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Abstract

The objective of this thesis is to assess the optimal power production and flight

trajectories of crosswind, ground-generation or pumping-mode airborne wind energy

systems (AWES), subject to realistic onshore and offshore, mesoscale-modeled wind

data as well as LiDAR wind resource assessment. The investigation ranges from small

scale AWES with an aircraft wing area of 10 m2 to utility scale systems of 150 m2.

In depth knowledge of the wind resource is the basis for the development and

deployment of any wind energy generator. Design and investment choices are made

based on this information, which determine instantaneous power, annual energy pro-

duction and cost of electricity. In the case of AWES, many preliminary and current

analyses of AWES rely on oversimplified analytical or coarsely resolved wind models,

which can not represent the complex wind regime within the lower-troposphere. Fur-

thermore, commonly used, simplified steady state models do not accurately predict

AWES power production, which is intrinsically linked to the aircraft’s flight dynamics,

as the AWES never reaches a steady state over the course of a power cycle. Therefore,

leading to false assumption and unrealistic predictions.

In this work, we try to expand our knowledge of the wind resource at altitudes be-

yond the commonly investigated lowest hundreds of meters. The so derived horizontal

wind velocity profiles are then implemented in to an optimal control framework to

compute power-optimal, dynamically feasible flight trajectories that satisfy operation

constraints and structural system limitations. The so derived trajectories describe

an ideal, or at least a local optimum, and not necessarily realistic solution. It is un-

likely that such power generation can be reached in practice, given that disturbances,

model assumptions, misalignment with the wind direction, control limitations and

estimation errors, will reduce actual performance.

We first analyze wind light detection and ranging (LiDAR) measurements at a po-

tential onshore AWES deployment site in northern Germany. To complement these

measurements we generate and analyze onshore and offshore, mesoscale weather re-

search and forecasting (WRF) simulations. Using observation nudging, we assimilate

onshore LiDAR measurements into the WRF model, to improve wind resource as-

sessment. We implement representative onshore and offshore wind velocity profiles

into the awebox optimization framework, a Python toolbox for modelling and opti-

mal control of AWES, to derive power-optimal trajectories and estimate AWES power

curves. Based on a simplified scaling law, we explore the design space and set mass
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targets for small to utility-scale, ground-generation, crosswind AWESs.
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Chapter 1

Introduction

A worldwide increasing energy demand caused by a growing population and industri-

alization, together with the greenhouse gas emissions associated with fossil fuels, and

their detrimental consequences, motivate the development of new, renewable energy

converters. Wind energy is among the most promising sustainable energy sources

worldwide. Conventional wind turbines (WT) have penetrated the market, as their

potential to generate power soared and their energy cost dropped. This type of wind

energy converter is predicted to contribute an even greater share to our electricity

demand in the future, considering that meeting the Paris climate goals [109] is only

achievable by increasing the total installed capacity more than three-fold by 2030 [78].

This transition not only requires new and innovative energy storage and grid integra-

tion technologies, but also the development of improved wind energy technologies.

Over the past years, 
oating o�shore wind turbines in Scotland [9] and Portugal

[47] have demonstrated the technology, which has the potential to unlock vast new

markets worldwide. Repowering, the replacement of existing WTs with new turbines,

allows for the continued operation of existing wind farms with higher yield and use of

fully depreciated transmission assets. The continuation of the current trend towards

higher towers and longer rotor blades, to increase rated power and capacity factor,

is expected to continue. The rated power of currently commercially available WTs is

about 10 MW [148], which is projected to increase to about 15 or 20 MW by 2030.

Flying, airborne wind energy devices are predicted to enter the market in the later

half of the coming decade and are assumed to generate power from lower wind speeds,

due to the proclaimed lower cut-in wind speed, at drastically lower levelized cost of

electricity (LCOE) [77].
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1.1 Airborne Wind Energy

Airborne Wind Energy Systems (AWES) present themselves as the next iteration of

wind energy converters with a higher energy potential and drastically reduced capi-

tal expenditure (CapEx). This idea can be traced back to Miles L. Loyd [87], who

proposed the idea of using tethered kites in crosswind 
ight to harvest energy from

the wind in the 1980s . These tethered aircraft aspire to tap into the presumably

abundant wind resource at high altitudes, unreachable to conventional, tower-based

turbines. The last decade brought the necessary improvements of sensor, computa-

tion, material and autonomous control technologies that enabled and accelerated the

development of AWES by a academia and industry. Loyd introduced the two basic

crosswind concepts, lift-mode, also known as ground-generation or pumping-mode,

and drag-mode or on-board-generation. The drag mode concept generates electricity

on-board by power-generating propellers which is then transported to the ground via

a conductive tether. The lift-mode concept generates power by pulling a tether from

a drum on the ground which is connected to generator. Once the maximum tether

length is reached, the aircraft reduces its angle of attach and returns to its initial

position, the tether is reeled in, and the cycle repeats.

This work focuses on the two-phase, ground-generation concept, as it is currently

the main concept pursued by industry after Makani Technologies LLC [90], the biggest

company and proponent of the on-board-generation concept closed in February 2020.

The development of ground-generation AWES is, among others, pursed by TU Delft

spin-o�s companies, such as AMPYX BV [3], Kitepower [79], but also Swiss company

TwingTec [143] and the AWESCO doctoral training network [11].

Low CapEx, lightweight design and small land use, which both concepts have in

common, allows for temporary or permanent small, o�-grid deployment, thereby en-

abling wind energy generation at previously infeasible locations. Large, utility-scale

systems promise abundant, cost-e�ective wind energy production. However, most of

these assumptions are based on simpli�ed wind, and steady state mechanical models.

Therefore, a deeper understanding of the wind regime well beyond the commonly

investigated lower hundred meters, as well as detailed dynamic system models are

necessary to make informed design, sizing and siting decisions. While several com-

panies demonstrated short-term autonomous 
ights, reliable long-term operation has

still to been proven, as the industry struggles with technical di�culties.

The goal of AWES is to produce cheap, renewable electricity and to enable wind
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energy production at locations inaccessible or economically infeasible to conventional

WT. This is often associated with harvest energy from stronger and more stable, high

altitude winds by the means of a tethered aircraft connected to a ground station. This

technology is currently going through a consolidation phase. However, many di�erent

concepts were initially developed and investigated by various research institutes and

companies. Figure 1.1 attempts to categorize the diverse range of concepts according

to [25]. These include turbines attached to tethered, lighter-than-air aerostats, ro-

tating Magnus e�ect systems, soft kites or rigid wings with on-board propellers that

function as generators. Over the last couple of years two main concepts prevailed: the

ground-generation, lift-mode orpumping-mode, and the on-board, drag-mode or
y-

generation. Both bene�t from higher apparent wind speeds due to crosswind 
ight,

which drastically increases the apparent wind speed and therefore the overall traction

force and power potential.

AWES

On-board
generation

Stationary

Crosswind

Ground-
generation

Moving ground
station

Fixed ground
station

Figure 1.1: Classi�cation of AWES concepts according to [25]

Compared to conventional, three-bladed WTs, crosswind AWESs replace the tower

and the inner rotor blade segment with a tether and the outer part with an auto-

matically controlled aircraft. This is motivated by the fact that the outer 30% of

the rotor blades generate more than half of the total power [33] while the structural

components of the inner blade are mostly responsible for carrying the mechanical

loads. This is visualized in �gure 1.2, with the on-board generation concept in the

center and the ground-generation concept on the right. As a result, expected AWES

CapEx is far lower than that of conventional WTs. A high power-to-mass ratio would

allow large-scale systems to provide energy at comparably low cost and circumvent

some of the criticism regarding the lack of recycling solutions that conventional WTs

are exposed to. A small ground station with its limited land use enables the ex-
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ploration of untapped, remote regions beyond what is economically and technically

feasible with conventional WTs, due to the associated tower and foundation cost as

well as transportation and maintenance challenges. Furthermore, operating at higher

altitudes or landing during calm winds reduces the visual impact of AWES and could

increase social acceptance.

Figure 1.2: Crosswind AWES replacing the tips of a wind turbine (left) with a
crosswind 
ying wind. Center shows the on-board-generation concept and right the
ground-generation concept.

However, this technology is not without problems and criticism, mainly proving

of reliable, long-term, autonomous 
ight, which is needed to not only gain social

acceptance, but also regulatory approval. To achieve commercialization, AWES need

to operate within airspace regulations and de�ne land use safety guidelines, which

also determines the number of devices per unit area, and therefore the overall energy

production of AWES wind farms. A major barrier to entry is the competition with

modern, high yield conventional WTs, which have already proven their reliability

and safety. Another unproven facet of AWES deployment is their noise production.

Furthermore, a report by the European Commission [147] mentions the necessity to

further investigate the wind resources and realistic AWES power potential.

1.2 Mid-altitude wind

The power output of any wind energy generator is dependent on the prevailing wind

conditions. In contrast to conventional WTs, AWESs can dynamically adapt their

operating altitude and trajectory to optimize power output and increase annual en-

ergy production (AEP), by 
ying at the ideal height with the best wind conditions,

while reducing wake e�ects [49]. Therefore, comprehensive knowledge of the lower-
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tropospheric wind regime is necessary in order to determine optimal AWES perfor-

mance. However, due a lack of widely available mid-altitude wind data, here de�ned

as heights between 100 m and 1500 m, many researchers and companies erroneously

revert to a simple logarithmic or exponential wind speed pro�le or coarsely resolved

reanalysis data sets [50, 5]. AWES operate within the highly-variable boundary layer,

which is why these estimates might approximate long-term average conditions, but

can not capture variations at the minute (typically 10-minute) or diurnal scale. Fur-

thermore, these simple models can not accurately represent the di�erences in atmo-

spheric stability or between onshore and o�shore.

We worked with Fraunhofer IWES to evaluate long-range onshore LiDAR mea-

surements up to 1000 m above ground (chapter 2). From this analysis we gained a

better understanding of 10-minute average, mid-altitude wind conditions, but also

learned about the limitations of LiDAR technology.

Through a collaboration with the Energy Meteorology research group at the Uni-

versity of Oldenburg and Fraunhofer IWES, we generated and analyzed mesoscale

weather research and forecasting (WRF) simulations, both on- and o�shore. These

simulation results were then implemented into an optimal control model to generate

realistic ground-generation AWES power curves, estimate AEP and cf (see chapter

4) and investigate the AWES scaling potential (see chapter 5). Using observation

nudging, we implemented the onshore LiDAR measurements into the WRF model,

to increase the accuracy of the model and improve wind predictions (chapter 3). An-

other application of this fusion is �lling gaps in LiDAR wind measurement, which are

particularly prominent in higher altitudes.

1.2.1 Wind LiDAR measurements

Recent advancements in wind light detection and ranging (LiDAR) technology enable

the measurement of wind speeds up to several thousand meters away from the point

of deployment at a relatively high temporal and spatial resolution. This technology

allows the analysis of transient wind conditions as well as their long-term statistical

evaluation, which chapter 2 describes in more detail. LiDAR are mainly used with

a horizontal orientation for wake tracking and wind turbine control, as well as the

characterization of the wind resource in the lower hundreds of meters. Using LiDAR

to measure wind conditions above 200 - 300 m is not common, as these altitudes are

currently not of economic interest, and data availability decreases with height.
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LiDAR devices measure the spectral shift between an emitted light pulse and

the returning light scattered back o� aerosols transported with the wind [118]. The

aerosol load of the air therefore limits the data availability of this measurement tech-

nique. As the primary aerosol source is the Earth's surface, the aerosol load decreases

with altitude and drops to levels too low for LiDAR devices to receive su�cient back-

scatter [100], making it particularly di�cult to measure at higher altitudes.

Chapter 2 analyzes wind data collected between 1st of September 2015 and 29th

of February 2016 at the `Pritzwalk Sommersberg' airport in north-eastern Germany,

which was chosen as a representative onshore location due to its favorable wind con-

ditions, re
ected by the wind park about 3.5 kilometers west of the location (see

�gure 1.4). Data availability of this data set decreased from more than 80 % close

to the surface to about 25 % at about 1000 m, due to particle load, cloud cover and

precipitation. Particle transportation aloft is highly dependent on atmospheric sta-

bility. A distinction between a statically stable, neutral and unstablestrati�cation is

made based on temperature (and to a lesser extent water content) pro�les. Unstable

strati�cation is characterized by strong vertical mixing and high turbulence intensity

(TI) due to the additional production of turbulent kinetic energy by buoyancy. In

a stable strati�cation vertical displacement of air parcels requires work to be done

against the strati�cation which results in less vertical movement.

We identi�ed statistically di�erent wind conditions based on surface heat 
ux

data, used as a proxy for atmospheric stability, from mesoscale WRF results. Using

k-mean clustering, two additional populations within times of negative surface heat


ux (SHF), associated with stable strati�cation, and positive SHF, associated with

unstable strati�cation, were identi�ed. The superposition of these states leads to

a multi-modal wind speed probability distribution, which is not accurately approxi-

mated with a two-parameter Weibull �t, a commonly used approximation of the wind

speed probability distribution for conventional WT. This multi-modality is particu-

larly dominant between 200 and 500 m. A large error reduction between measured

data and �tted probability distribution was achieved by superimposing two Weibull

distributions of times associated with positive and negative SHF.

As of now, no high altitude measurement device can reliably gather long-term, high

resolution, high frequency data in the second or sub-second time scale. Therefore,

the assessment of turbulence information at such heights is challenging. However,

previous studies have shown a correlation between LiDAR-measured TILiDAR and ul-

trasonic anemometer turbulence measurements for lower altitudes. We estimate TI
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Figure 1.3: Topographic map in northern
Germany close to Pritzwalk with the mea-
surement site marked by a blackX .

Figure 1.4: Photograph of the Galion 4000
LiDAR on the `Pritzwalk Sommersberg'
air�eld with wind turbines, about 3.5 km
away, in the background.

and its diurnal variation based on standard deviation and mean LiDAR measured

horizontal wind speed, which at 100 m shows comparable results to the Normal Tur-

bulence Model (NTM) turbulence classes de�ned by the IEC standard 61400 [27].

Our data show that TI decreases up to an altitude of about 400 m to 600 m, above

which it remains almost constant.

Chapter 2 contains more details on the LiDAR measurement technique and on-

shore measurement campaign. Data processing and �ltering, as well as the impact of

backscatter, precipitation and cloud cover is explained. Finally, the measured wind

data are analyzed in detail, and optimal AWES operating altitudes and power output

per wing area are estimated based on a simpli�ed, steady state model [128].

1.2.2 Mesoscale weather and wind model

Wind LiDAR measurements and mesoscale models both have their advantages and

disadvantages when assessing the wind resource, particularly at heights up to 1000
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m. Chapter 3 describes the setup of several weather research and forecasting (WRF)

simulations and analyzes the wind resource to complement the wind LiDAR measure-

ment data set with surface heat 
ux and temperature information, as well as wind

data when no measurements are available. The three nested domains of the WRF

simulation, as well as the LiDAR measurement location are shown in �gure 1.5. We

investigate the e�ect of implementing LiDAR measurement into the WRF model via

observation nudging, using OBSGRID [149], which nudges the simulation towards

the measurement data via a non-physical forcing term. We compare a simulation of

the area around the LiDAR measurement site at Pritzwalk with observation nudging

(labeled: OBS) to a reference study at the same location (labeled: NoOBS).

Figure 1.5: Topography map of the three WRF model domains (a) and a magni�ca-
tion of the innermost domain (b) with the LiDAR measurement site highlighted by
a white X.

Observation nudging only has marginal impact on simulated surface layer wind

speeds as ground e�ects dominate the WRF model. Wind speeds between 300 and 500

m above ground were most a�ected by observation nudging, with the e�ect decreasing

above these heights. Modeled wind speeds at these heights are statistically closer to

measurements, making this an adequate approach for AWES resource assessment, as

measurement availability decreases. Similar to chapter 2 we found that variations in

strati�cation, primarily those associated with the diurnal cycle, lead to a multi-modal

wind speed probability distribution, which is better represented by the weighted sum

of two Weibull �ts than by a single Weibull �t. Wind speed pro�les categorized by

Obukhov length, which is commonly used as a proxy for atmospheric stability, diverge
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with height. This indicates an inhomogeneous atmospheric stability with height, and

suggests that surface-based stability categorization is insu�cient for higher altitudes.

Optimal AWES operating altitudes and power output per wing area, estimated

based on a simpli�ed, steady state model [128], for both OBS and NoOBS wind speed

data sets show the highest potential at an altitude between 200 and 600 m. Above

these heights losses associated with elevation angle , so calledcosine losses[33], are

no longer o�set by wind speed increase with altitude.

More details can be found in chapter 3, which describes the WRF model setup,

the observation nudging process and its impact on the simulation in more detail.

Furthermore, our co-author Martin D•orenk•amper conducted an o�shore WRF simu-

lation for the area around the FINO3 research platform. Both, the one year onshore

NoOBS data set and the one year o�shore data set are used to assess the performance

of AWES described in chapter 4 and 5.

1.3 AWES power optimization and sizing

Unlike conventional wind turbines, which have converged to a single concept with

three blades, nacelle and generator supported by a conical tower, several di�erent

AWES designs are under investigation by numerous companies, universities and re-

search institutes [25]. Since this technology is still in an early stage, no unanimously

accepted, standardized power curve de�nition, which allows for the comparison be-

tween di�erent AWES concepts and to conventional wind turbines, exists. The power

of an AWES highly depends on the wind speed magnitude and wind velocity pro�le

shape (wind speed and direction variation with height), which determines the power

output as well as the optimal operating altitude and trajectory. Simple wind speed

pro�le approximations, using logarithmic or exponential wind speed pro�les, which

are often erroneously applied beyond earths surface layer [113], are still the standard

in most AWES studies. We implement the previously described wind data (see chap-

ter 3) into the aweboxoptimization framework [85], a Python toolbox for modelling

and optimal control of single and multiple-kite systems for Airborne Wind Energy,

to derive power-optimal trajectories subject to realistic, representative onshore and

o�shore wind conditions.

Furthermore, we apply a simpli�ed scaling law to explore the design space and

set mass targets for small (P rated = 145 kW) to utility-scale ( P rated = 3430 kW)

ground-generation, crosswind AWESs. The implemented aircraft model is based on
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the published Ampyx AP2 reference design [3] (see �gure 1.6) wing area is scaled

while keeping the aspect ratio constant (AR = b
s , b wing span,c chord).

Figure 1.6: Schematic of the tethered AWES aircraft with body frame coordinate
system (x; y; z). Aerodynamic lift L and drag D and side forceS, as well as rollp,
pitch q and yaw r moment resulting from the apparent wind speedvapp. Adapted
from [96] and [3].

1.3.1 AWES model

Generating dynamically feasible and power-optimal, periodic AWES 
ight trajectories

for a given wind velocity pro�le is a nontrivial task, given the nonlinear and unstable

system dynamics and the presence of nonlinear 
ight envelope constraints. Optimal

control methods are a natural candidate to tackle this problem, given their inherent

ability to deal with nonlinear, constrained multiple-input-multiple-output systems.

The pumping cycle of ground-generation AWES is formulated as a periodic optimal

control problem which maximizes the cycle-average AWES power outputP.
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The aircraft is represented by a 6 degree of freedom rigid-wing model with pre-

computed linear or quadratic approximations of the aerodynamic coe�cients, which

are controlled via aileron, elevator and rudder de
ection rates. We compare the

performance of the Ampyx AP2 reference aerodynamic model [3] to a set of high lift

aerodynamic coe�cients. Aircraft massmscaled and inertia Jscaled are scaled relative

to the Ampyx AP2 reference model (mref , J ref ) [94] according to simpli�ed geometric

scaling laws relative to wing spanb:

mscaled = mref

�
b

bref

� �

; Jscaled = J ref

�
b

bref

� � +2

(1.1)

We vary the mass scaling exponent� between 2.7, 3.0 and 3.3 to cover positive,

negative scaling e�ects, as well as pure geometric scaling. These values are comparable

to the ones in Makani's openly published technical reports [40]. Scaling the AP2

reference aircraft to the same mass and wing area as Makani's \M600 SN6", the

mass exponent would be equivalent to� = 2:72. The heavier, actually built air

frame corresponds to a mass scaling exponent of� = 3:23. However, it needs to

be acknowledged that Makani's on-board-generation concept is inherently heavier

than the ground-generation concept, because of propellers, generators and supporting

structures attached to the aircraft.

The AWES model includes ground station dynamics as constraints on the tether

force, speed, and acceleration. Besides ground station, material and tether con-

straints, 
ight envelope constraints, such as limitation on acceleration, roll and pitch

angle, as well as a minimal operating height, are imposed. The tether is modeled as

a single solid rod, which can not be subjected to compressive forces, an assumption

that is commonly made, assuming that the tether tension prevents tether bending.

However, in real deployment strong winds and centrifugal forces on the tether can

lead to signi�cant catenary pro�les and this will change the direction of the tether

tension force at the aircraft. Tether drag is approximated by dividing the tether into

multiple elements and calculating the apparent wind speed at each element individu-

ally. The resulting drag force is then distributed equally between the ground station

and aircraft.
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1.3.2 Implementation of wind data

For the purpose of this study, onshore and o�shore wind data are implemented into

the aweboxoptimization framework. Optimizing power production and AWES tra-

jectory for the each of the 1 year 10-minute wind velocity pro�les at both locations is

impractical and computationally very expensive. Therefore, wind data are clustered

using a k-means clustering algorithm [117], to obtain a set of representative wind

velocity pro�les for each location. The algorithm assigns each wind velocity pro�le

up to 1000 m, comprised of approximately 30 heights and 2 directions, to one of k

clusters de�ned by their respective cluster mean also referred to as centroid. These

centroids are calculated such that they minimize the sum of the Euclidean distances,

also referred to as \inertia" or \within-cluster sum-of-squares", to every data point

within each cluster (compare section 4.4).

Figure 1.7 shows the magnitude of these centroids, or average wind speed pro�les,

colored according to average wind speed up to 500 m, is shown. The associated,

color-coded annual centroid frequency is depicted below. A statistical analysis of the

clustered data reveals distinct annual, diurnal and atmospheric stability patterns.

Chapter 4 determines that few representative wind velocity pro�les (e.g. a low,

medium and high wind speed pro�le) from a small number of clusters (k=10, 20)

are su�cient to estimate AWES power curves and AEP. We chose pro�les with a

p-value of 5,50, 95, based on average wind speed up to 500 m within every cluster.

Wind velocity components are rotated such that the main wind directionu points

in positive x direction and the deviation v from it points in positive y direction,

assuming omnidirectional AWES operation. We interpolate theu and v components

using Lagrange polynomials to obtain a twice continuously di�erentiable function,

which is necessary formulate an trajectory optimal control problem that can be solved

with a gradient-based solver.

1.3.3 AWES power curve estimation

Due to the novelty of the technology, no unanimously accepted AWES power curve

de�nition exists. No standard reference wind speed, equivalent to wind speed at hub

height for conventional WT, or standard wind speed probability distribution has been

agreed upon. Determining these parameters is more complex than for conventional

wind turbines, as AWES change their 
ight trajectory and operating heights based on

prevailing wind conditions. In chapter 4 and 5 we derive optimal AWES power curves
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Figure 1.7: k-means clustered onshore (left) and o�shore (right) annual cluster-
average wind speed pro�les (centroids) for k = 10 (top). Comprising WRF-simulated
wind velocity pro�les depicted in grey. Centroids are sorted, labeled and colored in
ascending order of average wind speed up to 500 m. Corresponding cluster frequency
f for each clusterC is shown below.

from cycle-average power from clustered annual wind conditions. We determine that

a reference height of 100� z � 400 m is a good proxy for wind speed at operating

heights and therefore propose it as abscissa of the power curve. Using this reference,

onshore and o�shore power curves are almost identical.

Figure 1.8 compares representative power curves for AWESs with a wing area

of Awing = 50 m2, mass scaled with an exponent of� = 2:7 and high lift (circle)

and AP2 reference (square) aerodynamic coe�cients. The aerodynamic coe�cients

of the high lift wings are modi�ed as if leading-edge-slats and trailing-edge-
aps

were deployed. Results are based on three representative wind velocity pro�les (p5,

p50, p95 based on wind speed up to 500m) for each of the k=10 cluster using the

dynamic 6DOF aweboxmodel with a �xed tether diameter, and therefore �xed rated

power. Deviation from the average power curves, which can mostly be seen for onshore

winds (blue), are likely caused by local optima due to the shapes of the implemented

wind velocity pro�les. We estimate AWES annual energy production (AEP) and

capacity factor (cf) using these power curves and wind speed probability distribution
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at reference height. This enables the assessment of potential deployment sites and

enables the comparison to other sources of energy, particularly conventional wind

turbines. Similar to conventional WT, o�shore AEP and cf are generally higher than

onshore, due to bene�cial wind conditions.

Figure 1.8: Representative AWES power curves of both sets of aerodynamic coef-
�cients (high lift: circle; AP2 reference: square), and onshore (blue) and o�shore
(orange) location. The mass of theAwing = 50 m2 aircraft is scaled with a mass
exponent of � = 2:7. Cycle-average powerP is derived from p5, p50, p95 wind ve-
locity pro�les within each of the k=10 WRF-simulated clusters. A reference height
of 100� zref � 400 m is used as a proxy for wind speed at operating height.

1.3.4 AWES scaling

Small-scale AWES may serve as a technology demonstrator or entry into the o�-

grid market. However, AWES need to not only autonomously generate electricity at

competitive cost, but also scale up to utility-scale systems, in order to meaningfully

increase the share of renewable energy and contribute to decarbonization targets. To

do so, they need to compete with established renewable, as well as conventional fossil

energy sources. Therefore, chapter 5 investigates the design space for wing areas

betweenAwing = 10 m2 and 150 m2 and assesses the AWES mass budget subject

to representative onshore and o�shore wind conditions. Depending on aerodynamic

e�ciency, these systems have a rated power betweenP rated = 145 kW and 3430 kW.

Figure 1.9 visualizes the mass budget as average liftLwing to total weight W total

ratio during the production phase. Crosswind AWES ascend during each loop of the

production (reel-out) phase. During these critical times the aircraft needs to produce

enough aerodynamic lift, which decreases as the aircraft slows down during the ascent,
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to overcome gravity and maintain tether tension. As a result, tether speed and thus

current, mechanical power decreases, and too heavy systems fail. Based on our data,

we estimate the minimum lift to weight ratio to be about 5.

Figure 1.9: Average liftLwing to total weight W total during production (reel-out) phase
for all aircraft sizesAwing = 10 � 150 m2 and sets of aerodynamic coe�cients, as well
as mass scaling exponents� = 2:7; 3; 3:3 for wind data at the o�shore location.
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1.4 Research questions

Since the conception of Airborne Wind Energy in the 1980 many research institutes

and companies are working on the development of this promising technology. While

several small scale prototypes with a rated power of several 100 kW exist, no commer-

cial product is currently available. From our initial analysis of the AWES concept and

the state of technology, as well as some generalized claims about the wind resource,

we derived the following research questions with respect to the ground-generation

concept:

ˆ What are typical 10-minute average, onshore and o�shore wind conditions up

to 1000 m?

ˆ Can current measurement technology accurately measure at such heights?

ˆ Are mesoscale models a su�cient tool to describe wind conditions at these

heights and can they be used for preliminary resource assessment?

ˆ Can long-range LiDAR measurements be used to improve mesoscale-modeled

wind resource predictions?

ˆ What are crosswind, ground-generation AWES energy predictions subject to

measured and modeled wind conditions?

ˆ What are optimal, predicted annual energy production (AEP) and capacity

factor (cf) based on modeled wind conditions?

ˆ What are optimal crosswind, ground-generation AWES operating heights and

traction power subject to modeled wind conditions?

ˆ What reference wind speeds describe AWES power curves, taking into account

their variable operating heights and trajectories?

ˆ How does size, mass and aerodynamic e�ciency a�ect optimal crosswind, ground-

generation AWES performance, subject to modeled wind conditions?

ˆ What is the mass budget of crosswind, ground-generation AWES subject to

aircraft size and aerodynamic e�ciency?

ˆ Can AWES penetrate the on-grid market or will they be a niche in the o�-grid

market?
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1.5 Research contributions

This thesis analyses LiDAR-measured wind conditions and WRF-modeled weather

data to derive more realistic, representative wind velocity pro�les and expand the

knowledge of the wind resource up to 1000 m. This study contributes to the realistic

assessment of AWES potential, by evaluating their optimal trajectories and mechani-

cal power, subject to realistic 10-minute mean onshore and o�shore wind conditions.

Some of the main contributions are:

ˆ This work analyzes representative onshore and o�shore wind conditions relevant

to AWES. To better understand and predict the potential of AWES, which aim

to operate within the lower troposphere up to 1000 m above ground, we in-

vestigate the wind resource using LiDAR measurements (see chapter 2) and

mesoscale model data (see chapter 3). The derived data set is an improvement

on the commonly used, simpli�ed analytical wind speed approximations, and

provides higher temporal and vertical resolution than reanalysis data. It there-

fore allows for better AWES yield predictions, and a more realistic description

of the operating envelope. The thesis further analyzes the impact of decreasing

LiDAR data availability aloft (section 2.4.2), changes in the multi-modal wind

speed probability distribution (section 2.5.1) with height and tries to determine

vertical and temporal variation of turbulence intensity based on long-range Li-

DAR measurements (section 2.5.4).

ˆ This thesis evaluates the impact LiDAR measurement implementation into the

WRF model via observation nudging (section 3.4.1). As LiDAR data avail-

ability inherently decreases with altitude and measurements are expensive and

time consuming, mesoscale models are a viable alternative for preliminary wind

resource assessment. However, model data deviate from measurements, due

to, model assumptions, temporal and spatial discretization, etc. We show that

observation nudging increases model accuracy at the implementation location,

particularly at altitudes relevant to AWES. Observation nudging only has a

marginal impact on simulated surface layer wind speeds, as ground e�ects dom-

inate the WRF model at these heights (section 3.5.1).

ˆ This work compares grouping and describing the diverse wind regime up to 1000

m by atmospheric stability (sections 2.5.1, 3.5.6, 4.3.2) and k-means clustering

(sections 4.4, 4.3). Obukhov length ranges are used as a proxy for atmospheric
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stability. Diverging Wind speeds towards higher altitudes indicate inhomoge-

neous atmospheric stability and suggests that surface-based stability categoriza-

tion is insu�cient for higher altitudes. Grouping wind velocity pro�les using

k-means clustering has proven to be an e�ective way to categorize wind data

into clusters with similar pro�le shape and wind speed, and can therefore be

used to categorize wind data in lieu of heat 
ux or temperature measurements.

The resulting clusters correlate with wind speed, atmospheric stability, diurnal

and seasonal wind speed variation (section 4.4.2).

ˆ This thesis derives power-optimal trajectories for single-wing, ground-generation

AWES by solving a periodic optimal control problem, which maximizes the

cycle-average power output (chapter 4 and 5). These optimizations are subject

to representative onshore and o�shore wind conditions derived from WRF. We

estimate average cycle power, power curves, AEP and cf from cycle-average

power and realistic wind speed probabilities (sections 4.6 and 5.5). Our results

therefore represent an improved method to determine optimal AWES power

and energy potential. The model predicts instantaneous power, tether force,

tether speed, and other parameters that allow a deeper investigation of AWES

dynamics.

ˆ These power-optimal trajectories also reveal realistic AWES operating heights,

depending on the wind velocity pro�le (sections 4.6.2 and 5.5.2). Contrary to

popular belief, higher does not always mean better and average optimal AWES

operating heights are commonly well below 500 m, particularly o�shore, where

wind shear is generally lower.

ˆ This work explores the design space of crosswind ground-generation AWES

by analyzing the impact of two nonlinear aerodynamic coe�cients, three mass

scaling laws, and six di�erent aircraft wing areas between 10 and 150 m2 on

optimal operating conditions and power (chapter 5). The tether diameter is

adjusted accordingly to ensure a constant rated wind speed ofvrated = 10 ms� 1

for all sizes and aerodynamic coe�cients, while the tether diameter is keept

constant.

ˆ Based on these results, we describe the impact of these parameters on operating

conditions, wing load, power curve, AEP and cf (section 5.5). We estimate

tether-associated power losses and a minimum aircraft lift to weight ratio. One
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of the limitation of crosswind AWES operations seems to be the upward climb

within each loop. Aerodynamic lift decreases during this phase, as the aircraft

decelerates, due to gravity. To maintain tether tension, the tether decelerates

and power production decreases. Too heavy systems can not overcome gravity

and fail.

1.6 Outline

This thesis is organized in four main chapters based on published or submitted ar-

ticles, which are listed below. Chapter 2 analyzes the onshore wind regime over 
at

terrain at altitudes relevant to AWES, using 6 months, long-range LiDAR measure-

ments. LiDAR data availability decreases with height. Chapter 3 introduces the

mesoscale WRF model and evaluates the simulation results, which complement the

data with annual information, as well as additional weather information such as heat


ux. Additionally, the impact of assimilating LiDAR measurements via observation

nudging is quanti�ed. In chapter 4 annual, onshore and o�shore, WRF-modeled wind

data are clustered and implemented into a period optimal control framework to derive

power-optimal AWES trajectories. From this, we derive AWES power curve, AEP

and cf estimates, as well as typical operating conditions. Based on the same wind

data set and optimization framework, we explore the AWES design space in chapter

5.

ˆ Chapter 2 - LiDAR-based characterization of mid-altitude wind conditions for

airborne wind energy systems

ˆ Chapter 3 - Improving mesoscale wind speed forecasts using LiDAR-based ob-

servation nudging for airborne wind energy systems

ˆ Chapter 4 - O�shore and Onshore Power curve characterization for ground-

generation wind energy systems

ˆ Chapter 5 - Design space exploration of ground-generation airborne wind energy

systems

ˆ Chapter 6 - Cross comparison between quasi steady-state and dynamic opti-

mization model

ˆ Chapter 7 - Assumptions, conclusions and future work
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Chapter 2

LiDAR-based characterization of

mid-altitude wind conditions for

Airborne Wind Energy Systems

Markus Sommerfeld, Curran Crawford, Adam Monahan, and Ilona Bastigkeit.

LiDAR-based characterization of mid-altitude wind conditions for airborne wind en-

ergy systems. Wind Energy, 2019; 22: 1101{ 1120.https://doi.org/10.1002/we.

2343.

Based on a six months onshore LiDAR measurement campaign in northern Germany,

this chapter contextualizes limitations of this technology, such as decreasing data

availability aloft, and investigates the wind resource within the lower troposphere.

We investigate wind speed probability, diurnal variation and turbulence estimates up

to about 1000 m. These wind data are then used to estimate AWES operating heights

and optimal power per unit lifting area, using a simpli�ed analytical model.

The following chapter introduces the mesoscale weather research and forecasting

(WRF) model and uses it to generate an annual wind and weather data set. We fur-

thermore investigate whether assimilating LiDAR measurements, using observation

nudging, can improve the accuracy of the WRF model, and therefore improve wind

resource assessment for AWES at higher altitudes.
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2.1 Abstract

Engineers and Researchers working on the development of Airborne Wind Energy

Systems still rely on oversimpli�ed wind speed approximations and coarsely sampled

reanalysis data due to a lack of high resolution wind data at altitudes above 200

m. Ten-minute average wind speed LiDAR measurements up to an altitude of 1100

m and data from near by weather stations were investigated with regards to wind

energy generation and impact on LiDAR measurements. Data were gathered by a

long-range pulsed Doppler-LiDAR device installed on 
at terrain. Due to the low

overall Carrier-to-Noise Ratio, a custom �ltering technique was applied.

Our analyses show that diurnal variation and atmospheric stability signi�cantly

a�ect wind conditions aloft which cause a wide range of wind speeds and a multi-

modal probability distribution that can not be represented by a simple Weibull distri-

bution �t. A better representation of the actual wind conditions can be achieved by

�tting Weibull distributions separately to stable and unstable conditions. Splitting

and clustering the data by simulated surface heat 
ux reveals sub-state strati�cation

responsible for the multi-modality. We classify di�erent wind conditions based on

these sub-states which result in di�erent wind energy potential. We assess optimal

traction power and optimal operating altitudes statistically as well as for speci�c days

based on a simpli�ed AWES model. Using measured wind speed standard deviation

we estimate average turbulence intensity and show its variation with altitude and

time. Selected short-term data sets illustrate temporal changes in wind conditions

and atmospheric strati�cation with a high temporal and vertical resolution.

2.2 Introduction

The objective of this study is to characterize prevailing wind conditions for load

estimation and system optimization of Airborne Wind Energy Systems (AWES) at

mid-altitudes, here de�ned as heights above 100 m and below 1500 m. AWES are

a novel renewable energy source that harvest stronger lower-tropospheric winds at

altitudes which are unreachable by current wind turbines, at potentially much reduced

capital cost [89, 48]. Some proponents advocate the development of high-altitude

devices which are supposed to operate at thousands of meters (altitudes at which no

current measurement devices can practically measure with su�ciently high sampling

frequency). For practical and economical reasons we focus on resource assessment
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within the lower part of the atmosphere, an altitude range spanned by the highly-

variable boundary layer (with depths as little as tens of meters at night and a few

kilometers during the day). Unlike conventional wind energy which has converged to

a single design with three blades and a conical tower, several di�erent AWES designs

are under investigation by many companies and research institutes [25]. Various

concepts from ring shaped aerostats, to rigid wings to soft kites with di�erent sizes,

rated power and altitude ranges compete for entry into the marketplace. Since this

technology is still in an early stage, none are currently commercially available. If the

trend towards taller towers and longer turbine blades continues, conventional wind

turbines will also operate at mid-altitudes in the future and experience signi�cantly

di�erent wind conditions than close to the surface. Developers and operators therefore

require accurate information to estimate the power production and mechanical loads.

We investigate the wind resource up to 1100 m over generally 
at terrain at

Pritzwalk in northern Germany (see map in �gure 2.1). The measurement campaign

lasted six months between September 2015 and February 2016 with the objective of

estimating the wind energy potential at altitudes higher than usually observed for this

application. In contrast to the low level winds in the �rst few hundred meters of the

atmosphere, mid-altitude winds from a few hundred meters to about 1000 m have not

often been investigated. Recent advancements in wind Light Detection And Ranging

(LiDAR) technology enabled high temporal and vertical resolution measurements in

higher altitudes. This enables a detailed analysis of speci�c wind conditions as well

as statistical evaluation necessary for the development of AWES. Furthermore, these

data are able to extend and supplement established knowledge of wind speed pro�les

and wind speed probability distributions under di�erent atmospheric stability condi-

tions as well as diurnal variations at higher altitude than tower measurements allow.

The common way to gather wind and weather data at these altitudes are sparsely

deployed weather balloons (radiosondes), which measure data while quickly ascending

through the Atmospheric Boundary Layer (ABL) [57]. This measurement technique

does not o�er continuous data acquisition and has an inherently low temporal and

vertical resolution. The low temporal resolution of radiosondes leads to considerable

undersampling and a loss of higher frequency information. Nonetheless, this mea-

surement technique o�ers an estimate of the global wind resource in higher altitudes

[5]. Engineers and researchers had to rely on coarsely resolved reanalysis data sets

or oversimpli�ed approximations such as the logarithmic wind pro�le to assess the

potential of AWES [51, 112, 50] While reanalysis data provides good global and long
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term information, it can not capture local and short term variations. Remote sensing

devices such as long-range pulsed LiDAR enable the measurement of wind speeds

up to several thousand meters away from the point of deployment. These devices

measure the spectral shift between the emitted light pulse and the returning light

backscattered of aerosols transported with the wind [118]. The aerosol load of the air

therefore limits the data availability of this measurement technique. the aerosol load

decreases with altitude and drops to levels so low that LiDAR devices are not able to

measure winds at these altitudes, as the primary aerosol source is the Earth's surface

[100].

Surface heat 
ux (SHF) or temperature information is required to characterize

di�erent stability condition within the atmospheric boundary layer, both of which

were not directly measured. Mesoscale numerical weather prediction models such

as the Weather Research and Forecasting (WRF) model provide detailed data sets

at higher resolution compared to reanalysis data. We make use of the sign of the

WRF simulated SHF for statistical analyses and assume the sign of the SHF to be

better simulated than sign and magnitude [140, 150]. However, temporal di�erence

of times associated with positive and negative SHF between model and measurement

will lead to occasional mismatch of transition times[38] as well as random errors. We

believe that these errors are statistically insigni�cant for the overall evaluation, but

are aware of the resulting inaccuracy. A detailed discussion of the WRF simulations

will be presented in a later publication.

We estimate power production per unit lifting area based on a simpli�ed traction

power model by Schmehl et al. [128]. This quasi steady-state model includes losses

due to misalignment of wind direction and AWES position, but neglects gravity,

tether drag and detailed 
ight maneuvering. We can therefore assess the upper limit

on traction power and optimal operating altitude for the whole measurement period,

di�erent strati�cation conditions as well as speci�c wind speed pro�les. Chapter 6

builds upon this model and includes a simpli�ed tether drag approximation, which

lead to a signi�cant reduction in power (up to 70%) and operating height, depending

on tether length, tether diameter and wing area.

Section 2 de�nes the necessary conventions. Section 3 describes the wind LiDAR

measurement campaign, the �ltering technique and the impact of data availability.

Section 4 consists of a detailed statistical analysis of wind speed, direction, turbulence

intensity as well average diurnal variation and exemplary wind conditions. Section 5

estimates the traction power and optimal operating altitude. Finally, the results are
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summarized and an outlook for future work is given in section 6.

2.3 De�nitions

Most of the available LiDAR data we consider is within the ABL, the actively tur-

bulent region of the troposphere which is directly in
uenced by surface forcing such

as heat transfer, evaporation and friction [139]. Its height varies from as low as a

few tens to thousands of meters above ground, depending on location and time. The

lowest part of the ABL, the Atmospheric Surface Layer (ASL) accounts for roughly

10% of the ABL and is greatly a�ected by the surface and diurnal changes. The

region of the troposphere above the ABL is referred to as the free atmosphere, which

is almost una�ected by diurnal variation due very weak direct interaction with the

surface [139]. Processes within the ABL depend on strati�cation which is, among

other processes, in
uenced by surface absorption of solar irradiation, energy 
uxes

and horizontal advection. A distinction between a staticallystable, neutral and unsta-

ble strati�cation is made based on temperature (and to a lesser extent water content)

pro�les. Unstable strati�cation is characterized by strong vertical mixing and high

turbulence intensity (TI) due to the additional production of turbulent kinetic energy

by buoyancy. In a stable strati�cation vertical displacement of air parcels requires

work to be done against the strati�cation.

This article investigates 10-minute-average horizontal wind speedsU directions.

Wind direction is de�ned according to meteorological convention. North is de�ned

as 0� and a positive directional change refers to a clockwise rotation, so 90� refers

to East, 180� South and 270� West. We normally expect a clockwise rotation with

height for `ideal' boundary layer winds in the northern hemisphere [116], caused by the

adjustment of ABL velocity �elds to geostrophic conditions. This directional change

is referred to as the `Ekman spiral' [139]. However, horizontal temperature gradient

`thermal winds' can signi�cantly in
uence the shape of the wind shear pro�le.

The wind pro�le over homogeneous, 
at terrain is often estimated by a logarithmic

wind pro�le with a correction to account for strati�cation [114, 42]:

U =
u�

�

�
ln

�
z
z0

�
� 	 m (z; z0; L )

�
(2.1)

This approximation, which does not apply to mid and high-altitude winds above

the ASL, describes the horizontal wind speedU at altitude z as a function of friction
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velocity u� , aerodynamic roughness lengthz0 and K�arm�an constant � . The stability

function 	 m accounts for the atmospheric stability conditions (stable, unstable, neu-

tral) which is a function of the Obukhov lengthL , altitude z and surface roughness

z0 [139].

2.4 Measurement Campaign

The data was collected between 1st of September 2015 and 29th of February 2016 at

the `Pritzwalk Sommersberg' airport (Coordinates: Lat: 53� 10' 47.00"N, Lon: 12�

11' 20.98"E) in North East Germany (marked by a blackX in �gure 2.1) using a

single beam pulsed wind LiDAR from SgurrEnergy. The area around the airport is

mostly 
at agricultural land with a village to the south, a small forest in the southeast

and a wind park about 3.5 kilometers to the west.

Figure 2.1: Topographic map in northern Germany close to Pritzwalk with the mea-
surement site marked by a blackX .

After an extended power outage between December 7 and December 11, data

quality in terms of Carrier-to-Noise Ratio (CNR) decreased. The reason for this
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could not be identi�ed. A custom �ltering technique was applied to increase data

availability. It is possible that incorrect settings, a return to default settings or issues

with the laser were responsible for the reduced data quality.

2.4.1 Wind LiDAR

Doppler-LiDAR devices measure the frequency shift of the backscattered laser beam

caused by the movement of aerosols carried by the wind. This shift is proportional

to the Line of Sight (LOS) particle velocity. Multiple measurements can therefore

be used to calculate the wind velocity from which the horizontal wind speed can be

inferred. The here used Galion 4000 from SgurrEnergy is able to measure wind speed

and direction up to 4000 m away from the device and o�ers various scan methods

such as `Arc-Scan' and Doppler-Beam-Swinging (DBS) [132]. DBS scans usually take

4-5 measurements at constant elevation angle and varying azimuth angle. Assuming

a horizontally homogeneous wind �eld, LOS measurements at constant height can be

�tted to a sine-function from which the wind speed and direction within the scanned

volume are calculated. With the LiDAR device located at an air �eld on 
at terrain,

it is a reasonable approximation that the environmental conditions are similar within

the LiDAR's sampling area. As the elevation angle is kept constant, in our case 62�

(28� to horizon), during DBS scans the averaging area increases with altitude. At an

altitude of 1100 m the radius of the disc de�ned by the four azimuth positions with

90� increments is about 585 m. Reorientation of the laser beam towards the next

azimuth position led to measurement intervals between 3 to 5 s. From these LOS

measurements we determined the 10 minute average wind speeds at 40 range gates

between 66 m and 1099 m above ground in 26.5m increments. The focal length of

the laser beam was set to 800 m.

The Galion4000 LiDAR was veri�ed against a WindCubeV2 (according to IEC

61400-12-1, 2015 [75]) at the Fraunhofer Institute for Wind Energy Systems (IWES)

Bremerhaven during a validation period of one week before deployment. Wind speeds

up to an altitude of 260 m were compared and a linear regression between the mea-

surements showed a 99% accordance between both devices. Since data quality was

su�ciently high, we refrained from a simultaneous deployment of the WindCubeV2.
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2.4.2 Data processing

Wind LiDAR data quality is impacted by various e�ects, some of which will be

examined in this chapter. Generally, data quality highly depends on the backscatter

from aerosols in the air. Aerosol content in higher altitudes is dictated by mixing and

settling as most of the particles originate from the surface. This leads to an overall

decrease of backscatter with altitude. Cloud cover increases the backscatter within

the lower part of the cloud while it prevents laser beams from penetrating to higher

altitudes. Data quality, according to which LiDAR measurements are further �ltered,

is generally described by the CNR:

CNRdB = 10 log10

�
C
N

�
(2.2)

CNR is de�ned by the ratio between the power contained in the signalC to the

power contained in the noiseN over the full detector bandwidth. Multiple quality

criteria were applied to the raw data. First, a su�cient number of LOS wind speed

scans must be gathered to calculate ten minute average wind speed. Based on these

individual measurements average 10-min mean CNR values are calculated for further

�ltering [81]. Several studies showed that the selection of a CNR threshold impacts

the mean wind speed estimation[17, 66].

During the measurement campaign the average CNR remained almost constant

up to the focal length of 800 m. The CNR trend does not show the distinct peak at

the set focal length, which is reported in other publications [116]. A long focal length

seems to prevent the steep decrease of CNR above the set focal length [118]. The

overall CNR decreased by approximately 5 dB over 1000 m.

While the manufacturer proposed a �xed CNR threshold of -20dB [119]; other

publications suggest the use of a threshold of -22dB [115]. Figure 2.2 illustrates the

data availability as a function of altitude and CNR threshold.

Applying a -20dB CNR �lter leads to an availability of about 23% at 1000 m,

which is relatively high compared to other publications [116]. However, applying this

�lter leads to a low data availability of only 77.5% at 66 m. To counteract the low

availability at low altitudes, we apply a CNR threshold ofCNRdB > � 25dB combined

with additional �lters to reduce the noise and correct for obvious mismeasurements.

The following thresholds were applied to all measurements:

ˆ CNRdB > � 25 dB
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Figure 2.2: Wind LiDAR availability as a function of 10-min mean CNR �lters (blue
markers) and altitude. The red line indicates availability after applying the self-
de�ned �lter.

ˆ U > 0 ms� 1

ˆ U < 45 ms� 1

ˆ U < 2:5 � U(z = 150 m)

ˆ min scan count> 40 %

The `scan count' criterion de�nes the minimum amount of backscatter measure-

ments that are necessary to calculate the 10 minute average wind speed. As a result

the overall data availability of 10-minute averages increased while availability with

altitude decreases from about 81% at 100 m and to about 24% at 1000 m.

Investigation of the 10 minute average radial wind speedULOS and the Carrier-to-

Noise Ratio at all altitudes shows a data cluster between� 10 ms� 1 < U LOS < 20 ms� 1

with CNR values above -30dB (see �gure 2.3). The reason for the shift of the data

center towards positive LOS velocities could not be de�nitely determined. It could

indicate an inhomogeneous wind �eld. However, the analyzed horizontal wind speed

is una�ected by this shift [26]. Three constant threshold-�lters are denoted by the

red lines for reference. Data points below the -22dB threshold show a signi�cant,

unrealistic wind velocity spread of up to� 60 ms� 1. 31.1% of the un�ltered measure-

ments are below the� 20 dB threshold. The right �gure shows the data distribution
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after applying the self-de�ned �ltering criteria. There seems to be no indication that

data within the high data-density region, but below the CNR threshold is invalid [15].

Based on this assumption, the applied �ltering technique can be considered conserva-

tive as it cuts o� CNR values below� 25 dB, which are within the LOS wind velocity

range of approximately� 15 ms� 1. As a result of the application of the self-de�ned

�lters, the overall data availability increased by approximately 15% in comparison to

the �xed -20dB threshold �lter while unrealistic values were �ltered out.

Figure 2.3: Comparison of un�ltered (left) and �ltered (right) LiDAR CNR over
LOS wind speed for the whole measurement campaign. Red lines indicate commonly
applied constant CNR thresholds.

Weather impact on data quality and availability

Weather phenomena such as rain, fog and cloud coverage impact the overall LiDAR

data availability, due to the proportionality of backscatter and aerosol content in the

air. Weather stations close the LiDAR location gathered precipitation (Perleberg:

about 30 km from the LiDAR) and cloud coverage data (Neuruppin: about 58 km

from the LiDAR). Figure 2.4 shows the daily average cloud cover and cumulative

daily rain fall close to the measurement location throughout the entire campaign.

Extensive cloud coverage or fog increases the availability close to the LiDAR due

to the high amount of backscattering particles or water droplets. This is the reason for

a higher backscatter intensity within clouds than during clear sky conditions [116, 28].

However, this also reduces the distance which laser beams penetrate into the cloud or

fog, often leading to data loss aloft. Determining a direct correlation between cloud

cover and data availability is di�cult and would require additional measurements

such as aerosol concentration gathered by a ceilometer, cloud cover does not give

information on cloud height. However, the overall high cloud coverage throughout

the entire campaign is one of the reasons for low data availability aloft.
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Figure 2.4: Accumulated precipitation (weather station Perleberg about 30 km from
LiDAR) and daily average cloud cover (weather station Neuruppin about 58 km
from LiDAR), data source provided by Deutscher Wetterdienst (DWD) - Germany's
National Meteorological Service [18]

Figure 2.5 shows an example where cloud coverage prevents high altitude measure-

ments. Here measured CNR is compared to hourly cloud coverage and precipitation

for 4 days in September 2015 to correlate weather data with LiDAR data quality. The

high CNR between September 11 and September 13 correlates well with the presence

of clouds above which no data could be gathered (yellow: high CNR, blue:low CNR,

white: no data). The lack of high altitude data on Sept, 14 could be caused by rain

as the weather station in Perleberg shows a high precipitation of up to 6 mm m� 2.

However, no de�nite correlation between altitude dependent CNR and cloud coverage

can be proven without additional cloud height measurements.

Another factor to consider when investigating the LiDAR data availability aloft is

that the density of aerosols not only decreases with altitude, but drops to a level that

is too low to detect with current LiDAR or ceilometer technology [46]. The altitude

at which this drop occurs is referred to as mixing layer height, which is de�ned as the

height up to which thermally induced vertical dispersion of air pollutants takes place

[130]. Therefore, the height of the mixing layer is highly dependent on strati�cation

and time as it will lose aerosol particles due to settling. The backscatter intensity can

give an estimate of the mixing layer aerosol load and height [44, 45]. In the example

below, it is likely that the height of the cloud layer (yellow area) between September
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Figure 2.5: Contour of LiDAR CNR over altitude from September 11 to September
15, 2015. The black line shows the WRF-calculated ABLH. Black dots denote hourly
average cloud coverage at the Neuruppin weather station (about 58 km away from
LiDAR). Red dots denote hourly average precipitation at weather station Perleberg
(about 30 km from LiDAR).

12 and 13 also gives a good estimate of the ABLH [115]. The WRF model mostly

supports this assumption as it calculates an ABLH (black line in �gure 2.5) below

200 m between 18:00 UTC on September 12 and 10:00 UTC on September 13.

Impact of diurnal variation and surface heat 
ux on data quality

Atmospheric aerosols mostly derive from the surface and therefore depend on vertical

mixing to be transported aloft. This vertical mixing within the ABL is dictated

by the diurnal cycle of the vertical surface heat 
ux. An investigation of altitude

dependent, hourly average diurnal variation of LiDAR availability (see �gure 2.6)

shows substantial decrease with altitude and distinct diurnal variation. After sunrise

enhanced vertical mixing and surface winds lead to an upward transport of particles,

increasing the availability aloft and decreasing it near the surface. The reduction in

low level availability seems to occur shortly after sunrise, while the increase at higher

altitudes occurs slightly later. This delay results from the time required for buoyancy

induced upward transport of particles to lead to their accumulation aloft. Altitude

dependent layers of almost constant availability develop. Such layers above� 500 m

remain at an almost constant height throughout the day, but shift upwards during

daytime. Availability peaks are seemingly simultaneous between 16:00 and 17:00
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UTC at these altitudes. In contrast, average availability remains almost constant at

about 250 m. As a result, any analysis of the total measurement data set will be

slightly biased by diurnal variation in LiDAR data availability.

Figure 2.6: Hourly average diurnal variation of LiDAR availability over altitude after
�ltering and WRF calculated positive (dashed line) and negative (solid line) surface
heat 
ux sign.

To circumvent this issue, the data set can either be segmented by time of day

or atmospheric strati�cation. Positive SHF is associated with unstable strati�cation

where buoyancy-induced vertical mixing leads to relatively lower wind shear aloft.

Negative SHF and stable strati�cation inhibit mixing and lead to higher wind shear

[139]. Positive heat 
ux is most often associated with daytime and negative heat 
ux

is usually associated with nighttime. However, the impact of SHF is reduced by high

wind speeds. Data is partitioned by WRF [134] calculated SHF sign, since the LiDAR

device itself was not equipped to gather such information. The WRF model consisted

of three nested domains driven by ERA-Interim [31] reanalysis data using the Mellor

Yamada Nakanishi Niino (MYNN) 2.5 planetary boundary layer scheme [107]. The

inner domain had a grid spacing of 3 x 3 km and a temporal output resolution of

10 minutes. A detailed description will be given in a future publication. Figure 2.6

also shows the diurnal variation of hourly average WRF modeled SHF sign frequency

of occurrence. Overall, negative surface heat 
ux is almost twice as likely to occur

during the entire measurement campaign than positive heat 
ux (70 % vs. 30%).

Comparing availability associated with di�erent strati�cation reveals that times
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of positive SHF show an almost 5 % higher than average LiDAR availability, while

availability during negative SHF is about 2.5 % lower than average at altitudes be-

low 300 m. Between 600 and 900 m the availability of both positive and negative

heat 
ux matches the average availability. Above 900 m time periods experiencing

negative SHF show a slightly increased availability and times of positive SHF have

a lower availability than average. Time-delayed vertical buoyant aerosol transporta-

tion, which a�ects lower altitudes quicker than higher altitudes, probably leads to the

inversion at high altitudes.

2.5 Wind measurement analysis

We present a statistical analysis of the entire wind LiDAR data set as well as some

detailed �ndings for a few selected days in September 2015. It is important to keep

the reduced data availability in mind when comparing the statistics for di�erent

altitudes. Diurnal variability causes altitude dependent conditional sampling of wind

speeds which leads to di�erences between measured and real wind conditions as data

can only be gathered when the meteorological conditions allow it. Furthermore, the

measurement campaign only lasted 6 months covering autumn and winter (Sept -

Feb). Annual wind statistics will di�er as winds are generally stronger during this

season [17].

2.5.1 Average wind conditions and Weibull distribution �t

Figure 2.7 visualizes the wind speed probability distribution (left column) and quan-

ti�es the di�erence between it (right column) and the standard Weibull distribution

�t (center column - see equation: 2.3) to determine whether the Weibull �t is an

adequate tool to describe mid-altitude winds. The Weibull �t is de�ned by:

f Weibull (u) =
k
A

� u
A

� k� 1
e� ( u

A )k

(2.3)

whereA is the Weibull scale parameter in ms� 1 and k is the unitless Weibull shape

parameter [142]. All data was binned into 0.5 ms� 1 intervals. By conditioning the

total data set (bottom row) by the SHF sign (positive SHF: top row; negative SHF:

center row), two distinct populations become apparent. This segmentation is solely

based on the mathematical sign of the WRF modeled SHF.
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Figure 2.7: Comparison of Wind speed frequency based on LiDAR measurements
(left column), corresponding Weibull �t (center column) and the di�erence between
both (� f = f LiDAR (U) � f Weibull (U)) in percentage points (pp) (right column) over
altitude binned into 0.5 ms� 1 intervals. Top row corresponds to times of positive
SHF, center row to times of negative SHF and bottom row shows total data set. The
Weibull �t in the bottom row is the weighted sum of positive and negative Weibull
�ts, weighted by the respective overall occurrence.

The total wind speed probability distribution (g) has bimodal characteristics above

approximately 200 m. This bimodality is isolated by conditioning the data on SHF

sign, resulting in two distinct distributions of wind speeds at times of positive (a)

and negative heat 
ux (d). Times of positive SHF are associated with higher thermal

mixing and an unstably strati�ed boundary layer, resulting in a high frequency of

lower, almost constant wind speeds up to high altitudes [8]. For our data set, positive

SHF is associated with lower geostrophic winds as the wind speeds aloft tend to be

lower compared to times of negative SHF. Furthermore, the probability distribution

still shows the existence of a second state with higher wind speeds. Possible reasons

for the existence of this second state are misclassi�cation of observed wind pro�les

by simulated SHF, transient evolution of the pro�les, or strong large-scale pressure

gradient forces which can reduce the in
uence of strati�cation on wind pro�les. As a

result, the Weibull distribution, with almost no broadening above 200 m and a lower

median wind speed throughout all measured heights, underestimates the frequency

of both sub-states. Based on measurements, the likelihood of wind speeds between
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5-7 ms� 1 is higher than the Weibull �t suggests.

Times of negative SHF are associated with a stably strati�ed boundary layer

and buoyant consumption of turbulent kinetic energy which results in higher wind

shear and higher wind speeds. Measurements during negative SHF (d) show an

increased probability of high wind speeds and a strong wind shear in the lower part

of the atmosphere, distinctly di�erent from wind conditions under positive SHF. The

distribution broadens aloft leading to an almost even distribution at high altitudes,

with very low chance of low wind speeds which are most probable during positive

SHF. Looking at the di�erence between measured distribution and the Weibull �t,

both high and low wind speeds aloft as well as the very narrow band of wind speeds

below are not well represented.

Table 2.1: Frequency of atmospheric strati�cation based on the sign of WRF calcu-
lated SHF and k-means clustering using all 40 LiDAR range gates

Postive heat
ux Negative heat 
ux
Unstable shear-driven Weakly stable Very stable

Heat 
ux 29.07 % 70.93 %
k-means cluster 20.32 % 8.75 % 36.30 % 34.64 %

The bottom row summarizes the total wind speed probability distribution and

weighted sum of the two Weibull �ts for times of positive and negative SHF. The

weighting factor is the likelihood of positive and negative heat 
ux summarized in

table 2.1 (�rst row). This bi-modal distribution still can not represent the high

frequency of very low and high wind speeds, but presents an improvement on �tting

the complete data set with a single Weibull function.

The total Weibull scale A and shape parameterk shown in �gure 2.8 follow ex-

pected trends for the winter season over 
at land. The shape parameter peaks below

100-250m and the scale parameter follows a logarithmic trend [16, 64] The SHF clas-

si�ed data sets show distinctly di�erent trends, with negative SHF being associated

with high values of A and a peak ink between 200-300 m, which is consistent with

Monahan et al. [102]. Positive heat 
ux on the other hand leads to a relatively slow

increase ofA as well as lowerk values that decline almost linearly with altitude. The

Hellinger distanceH between the probability distribution of the measured data set

and the corresponding Weibull �t quanti�es the goodness of �t. The weighted sum

(green) of both positive (red) and negative SHF (blue) Weibull �ts represents the

multi-modal nature of the wind speed measurements up to 500 m better than the
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Figure 2.8: Weibull scaleA and shape parameterk over altitude calculated based
on the entire 6 month measurement campaign. Results based on the whole data set
is shown in black, positive SHF in red and negative SHF in blue. The respective
Hellinger distanceH between the measured probability distribution and the Weibull
�t is shown on the right. Additionally, the Hellinger distance between the total
probability distribution and the frequency of occurrence (see table 2.1) of the weighted
sum of both SHF Weibull �ts is shown in green.

simple Weibull �t (black), indicated by a lower H . High H for times of positive and

negative SHF is likely caused by the existence of additional states, suggested by �gure

2.7.

To further distinguish the sub-states we usek-means clusteringon both SHF-

partitioned data sets, to identify two additional clusters within each SHF-sign con-

dition. These results are highly a�ected by data availability as time steps with any

missing data where discarded. Therefore, only measurements where all 40 range

gate measurements were available were used to calculate the probability distribution

and cluster centroids (white square) shown in �gure 2.9. Clustering the data based

on lower range gates lead to lower overall wind speeds, indicating an availability bias

towards higher winds speeds caused by increased vertical mixing and horizontal trans-

portation of aerosols. However, clustered based on lower altitudes maintained similar

probability distributions showing the same sub-states. The respective frequency of

each sub-state is summarized in table 2.1. The �rst cluster of positive SHF (a) which

occurs around 20.3% of the time displays very low wind speed and shear which is
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typical for an unstable boundary layer with weak large-scale pressure gradients. The

second cluster of positive SHF (b) appears to be a shear-driven and has a frequency

of only about 8.7%. The �rst cluster of negative SHF (c) represents weakly stable

boundary layer with relatively high wind speeds and strong wind shear up to high

altitudes. The second cluster of negative SHF (d)shows relatively low wind speeds

and well-developed near-surface jets. Characteristic shear pro�les of di�erent sta-

bility conditions are consistent with Monahan et al.[103] and extend to even higher

altitudes. Both stable states (bottom) have an almost equal frequency at 36.3 % and

34.6 %. The non-converging wind speeds aloft are associated with di�erent large-scale

conditions driving these phenomena.

Figure 2.9: K-means clustered probability distribution (each altitude adds up to
100%) and centroids (white squares) of wind speeds pre-allocated by WRF calcu-
lated SHF. Table 2.1 summarizes the frequency of occurrence of each cluster. Top
left: unstable strati�cation, top right: shear-driven, bottom left: weakly stable strat-
i�cation, bottom right: very stable strati�cation.

These results show that AWES and very large conventional wind turbines oper-

ating at mid-altitudes will have to function across a wide range of wind conditions.

AWES need to be able to withstand more probable extreme loads caused by high

wind speeds, while still being able to navigate through calm periods. Furthermore,

as wind conditions vary so signi�cantly, optimal operating altitude and power highly
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depend on atmospheric strati�cation as will be shown in section 2.6. This highlights

the need for long term, high resolution measurements to determine the ideal operating

altitude as well as estimating the energy yield at a given location.

2.5.2 Inverse cumulative wind speed probability distribution

The inverse cumulative density function in �gure 2.10 highlights the probability a

certain wind speed is exceeded at a given altitude, thereby describing the design space

and energy potential of AWES. As above, the data set is split by times of positive

(left) and negative (right) SHF calculated in WRF. Times of unstable strati�cation

show an almost constant distribution above 200 - 300 m. Stably strati�ed boundary

layers show a steep increase of high wind speed (U > 12 ms� 1) probability up to about

500 m above which this value stays almost constant. A low chance of continuously

increasing wind speed exists during times of very stable strati�cation leading to a

wider spread of wind speeds aloft.

Figure 2.10: Inverse cumulative LiDAR wind speed probability distribution of the
whole measurement campaign over altitude split by SHF calculated in WRF. The
Left side represents times of positive SHF (unstable strati�cation), the right side
represents times of negative SHF (stable strati�cation).
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2.5.3 Wind roses

Figure 2.11 depicts the wind roses at four di�erent altitudes for the whole six months

measurement campaign. The dominant wind direction is West, rotating from South-

west to Northwest with increasing altitude. An average rotation of about +30� be-

tween 100 m and 1000 m as well as an increase in wind speed and a reduction in

variability can be observed [139], following the expected trends in the northern hemi-

sphere [8].

Figure 2.11: Wind direction and speed of the whole six months LiDAR measurement
campaign between about 100 and 700 m represented as wind roses.

2.5.4 Turbulence intensity

Mid-altitude wind energy systems will bene�t from relatively steady wind conditions

with reduced turbulence 
uctuation at higher altitudes. This reduction in variability

reduces the energy intermittency and thereby improves the grid feed-in qualities of

AWES. Variability in the wind velocity is quanti�ed by the longitudinal, lateral and

upward turbulence intensity TI. We focus on the longitudinal 
uctuations along the
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direction of the 10-min mean wind velocity. IEC standard 61400 [27] de�nes TI as

the ratio between the 90% quantile standard deviation of the wind speed at a given

height � U and the 10-min mean wind speedU:

TI =
� U

U
: (2.4)

Cup and sonic anemometers deliver high resolution measurements and can resolve

high frequency 
uctuations at the scale of multiple Hz. While average wind speeds

measured by LiDAR and other anemometers are generally in accordance with each

other, TI values can di�er due to di�erent temporal and spatial resolution of the

measurement technique [124]. The single beam DBS setup of the LiDAR which

produced the data we consider requires the laser to adjust its orientation every three

to �ve seconds. This relatively long sampling period results in a limited resolution and

di�erent standard deviation compared to other measurement techniques. Previous

studies [125] have shown a correlation between LiDAR TILidar and sonic turbulence

measurements for lower altitudes. As of now, no high altitude measurement device

can reliably gather high frequency data. Even though the LiDAR turbulence intensity

could not be independently validated, our results follow expected trends and can

function as a long term estimate of turbulence intensity in higher altitudes.

Figure 2.12 shows TILidar as a function of mean horizontal wind speed for 4 dif-

ferent altitudes (measurements in light blue in the background) and the data density

in red. The error bars along the median (blue line) indicate the 25th and 75th per-

centile. Figure 2.12 (a) includes the turbulence intensity TINTM de�ned by the Normal

Turbulence Model (NTM) in IEC standard 61400 [27].

TI NTM =
I ref (0:75U + b)

U
b= 5:6 ms� 1 (2.5)

Turbulence classes are de�ned by the 90% quantile of the turbulence standard

deviation at hub height and approximated byI A
ref = 0:16, I B

ref = 0:14 or I C
ref = 0:12.

Measurements at a height of 100 m generally have good accordance with theC tur-

bulence class, associated with the 
at agricultural land surrounding the measurement

location. The increase in TILidar for high wind speeds is likely caused by the small

sample size and the wide scatter of these assessments. The fairly high amount of high

TI Lidar outliers could be caused by the reduced data quality after the power outage.

The overall trend of average TILidar with altitude is shown in �gure 2.13. The

data is split by WRF modeled SHF, with positive SHF indicated in red, negative
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