 2023) is used to retrieve a
categorization of local climate zones for the experimental area. The tool LCZ generator, available in this
framework, enables the transformation of a particular .kml file into 17 local climate zones, of which ten
are considered urban(built types) and seven as natural (land cover). It uses a supervised classification
algorithm that utilizes several earth observation input features originating from Landsat8, Sentinell,
Sentinel2, and other data sources (Global Forest Canopy Height, DTMDEM, DSM) (Demuzere et al.,
2021). The results can be downloaded from thewudapt.orgwebsite and require further processing before
they can be implemented in the training data of the WIU model.

>\

Download categorized data for the greater Frankfurt region from wudapt.org
(File ID: afc3b4d8afed2520c1be2d5293514c3f45f4fdc5)
Load data into RStudio
Convert the .tif file into a raster object (LCZ) using the raster package
Visualize data on a map with mapviewto validate the downloaded file
Transform numeric categories into verbatim categories
o0 Create a data.frame that lists IDs and cover types
o Change the levels parameter of the raster object based on the allocation in the
data.frame
0 Ensure new data format for the values isfactor
A Prepare an empty raster object (r) with the raster package
o0 Set extent (UTM coordinates) and resolution as in the experimental area

> > >
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0 Specify coordinate reference systemCRS("+init=epsg:32632")
A Project the LCZ on the cropped extent using functionprojectRaster
o0 Specify reesampling method ngb (nearest neighbor, recommended for
sustaining categorical values(Robert J. Hijmans, 2023))
A Visualize data on a map with mapviewto validate the correct processing
A Extract coordinates and cell values as data frame for further data wrangling

The downloaded dataset has an extent that exceeds the experimental area for this research and features
a resolution of roughly 100-meter grid size (0.00898°). To transform the information to the proposed
experimental grid, it is necessary to crop it and resample the values to the Smeter grid. The method
used to compute values for the new raster is set to nearest neighbor, ensuring no new categorical values
are interpolated falsely. Minor inaccuracies coming from the projection into UTM coordinates can be
neglected. This new data frame is a foundation for further enrichment as a hyperlocal infrastructure
model and for mapping the micro-scale wind speeds to the different zone types.

The two following maps in Figure 4.8 and Figure 4.9 represent the LCZ types identified for the complete
dataset (Frankfurt Metropolitan Area) and the excerpt created for the experimental area in Neu-

Isenburg. Minor inaccuracies that can be recognized at the border of single grid sizes come from the
projection into UTM coordinates and can be neglected.

+ LCZ_Frankfurt

. Compact High Rise

5 km
ol Ly Leaflet | © OpenStreetMap contributors © CARTS.

Figure 4.8: LZC map for the Frankfurt Metropolitan area. Black rectangle:experimental area. (Source:
author)
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Figure 4.9: LZC map for the experimental area in Neulsenburg (Source: author)

Table 4.3 summarizes cover types for the experimental side and the complete sampled area. Three types
are underrepresented (< 1%) in the Neu -Isenburg case: Compact High Rise, Heavy Industry, and Bare
Rocks or Paved. Water, Light Weight Low Rise, Bush/Scrub, and Bar Soil or Sand are absent in the
selected sample area. A potential impact of the unequal distribution of some features is subject to
evaluation in the modeling phase.

As described in Chapter2.2.1, it is possible to further detail the different LCZ types with parameters that
define the local characteristics of the urban canopywith UCPs. Namely, these are the percentage of
impervious (},), built (1), and vegetated (v) land cover and mean height of building elements (zn),
canyon aspect ratio (}s), albedo (] an), and anthropogenic heat flux (Qr) (Ching et al., 2018), and the
association to a specific aerodynamic roughness length (g (Oke et al., 2017). Later in this thesis, a
subset of those parameters is used to compute the physical principles and models and create different
representations of the training dataset.

To enable the training dataset to reflect the characteristics of neighboring cells as well, the data of LCZ

types is further transformed by creating variants with different compositions and collocations of the
parameters in the neighborhood of the center cell. The utilized contiguity cases are illustrated in Figure

410 I b amknpggc rfc amkkml Pmmi %qg a_qgc &/ ' * (@&Ssccl ¢
& Aldstadt, 2004), or a combination of such. The difference is that Rook considers only the common

sides of the polygon, whereas Queen also features the values in the common vertices. In the case
presented here, the ID of the cells starts on the left middle neighbor and is labeled N1. It counts up

clmai uggc dmp rfc Pmmi %q a_qc, Dmp rfc Osccl %g a_o
numbers, starting in the upper left corner. The specific layouts tested for the training data sets are
explained in detail in Chapter 5.4.1.
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Figure 4.10: lllustration of a Rook's case (1) and a Queen's case (2) contiguity to extract neighboring cell
information (Source: Author)

Table 4.3: Distribution of LCZ types in the experimental area and the Frankfurt Metropolitan area

Neu-Isenburg Exp erimental Area Frankfurt Metropolitan Area

ID Local Climate n Area | Total Area [%0] n Area | Total Area

Zone type [km?2] [km?2] [%0]

1 Compact High 260 0,0065 0.1 109600 2,74 0.1
Rise

2 | Compact Midrise| 10616 0,2654 4.22 | 2311200 57,78 2.03

3 Compact Low| 15757 | 0,393925 6.27 | 2769600 69,24 2.43
Rise

4 Open High Rise| 13815  0,345375 5.49 | 4215200 105,38 3.7

5 Open Midrise | 12658 | 0,31645 5.03 | 3035200 75,88 2.66

6 Open Low Rise| 42495 | 1,062375 16.9 | 8916000 222,9 7.82

8 Large Low Rise| 13843 0,346075 5.51 | 1504000 37,6 1.32

9 Sparsely Built| 19091  0,477275 7.59 | 15276800 381,92 13.4

10 Heavy Industry 756 0,0189 0.3 342000 8,55 0.3

11 Dense Trees| 110528 2,7632 43.95 | 29860000 746,5 26.2

12 Scattered Trees| 7338 | 0,18345 2.92 | 15912400 397,81 13.96

14 Low Plants 2808 0,0702 1.12 | 27734000 693,35 24.33

15 Bare Rocks or| 1495 | 0,037375 0.59 | 1143600 28,59 1
Paved

17 Water NA NA NA 854400 21,36 0.75
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4.3 Preparation of Data Guiding Rule Sets

In Chapter 2.2.3 multiple principles are introduced that describe typical physical effectsthat impact
airflow in urban environments . A subset of these principles is used to a) evaluate the capability of the
CFD simulation to represent typical effects in the computed wind fields and b) ensure that these rule
based variations guide the training of the hybrid model WIU. The following section will define the rules
prevalent in the SL and UCL as parametrized, digital functions.

4.3.1 Definition of Rules for the Surface Layer

The most relevant rule in the SLis the development of a logarithmic wind profile depending on the local
aerodynamic roughness length, the height above the ground, and the relative wind speed. It has been
selected for this investigation because it can be applied in the whole experimental domain and is welt
established in research. Several publications and guidege.g. in Landsberg, 1981, Oke et al., 2017) are
available to define generalized, constant roughness lengths for an entire area. As Nedsenburg meets
the description for small towns and villages, the areawide roughness length z is defined as 0.4 meters.
In theory, this is the average height at which the velocity of the wind equals zero (Oke et al., 2017).

To utilize this principle for the presented research, the rule is formalized so that wind speeds at a
requested height can be computed and visualized by changing the relevant input parameters: height
above ground (hy), reference height (ho), wind speed at reference height (ug) and roughness length (zo).

A Set up a new scriptin R

A Create function log_windspeed_at_height_hx <- function (h0, hx, u0, z0) {
ux < - u0 * (log10(hx/z0) / log10(h0/z0))
return(ux)}

A Test function with different height intervals and speeds.

The rule is further utilized in formulating the inlet velocity profile for the CFD computation, validating
rfc pcqsjrq dpmk rfc ADB amknsr _rgml* _|I b esgbgl e

4.3.2 Definition of Rules for the Urban Canopy Layer

The Urban Canopy Layer assembles all urban structures and elements, such as buildings, streets, and
vegetation. Opposing to the roughness layer, which shows a logarithmic wind profile, the wind below
the average building height can be described with an exmnential function for generalization purposes
(compare Chapter 2.2.3). In an area with an average building height of more than 10 meters, the CFD
simulations should adhere to this principle. Therefore, the formula evaluates the local average
windspeed areasthat have the respective UCP defined

To make the formula available for digital processing, a function is defined with the following input
parameters: height above ground (hy), average roof height (hg, with hr > h ), wind speed at average
roof height (ug), and the empirical wind attenuation coefficient ( | wac), Wwhich was defined by Macdonald
(2000) to be 4 mac = 9.6 for typical arrays in the urban canopy.

A Set up a new script in R

A Create function log_windspeed_at_height_hx <- function (hR, hx, uR, alpha) {
ux < - UR * exp(alpha * (hx/hR - 1))
return(ux)}

A Test function with different heights and speeds.

The rule will be used to analyze the results of the CFD computation following the exponential wind law.

4.3.3 Definition of Rules for the Venturi Effect in Urban Canyons

Urban canyons are distinct geometric forms constructing narrow points, funnels, or tubes with the three
facets of streets and buildings(Oke et al., 2017) and leading to the appearance of the Venturi effect.
Based on the Bernoulli equation, this effect describes the drop in pressure and increased airflow velocity
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when it enters a narrow section. It is expected that it is possible to prove conformity with this principle

in the considered experimental area, especially the streets situated in a similar direction as the wind flow
of the boundary conditions. Therefore, a feasible approximate calculation is needed. As introduced in
Chapter 2.2.3, multiple approaches and models exist to calculate the wind fields. They depend on the
urban canyon's exact characteristics and ratios, the wind directions, and the synoptic wind speeds. The
more sophisticated the models become, the more they are designedor specialized and isolated cases,
and the less they can be applied to general problems. In the case presented here, a simplistic variant can
be used to estimate the velocity increase at the beginning of a narrowing section. Based on the continuity
equation, it will determine the expected change of the velocity proportional to the change of inlet
diameter.

To test the CFD simulations results against this rule, it is formalized with the following input parameters:
the average upstream wind speed (lo), the average area (Ao) for this airflow, and the average
downstream area (A). The digitalized rule is described as follows.

A Set up a new scriptin R

A Create function venturi_windspeed_at_center <- function (A0, Ax, u0) {
ux <-u0* A0/ Ax
return(ux)}

A Test function with different areas and speeds.

Because this formula is heavily generalized, it is expected that it will be challenging to find areas in the
CFD computation that follow this physical principle.

4.4 Summary Chapter IV

Chapter 4 has introduced the detailed steps required to gather and prepare the data for modeling.The
different sources of wind information have been processed and analyzed, with the result that OWM
datasets are used to build the prototypical boundary condition of 5 m/s. It represents a tradeoff between
the most frequent wind speeds to be expected in he experimental area and a value that can potentially
stress UAS operations based on the performance constraintsThe data obtained by the locally installed
micro weather stations has been preprocessed anduccessfullyvalidated with expected wind conditions
based on the individual site characteristics. The sampled output of the CFD model is rasterized in a
5x5x5 meter grid. OSM data has been prepared with the Blender software to serve as foundation for the
mesh creation of the CFD simulation and the extradion of UCPs with the WUDAPT framework. Three
rulesets, for the logarithmic and exponential wind profile, and the canyon effects, have been
parametrized as digital functions for supervision and modeling efforts regarding the synthetic wind data.
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5 Results and Comparison of Four Micro Wind Models
and Techniques

In this chapter, the results of the WIU system components are presented, covering the urban CFD
simulation, the extracted data of the micro weather stations, the analytical models based on logarithmic
and exponential wind profiles, and the hybrid GBM machine learning model. The procedures for
modeling, simulation, and obtaining data output are detailed for each component. The individual results
are processed and visualized to represent the overall outcome and hyperlocal results for the reference
positions of the micro weather stations.

Comparisorof results

Micro Weather Analytical Hybrid GBMMachine
Stations Models Learning Model

1 I

Comparisorof results

CFD

Figure 5.1: Overview of evaluation efforts in Chapter 5

The components are evaluated against each other, as illustrated irFigure 5.1. The synthetic wind field

produced with the CFD simulation is validated against the output of the micro weather station for periods

that feature identical synoptic wind speeds as assumed in the boundary conditions of the simulation and
compared with the output of the analytical models. After that, the hybrid GBM models' performance is
compared against all previously introduced data sources.

5.1 Urban CFD Simulation Results

The goal of the CFD simulations is to create asynthetic, microscale urban wind field datasetthat is used
to train the machine learning algorithms as presented in the WIU system outline (see Chaptei3.4 et
seqq.). For this purpose a RANS simulation is executedn the Lichtenberg Il cluster with the software
OpenFoam(M. Buddefeld et al., 2022; Kriiger et al., 2021), following best practice guidelines for the
simulation of flows in urban environments (Franke et al., 2007; Tominaga et al., 2008). This results in
four separate data sample files, reflecting the predefined prototypical mesoscale scenarios of 5 m/s
windspeed and the cardinal directions. The next chaptersare detailing the outcome oof the modelling
processand the results of the simulation.

5.1.1 Modeling , Simulation and Sampling of Data Output

The modeling phase splits infour basicsteps. First the assumptions required to conduct an effective and
efficient simulation are elaborated for a generic Reynolds-averaged Navier Stokes (RANS simulation
and specifically for the selected urban environment. After that, the volume mesh must be created by
transforming the STL into CAD data and using the BatchManagerto build a polyhedral mesh. Enclosed
is the iterative execution of the simulation and sampling of results.

Generic and urban specific approximation s for the experimental area

Table 5.1 summarizes the generic and urban specific approximationghat define the boundary conditions
of the simulation. The following section details how these assumptions are derived and adopted from
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the simplification of the Navier -Stokes equation, the best practice guidelines, and general considerations
of site-specific conditions.

Table5.1: Approximations and boundary conditions assumed for the urban CFDsimulation

Approximations and boundary conditions Assumption

Incompressibility Yes
Homogeneity Yes

g Isothermal flow Yes

é Divergencefree Yes
Stationary flow Yes
Turbulence Model k-5 SST model
Caoriolis Force Neglected

S Urban thermal effects Neglected

% Domain Size 5000 x 9300 x 450 m
Synoptic Wind Profile Logarithmic, with 5 m/s at 50 meters

Incompressibility, Homogeneity & Isothermality: To reduce the complexity of the non-linear equation
system coming from the NavierStokes equatians, incompressibility, homogeneity, and isothermality are
assumed.

oL

- 51
ob (51)

As a result, the density” efd of the medium is invariable in time and space, and the energy equations
can be neglected.

Divergence-free: The assumption of incompressibility and homogeneity enables the simplification of
the continuity equation (Ferziger et al., 2020) in 5.2,

L' wove n (5.2)
T o

to

n o0 n (5.3)

Thus, an incompressible flow's velocity field is assumed to be divergencédree.

Stationary flow: In the case of a steadystate flow, all-time derivatives of the Navier-Stokes equation
(Ferziger et al., 2020) are omitted, and the stationary incompressible momentum equations result in
5.4.

ot o w0 (5.4)
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Turbulence Model k -omega SST: Based on the recommendations ofHo et al. (2018) for wind

engineering for UAS path planning, the k-5 SST model is used for resolving the turbulence equation.
According to this source, k-5 slightly overestimates wind speeds, whereas the kk model tends to
underestimate them. Given the safetycritical implications of the use case with UAS operations, it is
reasonable to decide on a potential overestimation.

Neglecting Coriolis Force: The Rossby number isan indicator to predict the impact of the Coriolis force
on the simulated wind fields. For microscale environments typically the number is larger than 200
(Blocken, 2014), for which the effect is small enough to be neglected(Franke et al., 2007). The formula
5.5 is as follows:

Y

YE¢ = -
& §] Q

0O D WV (5.5)

To verify the assumption of the Rossby number in thepresented context, the value is calculatedfor the
experimental area. U is defined as 5m/s, the extent of the wind effect phenomena Lweris a priori set to
30 m as max value and"Q calculates to 1.1206x 10° 1/s by using 5, the angular frequency of the
planetary rotation x& x & mi , and 3, the average longitude of the experimental area @ & J
This resultsin the calculation in Equation 5.6.
vaji
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Reducing the extent of the phenomenalwer down to 5 meters, which resembles the grid size used on
the experimental side, the Rossby number still is as high as 250This assumption is further confirmed
by the effect of the Ekman Spiral presented in Chapter 2.2.3, which describes a clear effect of the Coriolis
force only in the ML and out of scope for the simulated domain.

Urban thermal effects : As pointed out in Chapter 2.2.1 and described in Figure 2.2, urban thermal
effects can impact the airflow in urban environments. The Urban Dome effect is most notably for
scenariosof no mesoscale winds, which is not the case in the simulation. Thus, thermic conditions are
considered stable in the simulation, and other dynamic, thermal effects such ascircadian heating or
seasonal differencesare neglected as the simulation provides a snapshot of conditions in a specific
scenaria. Alternate approaches would be to increase the set of boundary condition scenarios or chose a
simulation software that is specifically designed to reflect such effects (see Chapter2.2.2 or Maronga et
al. (2019)).

Domain size: According to Franke et al. (2007), the size of the complete computational domain in the
vertical, lateral and flow directions depends m| rfc fgefcqr “~sgjbglegq% af
urban area and the boundary conditions. Lateral and vertical distances to the area should be at leastive
times the height of the tallest building ( 5Hmay, and longitudinal distance 8H max to the inflow and 15H max

to the outflow of the boundaries. In the experimental area, the tallest building has a height of
approximately Hmax = 70 meters. Based on these recommendations and the extent of the experimental
area (see Chapter3.3.2) the computational domain is set to 5000 x 9300 x 450 m.

Synoptic Wind Profile:  The wind speed of 5 m/s, which is considered for the inlet flow, is based on the
expected average wind speeds taken from the European Wind AtlagTroen & Lundtang Petersen, 1989)
and the median between average and maximum wind speeds determined for the experimental area
(compare Chapter 4.1.1). For Central Germany, they are supposed to be between 4.5 and 5 m/s at 50
meters for sheltered terrain and up to 6 m/s for the open plain. A simulation based on those values offers
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a high chance that local micro-weather stations frequently capture wind speeds at similar environmental
conditions. And those measurements are required to verify the degree of realism after the simulations
have been computed.

Closer to the ground, obstacles strongly reduce wind speeds and the surface roughness. This is reflected
by a logarithmic inlet velocity profile inside the Prandtl Layer. To calculate the wind speed 0  at a height
of 10 meters the re-arranged logarithmic wind profile equation (Oke et al., 2017), seeTable 2.3, is used
to provide a logarithmic wind inlet profile :

1 TQja

1 TQja
In this equation, 0 is the proposed wind speed atQ , 50 meters (5 m/s) and & is the roughness length.
For towns and villages like in the experimental area, the following literature values are applied: 0.4 m
(Hansen, 1993; MacArthur et al., 1981; METEOTEST, 2023b) This leads to a calculated wind speedi

of 3.33 m/s, which matches (+ 0.2/ -0.1 m/s) with the mean and median values found at the source of
METAR (NWS, 2023) and OWM (OpenWeather Ltd, 2023) for Neu-lsenburg at 10-meter height
(compare Table 4.1). The remaining values can be computed in the same manner and are represented
in the following Figure 5.2:

0 0 (5.7)
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Figure 5.2: Mesoscale logarithmic wind profile for the experimental area

Construction of the Volume Mesh for the Experimental Area

As depicted in Figure 5.3, the construction of the final mesh starts with converting the STL data into
CAD data format. This is used to discretize the domain into surface meshes that are then transformed
into volumetric meshes. The transformation and model build-up steps are exected using the pre-
processing softwareANSAversion 21.1.1 (BETA CAE Systems, 2021)
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DefineSizeboxes

STlData CAD Data Surface Mesh PrismLayer Volume Mesh
blenderOSM ANSA ANSA ANSA ANSA
BatchMeshManager

Figure 5.3: Process to create a Volume Mesh for an urban CFD simulation using ANSA and blend&SM

The STL files of the experimental area areprepared with the blenderOSM package (Blender-OSM
(2023), seeChapter4.2.1). In this type of representation, buildings are discretized, meaning the surface
is only triangulated and not stored in a parametric model. Simply re-meshing that data can lead to a loss
of edges and corners. In the softwareANSA(BETA CAE Systems, 2021}t is possible to recognize such
features automatically and sustain the information. For instance, building edges are detected by
identifying angles between surfaces above 80°. However, the continued usage of STL data limits the
options to refine and rework the surfaces later on (Kriiger et al., 2021), which is the reason why in this
step, the data is reformatted to a CAD format by using the ANSA topology function Elements >
ToSurface[perArea]. The detailed workflow is listed in the Annex B.1.

In an initial step PIDsare assignedto the surfaces It allows selection methods to be applied during the
transformation into CAD data and the definition of boundary conditions in the simulation phase. After
that, replacing the original bottom surface with a plane representing the bottom layer of the domain is
required because the extrapolation from the discrete model resulted in an uneven and rough area. When
creating the new building perimeters, the goal is to distribute the single markers evenly on the edges to
represent the characteristic shapes. This step can take several iterations until the result is sufficient
compared to the original data set.

The buildings in the experimental area feature complex and convoluted geometries, which are not
necessarily all relevant for the wind flow or the use case of UAS operations. Those unwanted details
cause problems while meshing and simulating the model. The CAD functions are used to readjust and
simplify the geometry where it is required. Affected zones include curved surfaces, steep angles or
minimal gaps between surfaces, small internal courtyards, and cavities.The pictures in Figure 5.4 shows
examples for small cavities (A), steep angles (B), andareas with a high geometric complexity (C) that
required an adaption. The picture in (D) presentof how the solved solution changed the later creation
and structure of the associatedPrismLayers.
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Figure 5.4: Examples of identified zones of small cavities (A), steep angles (B), and high complexity (C) in
the CAD data of the experiment al areaos surface.
(Source:Kruger et al. (2021))

If not solved before creating the different meshes and prism layers the number of small cells and
stagnation regions increases. Such areas amplify the complexity and create numerical problems when
the simulation tries to create convergence(Krlger et al., 2021).

In general, the next step of meshing the CAD(Computer Aided Design) data has a significant impact on
the results obtained from the later simulation and represents an essential step toward successful
modeling (Blocken & Gualtieri, 2012) . Several critical parameters defining this process can only be pre
estimated, necessitating reiterations and readjustments mentioned in the previous subsectionsand
shown in Figure 5.4. The process of creating the surface mesh, the prism layers, and the final volumetric
kcqf 9ggq gsnnmpr cb BathMadh@andgert enhblesaatpmatedtnieshing by defining
a dedicated scenario for each consecutive step. In these scenarios, special sessions can be defined for
different domain regions., and each session uses specified filters to select the predefined PIDs and apply
the specific mesh parameters that have been determined. For the experimental area in Nedsenburg, a
mesh parameter of 0.3- 25 for complex sites and 20- 35 for less complicated aeas is set in the final
iteration.

Besides the Batch Mesh Manager, utilizingSizeboxess recommended to define volumes, which control
the maximum element length of the meshes in specific regions of the model(Kriiger et al., 2021). In
total, 17 zones have been defined for the domain and are represented inFigure 5.5. The maximum
element size varies between 0.8 and 15 meters. A$ranke et al. (2007) recommended, the growth rate
volume is smaller than 1.3.
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Figure 5.5: Sizeboxesmplemented in the experimental domain of the CFD simulation (Source:Krtiger et
al. (2021))

The largest size box shown in the picture is used to specify the maximum element size within the entire
model area. Locally, areas of particular interest or demand are refined with additional boxes. The shallow
sizeboxes define the size of the surface elemnts at the bottom. This ensures a sufficient quality of the
PrismLayer, especially when usingaspect PrismLayersThis method determines the height of the cells in
relation to the element size of the surface grid. When the absolute height of the PrismLaye is specified,
the flat sizebox ensures a much better aspect ratio of the individual elements due to the locally finer
surface grid. The remaining majority of the sizeboxes are located near the industrial sites that provide
their facilities for optional U AS flights and the micro weather stations. These are adapted to the four
flow directions and define the finest area within the computational domain. An overview of the process
for mesh creation is summarized in Annex B.2.

While using the BatchMeshManager to orchestrate the creation of the final mesh with the three different
sessions, a continuous inspection of the intermediate results minimizes the risk of inherited errors. This
is done with the Check Manager template, which supports visual inspection and automated detection.
Table 5.2 lists exemplary problematic elements that can be identified with this built -in tool. For a more
detailed description, please consult the various handbooks and best practice guidelines, which provide
a good overview of the applied optimization strategies.

Table5.2: Elements and potential errors of the mesh inspected with the Check Manager template

Type Name Status
Geometry Single Cons Active
Geometry Triple Cons Active
Geometry Unchecked Faces Active
Geometry Collapsed Cons Active
Geometry Needle Faces Active
Geometry Overlap Faces Active
Geometry Cracks Active
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Type Name Status
Penetration Intersections Active
Geometry Unmeshed Macros Active
Mesh Sharp Edges Active
Penetration Proximities Active
Mesh Trias On Corner Active
Mesh Mesh Quality Active
Mesh Single Bounds Inactive
Mesh Triple Bounds Inactive

The generation of PrismLayers is typically adjusted after a first simulation enables to verify the Y+
values. The height of the first layer is either defined by absolute or relative values. For the last option,
aspectcomputes a layer based on the aspect ratio to the local surface values. For Nelsenburg, the
parameters as listed inTable 5.3 are determined for the final iteration (aspect ratio: 0.01):

Table 5.3: Basic layer session parameters for Nelsenburg

Parameter Setting Note
First height 0.01 Aspect
Growth Factor 1.20 constant
Number of layers 5

Additional outer layers 4

Last aspect 0.5

Problematic areas treatment Collapse

Light volume representation Active

Create tetra layers Inactive

The results are converted into a polyhedral mesh and exported in a specific OpenFoam data format. The
final polyMeshcontains 180 million cells based on 480 million tetra cells. Figure 5.6 shows a typical
example of the transformation from tetra to polyhedral.

Figure 5.6: Example of a transformation from tetra to polyhedral cells (Source:Krlger et al. (2021))

The results obtained from the BatchMeshManagerundergo a quality check, ensuring that the source
entry data (CAD) is adequate and that the process of the three meshing sessions (surface, prism, volume)
is executed as expected.The function CheckMesHilters out erroneous elements of the polyMesh to a
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dedicated folder. Subsequently, those errors are visualized with the opensource tool ParaView(kitware,
2023), a visualization tool kit for large data sets. The precise workflow for the final mesh preparation
step is listed in AnnexB.3.

Iterative Execution of the Simulation

The simulation of the model for the experimental area is executed with the open-source program
OpenFOAM (OF) in version 1912 (OpenCFD Ltd, 2021). It is programmed in C++ and does not feature
a traditional user interface but is terminal -based. The most relevant scripts and FoamFiles required to
define the actual settings of the simulation are attached to this thesis in the AnnexD. As a solver
SimpleFoam is selected, which is a steadystate solver for incompressible, turbulent flow (OpenFOAM,
2022).

Due to the size of the model and the high number of iterations, the simulation requires extensive
computing resources, which are provided by the Lichtenberg highperformance computers (HPC) at

TU Darmstadt as project number 2773 (M. Buddefeld et al., 2022) with support of an advanced design
student project (Kriiger et al.,, 2021). Rf ¢ FN&Pggd _acrcb _pafgrcarspec
cddgageclr gagcl rgdga amknsrgle? cqgnc ag_(Jechnische mp
Universitat Darmstadt, 2023). In total, the OpenFOAM calculation is executed with 480 CPUs. The access
and management of internal resources are performed with the Simple Linux Utility for Resource
Management(SLURM) Workload Manager.The bullet points that summarize the main steps undertaken

to perform the simulation are found in Annex C.

As previously pointed out, the simulation preparation requires defining a set of FoamFiles summarized

in the folder structure illustrated in Figure 5.7. The files are used as examples to demonstrate how the
different settings are controlled, often also referred to as dictionaries and their subsections as sub
dictionaries. Four project folders are required, one for each scenario with north, south, east, and west

flow direction and 5 m/s wind speed.

m/

—— systen!

controlDict i
fvSchemes ! General simulation
fvSolutions § parameters (e.g., start/end)

decomposeParDict
SamplePlanes X 8

—— constant
—— I polyMesh/ :
— [ tvoptions | Initial values and boundary

; _ conditions for each PID
* transportProperties 3

— turbulenceProperties

. mo |
7 K '

o omega Static values for the whole

—B simulation period

;U
7)(

Figure 5.7: Overview of defined FoamFiles

FoamFiles saved in thesystemfolder define the systemic parameters, such as technical simulation
settings, numerical discretization schemes, numerical solvers, decomposition methods for parallel
computation, and sampling instructions. The constantfolder contains the files, which define the constant
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parameters over the simulation's whole lifecycle, such as the fine volume options and the properties of
transport and turbulence mechanisms.The last essential package of FoamFiles is located in th8 folder.
It contains the initial and boundary conditions required for the simulation, e.g., the turbulence models'
inlet velocity profile and wall functions. Since some of the defined parameters are relevant to recreate
the final approach taken, the essential FoamFiles are documented in the AnneXD.1 - D.3.

Creation of Sample Files

After the simulation is calculated, the size of the outcoming files is too large to be processed without the
use of an HPC and not easily digested in a data science project. Besides that, the different parameters
are split up into separate files. The resuts are systematically sampled into layers that contain the
interpolated cell-center values of the velocity. The raw file format of the samples is ASCII and will be
transformed into .csv using the open-source softwareRStudia This last step will add required meta-data,
such as the calculation's boundary conditions and the selected wind direction scenario for consistency.
The process is summarized inFigure 5.8 and must be repeated for all scenarios and potentially varying
boundary conditions.

CellCentreg(x-y-z)

CFD Simulation Sampling Sample Files
OpenFoam OpenForm ASCII Text Files

CellValue (uv-w)

Selected Boundary

i AddMeta Data
Conditions RStudi
& LayerStructure

Sample Files
.csvFiles

Figure 5.8: Process to create sample files of the CFE2sults

The sampling is split into three layers per file to manage the available resources on the HPC. The samples
are extracted plane-wise by accessing the defined layers through the FoamFiles in Chapteb.1. In total,
nine planes are designated, as illustrated inFigure 5.9, with a base plane at 10 meters. The distance to
the upper planes is set to d = 5 meters, which correlates with the grid that will later be used to process
the data in the WIU. The location of the cell centers is referenced to the midpoint of the planes & distance
in meters.
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Figure 5.9: Sample planes defined to extract CFD results (left). Definition of xyalues from the center
point (right)

For data processing, selecting a universal file format is necessary, which allows simplified handling and
wrangling of the data and comprehensible storage of the input variables. Columnbased .csv files are
chosen as they are easy to understand and procesand bring the advantage of being human-readable if
required. Each file has a header that contains the variable name and the specific unit. The integrated
meta-data includes information on the wind direction of the scenario and the applied input wind profile
as the velocity of the mesoscale wind conditions. The estimated file size is approximately 3 Gb for each
gacl pgm* wufgaf a_|I sgs_jjw ¢ f_Ibjcb "~ w
transformation to .csv in RStudiorequires several scipts, summarized in Annex D.4. Table 5.4 represents
an example ofthe discussedstructure of the final data storage format for a scenario of east wind with a
velocity of 5 m/s in the mesoscale model.

Table 5.4: Structure and format of the final CFD sample files in .csv

rmb _ w%¢

u0_ms | vO_ms | wO_ms | Absolute_wind Wind_direction | Annotations | x_m [y m [z m | ums|v._ms | w_ms
_speed_ms _deg
5 0 0 5 90 N/A 054 | 032 | 10 423 | 1.02 | 0.01
5 0 0 5 90 N/A 0.84 | 0.23 | 10 3.34 | 202 | 0.12
5 0 0 5 90 N/A 158 | 1.22 | 10 5.67 | 1.23 | 0.04

More information about the general data cleaning and tidying are provided in Chapter 4.1.3. For the

utilization of the data in the next steps of the WIU system the data samplesare further processed since
only scalar values will be used for training . Different resampling methods per grid are tested and

summarized in Table 5.5 to determine which of the arithmetic values features the best resemblance of
real-world data and how much they differentiate from each other. The different strategies (mean,

median, max, min) are grouped in two sections uvm, considering the complete 3D vector, anduv, only

considering the lateral values and neglecting the minor contribution of w -components.

Table 5.5: Structured representation of resampled CFDdata output

Layer | uv-magnitude (neglecting ,
_ _ uvw -magnitude
Latitude | Longitude small w -values << 0.05)
in UTM in UTM height
inm Median | Mean | Max | Min Median | Mean | Max | Min

Summary of the Modelling

This subchapter has documented the preparation and executionof the CFD simulation to generate
synthetic micro-scale wind fields in the experimental area as training data for the WIU system Initially,
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the fundamental assumptions necessary to set up the simulation inOpenFoamare stated as a RANS
problem, and incompressibility, homogeneity, and isothermality have been determined. The stationary
flow simplifies equations that need to be solved and are expected to represent the reality sufficiently for
the discussed use case. Coriolis force dependencies and thmal changes during the simulated period
have been neglected due to an insignificant impact on the results and the necessity to limit the amount
of additional computational iterations. The input flow parameters have been based on synoptic wind
speeds typical for the region and relevant for UAS. In addition, the wind profile is designed
logarithmically. The k-omega SST model was utilized and parametrizel to solve turbulence equations
with estimated values specific to the domain size and the local conditions. Furthermore, the geometry
for the experimental area, retrieved from the OpenStreetMap Projecthas been transformed from STL
data into the volumetri ¢ mesh utilized in the simulations using the software blenderOSMand ANSA The
execution of the RANS simulation was processed on an HPC with 480 CPUs with 24000 iterations for
each scenario in four different wind directions. The results have been sampled into nine planes from 10
to 50 meters in height to prepare the future usage of the outcome data sets. The final .csv file for each
scenario contains roughly 600,000,000 data points in 12 columns, representing 50 million unique wind
vectors for a volume of 3880 x 1660 x 50 meters. To verify the accuracy of the simulated data in the
following chapters, the results are compared to local measurements and typical hyperlocal weather
principles.

5.1.2 CFDSmulation Output

For a better understanding of the simulated wind field data, it is helpful to view the data in a mapped
2D representation. The data generated with the CFD simulation is presentedin Figure 5.10. Since the
most complex and diverse features are shown at a layer height of 10 meters, the data is selected for this
level only. Complete wind profiles for a larger grid size of 200 m are located in the Annex 1. The plots
are split into the four wind direction scenarios, North, South, West, and East. Locations covered by
buildings do not feature wind speed values and are transparent. However, the rasterization and
averaging of wind speeds can cover the minor stuctures in the original 3D dataset used for the CFD
simulation.

The experimental area under observation consists of large, unsheltered regions that can result in
increased wind speed locally. However, by using tiles with evolving structures arranged in the direction
of the wind, the speed can be lowered to a range of 31 m/s from the initial 5 m/s. The urban area is
characterized by typical urban canyons aligned with the wind direction, which in turn indicates
orthogonal roads in the original 3D representation of the area. There is a dense band of trees at the
bottom of the representation, which retains maximum speed of about 5 m/s in the South, West, and East
scenarios. The North wind scenario significantly reduces the upstream wind speeds before they reach
the dense tree area, leading to lower average wind speeds in that representation’'s segment at the bottom.

The buildings and other structures in the 3D dataset generate downstream vortices of various wind
speeds. In areas where there are small gaps between buildings and structures, combined with upstream
areas of medium wind speeds (about 2.5 m/s), the Venturi effect can drastically increase the local wind
speeds(see Chapter4.3.3). One example of this effect is present in the North wind scenario (x=250 m,

y = 700 m). The West and East wind scenarios have several similarities and are almost symmetrical,
except for the orientation and formation of vortices. However, the South and North wind scenarios show
coherence in areas located centrally or surrounded by buildings The respective sides facing the
simulation's inlet developed more distinct features.
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Figure 5.10: 2D map of simulated wind speeds at 10 m height

The CFD simulations output for the hyperlocal weather stationg %cations (see Chapter 4.1.2) is
presented in the plot in Figure 5.11. The appearance of extracted wind speeds indicates a similarity for
East North and Westwind scenarios. In the East case, the wind speed at the highest location, DA, is
about 4 m/s. The locations that are closer to the ground (DAL, DAL3, DAL4, and DALS5) are on average
3 m/s lower. For the North case the distribution is likewise, but the difference between the wind speeds
is lesser. The DA location features synthetic wind speeds of 3n/s, the remaining stations are on average
1.5 m/s slower. The locations of DAL3, DAL4, and DAL5show a minimally higher speed than DAL. The
Westcase has a different ranking for these stations, with DAL5 indicating the lowest velocity of 0.5m/s.
Rfc t_jsc cvrp_archb dmf3mfE)cis aB&lowgrrtham ig thé peayious wired_ r g m
scenarios. The South case leads to mixed valuewith an extreme low for DA of 1.1 m/s. Instead, DAL
and DALA4 feature wind speeds over 2m/s, DAL2 and DAL5 of about 0.9 m/s.
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Figure 5.11: CFD simulation resultdor the four cardinal directions at the location of the micro weather
stations

5.2 Micro Weather Station Results

For the WIU system, the purpose of the data obtained from the micro weather station is the validation
of results from the different modeling efforts with real -world measurements, e.g., for the syntheticwind
data resulting from the CFD simulation, the analytical model, and the hybrid GBM machine learning
model. Periods that match the atmospheric conditions of the CFD synoptic boundary conditions are
extracted with timestamps identified with the mesoscale data sets(see Chapter4.1.1). This results in
average wind speeds and gusts for the five selected locations in the experimental area for each of the
four cardinal directions. For the comparison with the CFD simulation, the deviations are calculated and
presented in Chapter5.2.3. Further comparisons with the analytical model and the GBM are presented
in Chapter 5.4.3.

5.2.1 Procedure to Extract Wind Information

To compare the results from the CFD simulation with the field measurements observed in the natural
environment in Neu-Isenburg, it is necessary to identify the observation periods that match the boundary
conditions of the computed scenarios. Since the boulary conditions represent the mesoscale system,
the original synoptic wind data from the weather service provider OWM is used to identify those periods
(see Chapter4.1.1). The micro weather stations' UTM locations and heights are used to determine the
corresponding grid in the CFD dataset. The extracted hyperlocal CFD model output is compared to the
observations obtained during the appearance of the defined weather scenario conditions. The results are
generalized by dividing the simulated velocities ucrp with the hyperlocal reference speed from the
selectedscenario Wker. The entire process issummarized in Figure 5.12.

Results and Comparison of Four Micro Wind Models and Techniques 65



Scenario
(direction | velacity)

************

METAR/OWM ! \
Historical
Meso-scale Wind Extract Time Periods
Data

Timestamps t

Micro Weather Stations

Historical Hyperlocal
Meso-scale Wind \:_t/ Observation during Velocity uger
Observations Scenario Conditions
. . UCED
Stations” C": — Deviation Uger
Location
CFD
Slmule!ted Micro-scale (v Hyperlocal Velocity ugrp
Wind Samples CFD-Model Output

Figure5.12: Process overview for evaluating the deviation of the CFD samples from observed wind speeds
in the experimental area

The identified timestamps during the observation period and the median of the hourly measurements at
these events result in a data record listing deviations compared to the computed hyperlocal velocities
from the CFD simulation. Each wind direction scenario is summarized by the individual median wind
and gust speed values for the hourly observation periods at the five micro weather stations.

5.2.2 Station Output for MesoscaleWind Scenarios

The extraction of hyperlocal wind speeds based on the timestampgesults in a dataset of values for each
cardinal wind direction. The graphs in Figure 5.13 represent an exemplary day in February 2021, where
two periods match the mesoscale conditionsused for the CFD simulations. In this case, the wind speeds
for all for four stations DAL and DAL3-5 are not showing major differences between each other. The
difference between gust speeds is stronger, showing a peak for the station DAL3 in the first, andor DAL
in the second period. None of the recorded velocities did exceed the boundary conditions of 5m/s.
Outside the times when mesoscale conditions match, the velocities demonstrate a maximum at noon and
calmer winds towards midnight.
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Figure 5.13: Exemplary illustration of observed wind speeds and gusts at day with matching mesoscale
conditions (shaded blue) in 2021

The calculated median values for the complete measurement periods are displayed in the plots shown
in Figure 5.14. Gusts show a higher variance in all measured speeds compared to the wind speeds. The
high-altitude DA has the highest speeds of all the stations. It is striking that DAL4 also has higher gust
strengths than the other stations near the ground. DAL and DAL3show very constant speeds over the
different scenarios in cardinal direction. Overall, the stations close to the ground show values between
1.5 and 2 m/s for gust and 0.5 to 0.9 m/s for wind speed. Extreme values are found for DAL4 and DAL5
for westerly wind and for DAL4 in east wind scenarios. Opposed to that DAL5 has an extreme low in
easterly wind.

As a result of the natural distribution of wind speeds (see Figure 4.2), the discontinued recordings (see
Figure E.3) of some stations, and theaccumulation of observations in the main wind directions (compare
4.1.2), it needs to be noted that not all scenarios and stations have an equal number of records and
extracted events. The individual counts are given in the AnnexE. In total 4762 measurements have been
identified, of which most are attributed to station DAL. North and south wind scenarios are often
recorded, whereas east and west show a smaller number of records, especially for the stations DAL3
DALS. Of the 20 possible combinations, only these 6obtained a number of measurements below100.

Results and Comparison of Four Micro Wind Models and Techniques 67



1
[72]
A S e
£ 04 Observation
©
§ S W X Wind
D 5. & Gust
©
£
< 4.

3 > -1

¢ % ¢ —x
1'II_LTT —*—IIII

—

DA DAL DAL3 DAL4 DAL5 DA DAL DAL3 DAL4 DAL5
Microweather Station

Figure 5.14: Overview of median wind and gust speeds at the measurement sites in the experimental
area for the cardinal directions

5.2.3 Comparison Observations and Synthetic Wind Fields

The extracted wind speeds of the micro weather stations are compared with the CFD output for the
respective grid cell as discussed in Chaptes.2.1. The exact work flow to calculate the deviation 1
between observed speedsisiion and the synthetic wind speedsucrois listed in the Annex F. Analysis of
the results revealsthree distinctive features. The wind measurements for all scenarios and most stations
are constantly lower than the expected values originated in the CFD simulations. The gust speed values
indicate a smaller deviation for some stations and produce more distant outliers. The north wind scenario
performs close to the simulated velocities for all station locations compared to the gust speedand
indicate a constant low deviation to wind speeds.Figure 5.15 represents a visualization of the variations
by plotting the deviation from the simulated values. A positive delta value implies that the median of the
hourly speed measurements is higher than the simulated value, and a negative delta value is the
opposite. The proportional deviation itself is expressed in percent. It is calculated by dividing the local
median of the measurements by the computed median value for the respective grid at the closest layer
rm rfc qr _rgml %qg | ma_r g mdlto,comRdrecvallessinog it decrdasesdhe impact| gqc
of single anomalous values at the end of both scales.
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Out of the 20 extracted CFD data samples, 11 of them show that the divergence from the measured gust
speed at themicro weather stations is less than 33%and 14 out of the 20 samples show a divergence of
less than 50%. Similarly, 6 out of the 20 extracted CFD data samples are diverging less than 33% from
the measured wind speed and 10 out of 20 samples diverge less than 50% from the measured wind
speeds.13 out of 20 wind speed samples show a variation in a similar range of -43% to -80% when
compared with the computed CFD datg but 11 of them share a constant deviation. Opposing to that,
the measurements with a diverging deviation are attributed to station-scenario combinations with a
lower statistical relevance (seeFigure E.4 in the Annex), such as DAL5West, DAL4West, and DAL4
East.

5.3 Analytical Model Results

The analytical model is build based on the rules for exponential and logarithmic wind profiles introduced
in Chapter 2.2.3 and specified in Chapter4.3. The purpose is to prepare a validation model based on
existing empirical knowledge for the airflow in the UCL with comparably small effort, computational
and modelling-wise. It results in 13 combined exponential-logarithmic wind profiles for each LCZ type
featured in the experimental area, which change with the given reference mesoscale windspeed 50 m
height with increasing depth in the UBL. The model output is compared with the synthetic wind speeds
of the CFD simulation and the performance of the hybrid machine learning model.

5.3.1 Procedure to construct the analytical EXPLOGmModel

The procedure to construct the analytical EXPLOG modekovers two intermediate steps, in which the
single logarithmic and exponential profiles are tested and then combined in one final model, as
summarizedin Figure 5.16. The equations for the logarithmic and exponential wind profile are utilizing
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UCPs(zo, hr) that must be extracted from the LCZs of the experimental area For the logarithmic part of
the model, it is necessary to resample the data to a larger grid size. Typically, the considered law is
applied to determine averages for local areas of 25- 250 meters (Oke et al., 2017). For this evaluation,
the grid size is set to a rectangle with 200 meters side length. The exponential law does not have such a
limitation and can utilize the original resolution of the LCZ dataset.
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Figure 5.16: Overview of the procedure to construct the analytical EXPLOG model and the integrated
urban canopy parameters

In the following sections, the results of the resampling are detailed and the procedures followed to create
the intermediate and final analytical models.

Resampling of LCZ and Wind Speeds

The dominant LCZ types are determined for the experimental area with a grid size of 200m. The altered

grid is represented in Figure 5.17 and shows alphabetic labels (A-U) for the individual tiles. As an
example, the representation is combined with the airflow resulting from the CFD simulation for the

scenario with northerly wind. This shows, that the outer edges of the built-up area have been removed
from the grid, to eliminate the chance for unrealistic boundary effects in this specific zones. For the later
comparison, the CFD results for each scenario are averaged in thikyered grid cells as defined in Figure

5.9.

Figure 5.17: Adopted 200-m grid for the rasterization of the experimental area

To extract the UCP information, the individual dominant zone type is identified by taking the mode.
Figure 5.18 represents the determined zone types for the previously introduced grid.
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Figure 5.18: Dominant LCZ types in the experimental area

The most frequent LCZ type in this illustration is Open Low Risgefollowed by Dense Treeand Large Low
Rise In total nine different zones are determined and used to extract local terrain roughness information.
Due to the resampling, some of the less frequent LCZ types are omitted for nowMore information on
the characteristics ofthe zone types isdetailed in Table 2.2 in the State of the Art.

Calculation of the Logarithmic Profiles

The logarithmic profile can either be calculated with an areawide roughness length (zo(domain) = 0.4)
or with individual roughness lengths depending on the location in the resampled LCZgrid (zo(LCZ)).
This results either in a single synoptic profile, as in the inlet airflow for the CFD calculation (see Figure
5.2), or specific profiles for each prevalent LCZ type. The procedure to model these profilessrepresented
in Figure 5.19.

Dominantzonetype . .
(mode log_windspeed_at_height_hx
LocalClimateZones AdjustGrid Logarithmiowind law Calcll(l)lgts_rgﬁipsemflc
Mesoscalevind scenario @

Mesoscalgoughness L Calculatemesoscalevind
Logarithmiavind law -
length log. profile

Figure 5.19: Procedure to model the LCZ speific logarithmic profiles for the experimental area

The profiles cannot reflect the different wind scenarios in the cardinal direction, since the mesoscale
wind does not consider changes based on the direction on the wind and instead stays at a constant
5 m/s for uo. For the calculation, the previously defined function log_windspeed_at_height_his utilized

(see Chapter4.3.1).
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The visualization of the profiles in Figure 5.20 indicates that the difference between areawide (black)
and LCZ specific profiles (red) is minor, except for LCZ types with significantly deviating roughness
lengths, such asCompact Midrise Open High RiseDense Tregesand Low Plants The combined plot of
averaged CFD wind speeds for specific LCZ typeleads to two observations. Purely logarithmic profiles
are providing wind speeds greater than identified in the CFD simulation, especially for lower heights.
For Compact Midriseand Open Midrisethe graphs of the CFD wind speeds appear to form an exponential
curve closer to the ground. As listed in Table 2.2, these LCZ types feature a respective roof height of 30
and 25 m. For six out of nine displayed LCZ types, he simulated wind speeds at 50meters below the
mesoscale wind speed assumed to be &/s, indicating an impact of upstream and downstream effects
and increasing the deviation from the logarithmic profile.
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Figure 5.20: LCZ specific (red) and domain wide (black) logarithmic wind profiles for the mesoscale
scenario of 5 m/sin comparisons to averaged CFD results for the cardinal wind directions

The impact of upstream and downstream effects becomes clearer if the representation is split into
geospatial categories and the values for different LCZ types are not averaged over the whole
experimental area. Such plots are located in the Annex inl.1 to 1.4, and confirm the observation that
even in altitudes of 50 meters the impact of the wind direction scenario is noticeable. E.g., for south
wind scenarios, top layer speeds in thenorthern part of the domain are reduced.

Calculation of the Exponential Profiles

The purpose of the exponential profiles is to further refine the results of an analytical model. Theoretical

considerations in Chapter2.2.3 and the results in the previous section indicate that the wind speeds in
more complex areasdecrease stronger than a purely logarithmic rate. The exponential rate is defined by
the average roof height (hg) in an LCZ, and the reference wind speed (uer) at this specific layer. As
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described in Figure 5.21 the LCZ specific roof heights can be extracted directly from the original LCZ
categorization, since there is no specific limitation to the lateral extent of the effect. The vertical
limitation is z < 0.15 h g, below this height, exponential profiles should not be used (Oke et al., 2017).
Two options exist to retrieve the required reference speed at rod height, either by utilizing the previously

calculated logarithmic wind profile or directly consuming the wind speeds provided by the CFD
simulation at the location of interest. These parameters are utlized in the function

exp_windspeed_at_height_hgpecified in Chapter4.3.2.

exp windspeed at_height hx

Local Climate Zones Exponential wind law Calculate LCZ.spemﬂc
exp. profiles

Option 1: Results of the
logarithmic profile

Option 2: Results of the
CFD simulation

Figure 5.21: Procedure to model the LCZ specifiexponential profiles for the experimental area

Eligible zones are listed and detailed in Table 5.6. The largest population of CFD data output is in the
zones with an hg between 25 and 30 meters. Areas with an average height of 15 metersHeavy Industry
and Scattered Treesre less numerous.Areas with an hg < 15 meters cannot be reflected with this
method, due to previously noted vertical limitation and the cutoff height of the simulated values at 10
m.

Table 5.6: Urban canopy parameters for eligible LCZ types in the experimental area

LCZ Type hr Zo[m] | n LCZ Type hr Zo[m] | n
[m] [m]
Compact High Rise 30 2.00 2340 Open High 30 1.00 40131
Rise
Compact Mid Rise 25 1.00 23022 Open Midrise | 25 0.25 25956
Dense Trees 30 2.00 29412 Scattered Trees| 15 0.5 2340
Heavy Industry 15 0.50 4464

The visualization of the newly calculated wind profiles for each considered layer is depicted in Figure

5.22. The black lines represent the exponential (solid) and the logarithmic (dash-dot) segments of the

locally idealized profiles, and the red line (dash) is the particular h & for the respective LCZ The colored

lines indicate the profiles for the layers available in the experimental and areb wc b g | rfc qgms
directions. The 5x5m grid information has been summarized for improved representation by the
200x200m grid utilized in the previous logarithmic evaluation. In consequence, a minority of the curves

feature an erratic course.

The analysis of these plots demonstrates two significant observations: most of the wind profiles indicate
a precise exponential shape in the lower profile segment that resembles the urban canopy layer,
especially in the area below the average roof height k. Second, the analog displayed logarithmic profile
would produce wind speeds higher than most of the curves from the CFD simulation values. The
exponential curves imply a closer fit. Qutliers are predominantly identified in the south wind scenario
data (light blue) and the zone type Dense Trees
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Figure 5.22: Comparison of LCZspecificexponential wind profiles with CFD samples

To obtain a comparable indicator for the actual level of adherence, a second plot in Figure 5.23
represents the correlation factor R (Pearson Metholl Therefore, the exponential wind profile values are
extracted and related to the original simulation values. R = 0.85 indicates a significant correlation
between the simulated values and the expected values of the exponential wind law. The corresponding
p < 2.2e-16 leads to the conclusion that the observed correlation from the sample is correct and not the
result of pure chance (p> 0.05). As in the previous visualization, the outliers are identified amon g the
LCZtype Dense Tree$R = 0.57) and the southern wind direction scenario (R = 0.82). Plots with a
separate examination for each wind direction scenario can be obtained from AnnexG.
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Figure 5.23: Correlation between simulated and exponential wind profiles

Calculation of the Combined EXPLOG Model

The final analytic model combines the logarithmic and exponential component of the wind profile in a
single model. This enables a more granular and realistic calculation of profiles based on the empirical
equations determined for the SL and UCL (see ChapteB.3.5). The model can retrieve the top layer speed
(50 m) either from the model or the simulat ed values. The required UCPs (2, hg) are obtained from the
prevalent LCZ. Opposing to the previous components of the analytical model more LCZ (13 different
combinations) are covered. The reference speed required for the exponential part of the model is passed
down from the logarithmic part of the calculation when the roof height is undercut. Non-eligible zones
feature a purely logarithmic profile. The EXPLOG model is built agnostic to any data creation efforts
other than categorizing the respective area into LCZ types. On the downside, it nust discount notable
effects of the different wind direction scenarios if not adjusted with local wind speeds.

5.3.2 Analytical Model Output

The results of the analytical EXPLOG model are visualized in the plot inFigure 5.24. As previously
discussed, it features the combined exponential and logarithmic profiles for the complete list of LCZ
types in the experimental area, based on the local UCPs and an initial mesoscale wind speed at the top
layer height. The graphs show thatfor zones with a low z, (Large Low RiseSparselyBuilt, Bare Rocks
and Pavedand Low Plantg the profiles feature a minor decrease in wind speed with increasing depth in
the UCL. Since the roof height is below the threshold there is no exponential part. The strongest impact
is noticed for Compact High Rise, Dense Treesid Open High Risgefollowed by Compact Midriseand Open
Midrise. The transition from a progressive to a degressive curve is clearly recognizable. The model output
wind speed Wvod iS given as a fraction of the top layer velocity vso. It illustrates that top layer wind speeds
can be reduced by up to 57% for the most complex sheltered LCZs.

Please note that the representationfeatures overlapping curves for zones with identical UCPsas listed
in Table 5.6.
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Figure 5.24: Combined logarithmic and exponential wind profiles for the analytical model

The model output for the hyperlocal measurement stations calculated with the mesoscalewind speed
of 5 m/s in 50 meters height, is depicted in Figure 5.25. By design, there is no difference in between
cardinal directions of the scenariosand the model can only compute a mesoscale wind speed declining
with increasing depth in the UCL. At the reference position of station DA, a wind speed of 3.56m/s is
calculated. This location is at higher altitudes than the other stations. DAL, DAL3 and DAL4 are all
located close to each other and at the same height, which results in similar UCPs asha constant expected
wind speed of 2.23 m/s. Station DALS5 is located in a different area but at the same height. The different
LCZ in that area results in higher wind speeds of 3.25m/s.
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Figure 5.25: EXPLOG model output for the stationsin the experimental area for the cardinal directions

5.3.3 Comparison of the Analytical Model Output with the CFD Output

As in the previous studies, a correlation test is performed to receive an objective criterion measuring the
guality of the approximate modeling technique. The EXPLOGmModel is used to derive two different data

sets. First is a version based on the top layer wind speeds retrieved from the simulated data. This set
amkn_pcqg rfc kmbcj %q eclcp_j _bfcpclac rm rfc qgk
only uses the 5 m/s mesoscale windspeed at 50 meters. It resembles an agnostic approach, much dlar

to the data-driven models. The first version is expected to correlate stronger with the simulated data

than the exclusive calculations based on the logarithmic wind law. The performance of the second

version requires a comparison to the datadriven models to be contextualized correctly.

Figure 5.26 (left) represents the first correlation test for the ideal case of omniscient information about
the top layer. The scatterplot provides a result of R= 0.82, which indicates a closer linear relationship
between simulated and remodeled values. Outliers aredentified for areas of Dense Tree@R = 0.58) and
minimal for Bare Rocks or Pave(R = 0.90). It is noticeable that most value pairs are sorted tight left of
the regression line. This implies that the remodeled values are frequently slightly higher than the
simulated reference. In contrast, the outliers on the right side of the regression line aremore distant. In
particular, the Dense Trees areas (violet) are remodeled with lower wind speeds than simulated.
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Figure 5.26: Correlation between simulated and modelled with (left) and without (right) exact
knowledge of the top layer speed

The second correlation test is demonstrated in Figure 5.26 (right). The spread of data points is
recognizably larger than in the first version, mainly in the top speed area. Outliers in the bottom right
and top left are of similar origin as before. Omitting the simulated top-layer wind speeds for the
calculation leads to a reduced linear relationship of R= 0.68.

5.4 Hybrid GBM Machine Learning Model

This chapter focuses ontraining, testing, and optimizing a machine-learning algorithm for downscaling
mesoscale wind information in an urban environment. It is the core part of the WIU system, which is
illustrated in Figure 3.4 and explained in Chapter 3.4. As all machine learning models are driven by data,
creating and processing alarge set of suchis required. The absence of suitable wind field information
for the experimental area necessitates synthesizing this data through simulation and local
measurements with the results presented in the previous Chapters5.1 and 5.2. The model aims to
identify and represent patterns in the variation of mesoscale wind speeds by considering different layers,
wind directions, and contextual information. This additional information covers the type of local climate
zones, specific parametes linked to physical principles, or the distance to actual ground-based
structures. The optimal composition and geospatial collocation of the training data are subject to the
study described here. Applying the model to new data instances separated from the training data,
enables testing and optimizing the final solution candidates without bias.

The first part of this chapter summarizes the resulting concept for realizing the model. Next, the actual
implementation of the algorithm is detailed, six different dataset variants (MLCZQueen, MLU., MOBS,
MLCZRook, ZOHR and ZOHR-ARSHK are described, and parameter tuning is introduced. A method to
determine the best solution candidate is elaborated, and the results are presented. A finakvaluation of
the two best-performing models is performed in Chapter 5.4.3.

The three main pillars of the concept are represented inFigure 5.26. The initial step, which included
creating, preparing, and validating data sources, is described in the previousChapters 4 (external
datasets) and5.1- 5.3 (modelled dataset). In summary, a CFD simulation was used to create a dataset
that sufficiently reflects low -level wind fields in a defined urban experimental area. The degree of realism
was validated successfully with realworld measurements in proximity to local, ground -based structures
and with applicable physical principles for the roughness sublayer and the UCL. The next step is to train
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and test a datadriven model utilizing machine -learning algorithms: gradient-boosted machines (GBM)
are selected and adapted as described in the next sectiorb.4.1. This involves a series of iterative
approaches and sequential improvements, as typical for this type of algorithm &ee Chapter2.3.2). The
final stage is to choose the supposably optimal ensemble based odifferent tested layouts of the training

datasefs and the associatedcomposition and collocation of UCPs

PreviousChapters GradientBoostingMachines MAPE / CORR COEF
Creation Preparationand Training andrestingof Selectiorof Optimal
Validationof Data MachineLearning Models SolutionCandidates

Figure 5.27: Concept outline for GBM model creation and selection

Because of the imperfect nature of any modeling, this step is required to ensure that the best possible
fits are chosen for further improvement and in-depth validation efforts. The practical integration will
feature a combination of internal and external optimization measures, for instance, the gradient descent
algorithm based on the MSE, hyperparameter tuning, adjusment of training features, and manual
selection based on absolute error and correlation performance. This process is detailed in the next section
of this chapter.

5.4.1 Training and Testing of Gradient Boosting Machines

The training and testing are segmented into several experimental stages, elaborated in the following
subsections and depicted inFigure 5.28. First, a variety of different training datasets is tailored. This
aims at the hypothesis that the characteristics of neighboring cells are a decisive factor when remodeling
a high-resolution wind field in an urban environment. The sets represent different approaches for
reshapingand populating this information with diversefeaturesprepared in the data preprocessing step
The second is splitting the original data into two partitions C one for training and the other for testing
purposes. This traintest split is required to evaluate efficiently how the model performs when predicting
with unseen input data. The exact fraction reserved is part of the parameter list for hyperparameter
tuning. Herein, the values of several parametersfor the GBM algorithm are varied to find the most
effective and efficient settings for model training. In this step, only a few trees populate the ensemble
model, saving computational effort. A subset of models is then preselected and sequentially increased
until a sufficient performance level without overtraining is achieved.
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Figure 5.28: Process overview for training and testing of the GBM models for WIU
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Training Dataset Composition and Collocation

This section summarizes the characteristics of the different training datasets, which are illustrated in
Figure 5.29. A - F. It is noticeable that the datasets feature two different types of collocation or a

combination of such. The first is the so-called Rook case; the second is the Queen case. Both are common

ways to consider the neighbor relations in a given grid. The difference is that Rook considers only the

common sides of the polygon, whereas Queen also features the values in the common vertices. This is

used to extract the featured values for UCPs of neighboring cells. The collocation does not exclusively
representthe immediate contiguity of data but adds an offset a or b between the cell in the center and
cvrp_arcb Il cgef mp acjj%g t _jsc, Rfgg _gkg rm
the environment at some distance to the center cell. Thehypothesisis that the distance is required to
represent differences in the features of neighboring cells so that the data shows distinct patterns for
training. In contrast, the common contiguity is likely similar to the center cell and omits relevant
information for determining wind speed changes.

All versions also feature the conditions of the core cell in a similar composition as defined for the
surrounding grid plus the wind direction scenario and the layer height. The compositions of different
feature types per dataset are explained in the followving list and refer to the depicted examples in Figure
5.29:

MLCZ QUEEN MOBS MLU
o o o o o o o o o
.
b} 0
(®) [ (o) O OenO O o I:IDI:I o
e o o (8] o o o (q) o o o
MLCZ ROOK ZOHR ZOHR ARSF
o A A A AD AP AD
v Vv Vv 4V 4V qV
A A A AD AD
© i ° v .V v qVv 4V
o A A A AP> AP AD
D] E|l v v v| (|47 4V «V
@ Center (as all others) O Obstaclesifoolear) V hg (numeric) D> < (numeric)
O LCZ type (factor) A 7, (numeric) < H/W (numeric)

Figure 5.29: Different compositions and collocations of UCPs for the training dataset

MLCZ-Queen (A) and MLCZ-Rook (D) extract LCZ types as factors from the original grid in a 5x5 meter
resolution. This means that in addition to the value of the center cell, the training data represents the
LCZ types of the eight surrounding cells for the Queen case or, ignoring the comma vortices, four cells
for the Rook case, respectively. The offseh is set to 100 meters for the tested variants presented in this
work. The hypothesisfor these two cases is that the Queen case allows a more distinct repientation of
different patterns that lead to certain wind speeds in an area because it allows a better representation
of upwind conditions.

The MOBS (B) version is similar to the previously described Queen case for LCZ information. Itadds a
piece of binary data (true/false) about the presence of structures near the center cells (offsetb = 10 m).
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The exclusive use of LCZ types as features cannot provide this information. An algorithm is used on the
original dataset to determine if neighboring cells in a Rook case are blocked or occupied. This change
can lead to an overall incremental improvement of the trained model but a particular enhancement close
to structures that shelter an area and reduce wind speeds accordingly.

The upwind-only dataset MLU (C) is built upon the MOBS version. It restricts the available information
based on the original wind direction scenario so that only upwind grid cells are considered. The
respective area is divided into four triangles, each starting from two outer vortices and ending in the
central cell. All adjacent and covered cells of the MOBS version are then extracted. This composition
aims to fortify the effect of upwind cells on wind speed in the center cells. For example, in north wind
scenarios, only information covered by the upper triangle should be relevant for recognizing patterns by
the machine-learning algorithm. When trained on the previously presented dataset compositions, the
machine-learning algorithm can freely select information from any related neighbor cells available. In
the case of the MLU, the available data is restricted so that the machindearning algorithm can only
train on patterns originating in the upwind area. This arrangement hypothesizesa further improvement
of the performance of the final algorithm.

In ZOHR (E), data collocation is also provided in a Queen case, but with a different composition of
features. Here the LCZ types are translated into empiric values for the individual z and hg, taken from
the referred literature. They have been provided amongstin list of UCPs inTable 2.2. The validation
efforts for the synthetic training data have indicated a correlation when using these parameters to apply
the logarithmic and exponential wind laws (compare Chapter 5.3). Since two parameters replace a single
LCZ type, the datasets are more extensive than the MLCZ versions. When providing the machinearning
algorithm with the same data, an expected outcome is an additional improvement of the results
compared to the other compositions. At the same time, the risk exists that similar parameter ranges
createidentical patterns in the data, although the LCZ types are different. This might not be represented
in the actual results of the CFD simulation because it was not created based on these exact parameters

Z0HR-ARSF (F) is the final variant of training data tested in this study. In addition to the z ¢ and hr
parameters, the data features two more characteristics identified by the LCZ framework: the aspect ratio
H/W of urban canyons in a tile and the local surface fraction 1, the area fraction covered by buildings.
Including these parameters aims to provide additional information about the actual surface

characteristics that are, on the one hand, decisive for detectingreoccurring patterns in the wind fields

and, on the other hand, generalizable enough to be transferred to other areas.

Data Dimensions and Train -Test Split

The previously explained dataset variants originated from the simulated CFD data, the associated LCZ
information, and the record of ground -based structures. Since the CFD data provides the response
variable (windskalar_mg, it determines the length of the entire training dataset. Additionally , it provides
the height, the wind direction scenario, and the UTM coordinates, which are omitted for the training
dataset to avoid training based simply on the location. They are just used to reference the LCZ and
obstacle information and for visualization of the test dataset at a later stage. This comprises 1,185,441
observationsin 5 columns with a resolution of 5x5 meters in 9 layers up to 50 meters in height. The LCZ
information is scaled down to a similar resolution and processed as earlier described. For a Rook case,
this adds four, and for a Queen case, eight new columns containing factorized LCZ data. In the case of
Z0OHR and ZOHRARSF, the LCZ informationis split into two, respectively, four numerical values defining
local environment characteristics. The datasets with adjacent obstacle information require four columns
to represent this specific information. This results in a particular number of features per dataset variant,
summarized in Table 5.7. Together they represent several individual combinationsand possiblepatterns
related to the response variablethat the GBM algorithm can leverageto train the model. This becomes
relevant when determining if the data amount is sufficient to be split into a training and validation data
set. The number of unique patterns is calculated by identifying distinct combinations of features for each
of the dataset variants. It should be mentioned that the values for ZOHR and ZOHRARSF are evaluated
as singular features, but the algorithm will treat them as the numeric values they are. The outcome is
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that for the dataset with the most unique patterns, the MOBS, each should beavailable 42 times in the
1,185,441 observations on average

Table5.7: Statistical information about the six different dataset variants

Dimensions and unique patterns for dataset variants
Dataset type MLCZ- MLCZ MLU MOBS | ZOHR ZOHR-ARSF
Rook Queen
Observations 1,185,441
Number of 7 11 7 15 20 38
features
S | 2951
. 11413 | N | 3321
Unique patterns 12742 18559 28260 | 19640 20900
(sum) ['E | 2590
W | 2551

Since it is not confirmed how the unique patterns are distributed internally, the risk of imbalance cannot
be eliminated for now. But the overall proportion to the entire set of observations appears to be large
enough to use methods based on data partitioning in the next steps ofthe process.

Hyperparameter Tuning

The Machine Learningalgorithm GBM allows an adjustment of the training process with several different
hyperparameters, which have been explained in more detail in Chapter 2.3.2 and in the programming

guide of Boehmke (2022) . Different combinations and variations of those parameters are tested by
amkn_pgle rfc kmbcj g% npc bigiagthetraning prquessrapdkdetermicing Rf ¢
an effective and efficient configuration is possible before investing great computational efforts into
creating a large forest of sequential trees. Instead of adjusting one parameter at a time manually, it is

less complex to combine a set of different specifications in a matrix and iterate through these optons
automatically. However, these parameters' specifications are not random but follow distinct
considerations explained in the following paragraphs.

The interaction depth K determines the number of splits in the single trees. These splits enable the
decision tree to set up an equivalent number of ifthen rules to separate the space of input variablesThe
algorithm creates an additive model in the particular case ofonesplit, which is called a stump. Practical
applications of this parametrization have indicated accurate results with small trees (about five splits)
and stumps: according to Natekin and Knoll (2013), there is evidence that more complex tree structures
with up to 20 splits do not result in benefits. For the modeling performed in this research, stumps (K =
1) are tested, as well as trees with K= c(4, 8).

The shrinkage rate 1gem controls the impact of follow -up base learners added to the model. By reducing
this parameter, the boosted increments are lowered, and a better generalization can be attained at the
cost of convergence speedNatekin & Knoll, 2013) . Determining the optimal 1ggm is balanced with the
number of trees necessary to achieve adequate model performanceThe values tested in the
hyperparameter tuning are 1gsv = ¢(0.3, 0.1, 0.01), which captures infinitesimal and more significant
steps.

However, subsampling is a known method to improve model generalization while reducing
computational efforts (Sutton, 2005) . At each training step, only a fraction of the available data, the so-
called bag fraction , is randomly selected With a value < 1, the algorithm is introduced to stochastic
gradient descent that can allow finding a global minimum more efficiently instead of staying with a local
minima/plateau (Boehmke, 2022). Furthermore, reducing sample size can help process large datasets
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but increases the risk of neglectingfewer combinations of variables. Since the data used in this study
features imbalanced zone types (se€Table 4.3), the standard parameter for the bag fraction of 0.5 is

increased to c¢(0.65, 0.8, 1). Although this might increase the number of iterations required to reach

acceptable model performance, it shall protect overseeing more unique patterns in the data.

The bag fraction should not be confused with the train fraction , which reserves a fixed portion of the
amknjcrc b_r_ qgcr d mp rcqrgle rfc kmbcjg% ncpdmp
presented here, 75% of the data is used for training, and 25% is used for testing by a computation of
out-of-sample edimates.

C_af rpcc%g rcpkgl _j | mbc apc_rcb “~w rfc _jempg
parameter n.minobsinnode defines the minimum number of observations when the algorithm is
allowed to stop growing the tree. Still, it does not influence the input variables' total weight (compare
(Ridgeway, 2020)) u f c | _tcp_egle rfck rm pcacgtc rfc rpcec
regression problem, as studied here, can be solved efficiently with a number higher than one. A typical
standard value is ten observations for the terminal node. Since the diferent training datasets are not

equal regarding their feature dimensions, which may lead to varying optimal node sizes, the range of

the parameter is set to ¢(4,8,16).

Cross-validation folds are an additional measure to prevent the GBM from overfitting the models. It
enables the algorithm to detect overfitting during the iterations and determine the optimal number of
trees required. Since GBM, by design, keeps minimizing the overall error byadding sequential trees to
the forest, it is prone to develop unfavorable generalization properties depending on the number of
iterations, the hyperparameters, and the data characteristics. Consequently, the number of folds is set to
three to prevent this effect. This meansthe reserved training fraction will randomly split into three
partitions, MI¢c md rfc rfpcec prgrgmlg ggqg _ju_wg fcjb
validation error, which can serve as a metric for model generallzatlon (compare Ridgeway (2020)). This
measure will not be used during the hyperparameter tuning since it significantly increases the computing
time. Instead, the tuning process will rely on the RMSE created with the 25% of data reserved for testing,
and crossvalidation folds are then used for the selected model candidates.

Table 5.8 summarizes all detailed hyperparameterscombined in a matrix to determine the specification

for 3% = 81 different modeling approaches The individual RMSE is captured and used to rank the
combinations by looping through the specifications. During this tuning process the model size is limited

to 100 trees for the smaller datasets (MLCZRook, MLCZQueen, and MLU) and was increased t0250

for the larger datasets (MOBS, ZOHR, and ZOHRARSF).This shall reflect that the sets with more features

eventually require more iterations to allow a clear judgment on selecting ideal hyperparameters

especially regading identifying early overfitting . The three bestperforming datasets are chosen for
further modeling and analysis and expanded based on the specified parameters and with active cross
validation folds.

Table 5.8: Variations of hyperparameters for tuning the GBM models

Variations of hyperparameters per type of dataset

Dataset type MLCZ-Rook, MLCZQueen, and MOBS, ZOHR, and ZOHRARSF
MLU

Interaction depth 1 4 8 1 4 8
Shrinkage rate 0.3 0.1 0.01 0.3 0.1 0.01
Min. observations in 4 8 16 4 8 16
node
Bag fraction 0.65 0.8 1.0 0.65 0.8 1.0
Train fraction 0.75 0.75
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Variations of hyperparameters per type of dataset

Crossvalidation
folds

Tuning iterations

3 (disabled for tuning) 3 (disabled for tuning)

max. 100 trees max. 250 trees

The key results of the tuning process are summarized inTable 5.9. Based on the RMSE, the models are
ranked to identify suitable dataset types and their particular hyperparameter settings. MLCZQueen,
MLU, and MOBS datasets indicate the best performance in a range close to 0.50, even with a lower
shrinkage rate of 0.1. On the contrary, the tests with ZOHR and ZOHR-ARSFprovide results of 0.69 and
0.661. At the same time, the first 100 iterations for that dataset types indicate signs of early overfitting
when plotting the RMSE curve: a strong separation of the training and the validation error. This
observation is repregnted in Figure 5.30; the dashed lines indicate the training error and are at the
same level of accuracy as the other datasets at the beginning of the iterations. The solid lines represent
the validation error, which is significantly less accurate and separates from the trainng error.
Consequently, the number of iterations was increased to 250 to inspect that behavior. It turns out that
the models for these datasets do not improve the prediction for unseen data after more than 179 and
163 iterations, which are highlighted wit h black circles. The procedure has also been used to inspect the
third largest dataset (MOBS) but without any indication. The other datasets appear unaffected by a
spread of the training and validation error since the plotted lines nearly match each other. The minimal
dataset provided, MLCZRook, shows no signs of overfitting but performs significantly worse (RMSE =
0.597) than the alternatives. The models trained with the three datasets MLCZQueen, MLU, and MOBS,
are selected for further computational investment with the identified optimal hyperparameters. The
hyperparameters for a smaller number of features are homogeneous: shrinkage rate is medium (0.1),
and the number of observations in the terminal nodes is low (4). For the larger sets, the shrinkage rae
increases to 0.3 and the number of minimal observations to 8. A similar effect is observed for the bag
fraction. With an increasing number of features, the algorithm provides better results when a higher
stochastic component is added. None of the analyed models benefits from stumptrees with an
interaction depth of 1.

Table 5.9: Bestperforming combination of hyperparameters based on RMSE

Optimal combination of hyperparameters per type of dataset
and resulting RMSE
Dataset type MLCZ- MLCZ MLU MOBS ZOHR ZOHR-
Rook Queen ARSF
Number of features 7 11 7 15 20 38
Interaction depth 8 8 4 8 8 8
Shrinkage rate 0.1 0.1 0.1 0.1 0.3 0.3
Min. observations in 4 4 4 8 8 8
node
Bag fraction 1 1 1 0.8 0.65 0.65
Train fraction 0.75 0.75 0.75 0.75 0.75 0.75
The optimal number 100 100 100 250 179 163
of iterations
RMSE 0.597 0.498 0.521 0.458 0.690 0.661
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Figure 5.30: Training and validation error (RMSE) of the six GBM models durind00i 250 iterations

Increasing Consecutive Model Size

The consecutive step of identifying optimal hyperparameters for the different training datasets is the
sequential increase of forests to create final models for predicting downscaled wind information in the
experimental area. For the three selected dataset, the particular forests are sized up to 3000 iterations.

As pointed out in the previous section, the improvement of the validation error may be slowed down or
discontinued after an unknown number of iterations. A significant decline, however, is a potential
indicator of overfitting. The activation of crossvalidation folds aims at reducing the chance for such
deterioration of the model performance. It comes at the cost of additional computing power, but still,

rfc kmbcj %g rp_glgle a_|l ¢ _aamknj gq f-a-art hardwaréd ms p
specified in Annex H.

Model Selection Process

Three metrics are calculated during training to compare the resulting models with an increased forest
size. This performance score is deducted based on the RMSE, the croaalidation error (CVE), and the
MAPE. In addition to that, the difference between the training and the validation error is monitored over
the increasing number of iterations. Due to the infinitesimal steps provoked by the shrinkage rate of
leem = 0.1 and the measures to avoid overfitting, the performance gain per additionally, fitted model
may slow down to an increment long before actual overfitting is detected. This aims to assess if the 3000
trees are sufficient and if additional trees would only provide marginal improvements.

5.4.2 GBM Model Output

After training the GBM models to the final size of 3000 trees, the following results were obtained (see
Table 5.10). The best performance score based on RMSE, MAPE, and CVE has been achieved by the
models trained with the datasets of MLCZQueen and MOBS. The chosen metrics practically indicate no
difference between those two models at the final stage and an aggregatdevel of predictions with an
RMSE of 0.41 +/- 0.0001 and a MAPE of 0.066 +/- 0.001. However, the model fitted for the dataset
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MLU performs roughly 20 percent worse and could not improve significantly compared to the smaller
model created with only 100 iterations (RMSEwmLu, m=100 = 0.521).

Table 5.10: Final error metrics of the models MLCZA), MOBS and MLU compared with the analytical
model

Method, Dataset Model size RMSE MAPE CVE
GBM,  MLCZ 0.41035 0.06696 0.41064
Queen

GBM. MOBS 3000 trees 0.41023 0.06624 0.41043
GBM, MLU 0.49610 0.07928 0.51110
Analytical Model, - 0.97814 0.31175 -
LCZ

Visualizing the root mean squared error loss (A C) over the entire iterations in Figure 5.31 confirms that

the incremental steps lead to infinitesimal improvements with increasing iterations. However, no

overfitting was detected until the maximum number of trees (M = 3000) was reached. In contrast to the
MLCZ-Queen and the MOBS model, MLU appearsloser to stagnation regarding model performance
when considering the improvement per iteration, as depicted in Figure 5.31. The green line represents
the MLU dataset variant and its variation of the validation error scatters above and below the x-axis. In

contrast, the other two datasets still indicate a decreasing but existent gain in accuracy.
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Figure 5.31: Training and validation error (RMSE) of MLCA), MOBS and MLU during 3000 iterations
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Figure 5.32: Stepwise improvement of the models MLCZQ, MOBS and MLU during 3000 iterations

The analytical model presented in Chapter 5.3 performs at a different level of accuracy, providing
predictions with an RMSE of 0.98 and a MAPE of 0.32.

For a better understanding of the predicted wind field data, it is helpful to view the data in a mapped
2D representation as previously done for the CFD simulation results in Chapter5.1.2. This aims to
identify the strengths and weaknesses of the selected datairiven models and visualize the achieved
granularity. The training dataset generated with a CFD simulation is depicted in. Figure 5.33 represents
the 2D prediction of wind speeds at ten meters height from the first selected GBM model, MLCZ, which
features the LCZ type at a local 5x5 meter grid, its neighboring grid cells LCZ types in the 106meter
bgqr | ac &Osccl %qg ndthegpreserit wind dinectipn s€enagce For ease of orientation
and comparison, the contour lines of the simulated wind data (black) have also been retained in this
plot.

The resolution of the depicted wind speeds is lower, and the wind speeds are significantly more
homogenous than in the original dataset. As expected, the granularity of the model output is limited by
the resolutionofthe LCZa _r cempgx _rgml _ I b rfc gldmpk_rgml amk
cells. Yet the visualized result indicates typical phenomena described in the previous figure: Sparsely
built areas, low-rise and unsheltered types maintain or establish higher wind speeds than areas
categorized as compactbuilt or high -rise. At the same time, areas surrounded by such sheltered areas
stay at low wind speeds of 0-1 m/s. As in the original dataset, the southern area of dense trees is
predicted with high wind speeds. The North and South wind scenario identifies a few typical urban
canyons It appears that only major canyons can be covered by the algorithm. The MLCZ model did not
extrapolate the vortices built in the original dataset and relate them to individual structures. As
previously identified, the East and West wind scenarios feature a coherent picture. Only the southern
area, which features a band of dense trees, is different. The lower wind speeds in the Eastern variant
can originate from the high and low -rise buildings at the bottom right o f the map plot.
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Figure 5.33: 2D map of MLCZQ model output at 10 m height

The second selected model, the MOBS, is supported with information on directly adjacent structures for
generating the prediction. This aims at an improved model performance close to buildings and other
obstacles covered in the 3D model of the experimentalarea. The first results in the previous sections
indicated that the MOBS model has a lower absolute percentage error closer to the ground levethan

the alternative models.

The first impression of the two-dimensionally plotted model output in Figure 5.34 does not feature a
significant difference between the MLCZ and the MOBS model. All observations made for the previous
figure are confirmed in this variant. The representation features a minor new detail: in the direct vicinity

of structures, the wind speeds in the adjacent grid cells are more detailed and divergent than in the
KJAX kmbcj %q msrnsr , @w r fc bcqggel md rfc rp_glagl
the provided wind speeds with the marginal phenomena that occur there. Since the graphical
representation is not ideal for evaluating this effect, the next section will use a subset of the data and

show the actual difference to the simulated wind speeds in a particular map excerpt.
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Figure 5.34: 2D map of MOBS model output at 10 m height

The hyperlocal model output of the two best performing models (MLCZ and MOBS) is represented in
Figure 5.35. For the station locations of DA and DALS5 the results are homogenous, the two models do
not feature a noticeable deviation. East, South and West wind scenarios indicate a larger discrepancy
between both models for DAL, DAL3 and DAL4. The results of the MBS model, which includes the
immediate vicinity of buildings and other structures resembled in the urban canopy, provides lower wind
speed values for these stations. Opposing to that, the results for North wind scenarios are similar for all
gr _rgmiors% j ma_r
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Figure 5.35: GBMmodel output for the stations in the experimental area for the cardinal directions

5.4.3 Comparison of Hybrid GBM with CFD Observations and Analytical Model s

The synthetic wind field data for the experimental area has been used to train GBM models that allow
recreating the hyperlocal wind speeds based on the layer height, the wind direction scenario, and
different local characteristics at the central point of interest and its surrounding environment. Two of
these models have been selected based on the best performance regarding the mean squared error:
MLCZ-Queen and MOBS. In this chapter, thesawo are further analyzed and evaluated to extract more
precise information about the hypothetical benefit of the proposed solutions by internal and external
validation.

An internal investigation is conducted to further discriminate between the two training approaches
covered by the selected models. First, the correlation of model output and the original, simulated data
is compared and split up by the different wind direction scenarios. Second, theabsolute percentage error
is determined for the overall wind profiles and compared with the previously created analytical models.
Third, the deviation between simulated and predicted wind speeds is displayed on a 2D map that show
a section of the experimental area in which several buildings and other obstacles are present. This allows
to visualize for both models how well they represent the boundary phenomena in the UCL.Finally, the
results of the GBM models are extracted for the hyperlocal positions of the micro weather stations and
compared with all previously introduced data sources.

Correlation of GBM Model Output with the Simulated Wind Field Data

The correlation plots in Figure 5.36 and Figure 5.37 oppose the locally referenced wind speeds of the
model output vuwoss and vmicz and the validation set of the simulated training data v sim. The color coding
determines the LCZ type that prevails at the specific location. Both representations depict nearly identical
scatter plots and show a strong linear relationship of Ru.cz= 0.94 and Rwoss= 0.95 for the dataset
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containing all four wind direction scenarios simultaneously. In both cases, the black line, indicating
linearity, starts with a minor offset on the ordinate, representing the modeled wind speeds. This can be
interpreted as an indication that the GBM models overestimate the lower wind speedscompared to the
original dataset. Similarly, the spread of the plotted points increases as their location is closer to the
origin. The outliers of both representations show no particular distinctiveness or commonality, apart
from the observation that sparsely built areas (light blue) appear more often at a distance to the black
line, which indicates a significant disconnection of the two plotted variables. This does not allow a

conclusion on the overall performance of this LCZ type. The statistical relevance for both analyses is
p< 2.2e-16.

R=095p<22e-16 R=0.94,p<22e-16

LCZ type

Compact High Rise
Compact Midrise
Compact Low Rise
Open High Rise

* Open Midrise
Open Low Rise
Large Low Rise
Sparsely Built
Heavy Industry
Dense Trees
Scattered Trees
Low Plants
Bare Rocks or Paved
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w
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Figure 5.36: Correlation between simulated wind speeds and MOBS (left) and MLCZX) model output
(right)
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Figure 5.37: Scenariaspecific correlation between simulated wind speeds and MOBS (left) and MLCX)
model output (right)

The second set of correlation plots in Figure 5.37 is split up by the different wind direction scenarios,
featuring wind from the East (E), North (N), South (S), and West (W). As in the previous analysis, the
differences between the two models are marginal. Both representations indicate that the wind speeds in
the East and West wind scenarios appeartoo high for the areas of dense trees. An observation thathe
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