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Abstract

This thesis presents two distinct bodies of work concerning quadrotor flight in urban
wind fields. The first attempts to characterize a quadrotor's ability to exploit urban
wind fields for improved flight performance. A computational fluid dynamics model
is used to obtain a wind field estimate given a 3D model of the environment and a
prevailing wind estimate. Minimum-energy trajectories are then found through the
environment using an empirically derived power consumption model for a specific
quadrotor platform. It is shown in simulation that a minimum-energy planner aware
of the wind field outperforms a naive, wind-unaware planner over metrics such as total
energy consumption, time to goal, and failure rate. The second component of the work
focuses on the development of an onboard wind sensor for quadrotors. Although it is
not yet clear how to integrate these measurements into a global wind field estimate
or use them in a planner, it is intuitive that on-board measurements could inform
the local wind field estimate or validate the global one. Accordingly, an effort was
made to integrate an existing microelectromechanical flow sensor into a quadrotor
platform. Initial results from full-scale tests in the Wright Brothers wind tunnel at
MIT demonstrate the the sensor's performance in flight and hover conditions.

Thesis Supervisor: Nicholas Roy
Title: Associate Professor
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Chapter 1

Introduction

1.1 Motivation

More than ever before, human civilization has become condensed into modern, dense,

and complex urban developments. A relatively recent socio-economic shift has brought

the fraction of the world's population living in urban areas to 54% with an annual

growth rate of 1.84% 12]. Combined with the explosive growth in the commercial

unmanned aerial vehicle (UAV) market, the constant improvements in UAV capabil-

ities, ever increasing energy density of batteries, and gradual loosening of regulations

makes the eventual operation of UAVs in urban environments seem all but certain.

This trend has not been overlooked by companies such as Google and Amazon who

seek to establish UAV delivery services in the consumer market [1, 3]. Others continue

to push applications such as law enforcement, reconnaissance, surveillance, aerial pho-

tography, inspection, mapping, and first response. Although only a small number of

companies have obtained permission to proceed with product development in these ap-

plications, the consumer UAV market is experiencing explosive growth. This growth

has continued despite FAA regulations put in place to mitigate the slew of safety and

regulatory challenges brought by this new technology, and UAV manufacturers have

continued to evolve their products to improve flight performance and reduce costs.

While UAVs have traditionally been large fixed-wing or single-rotor vehicles, the

vehicles that have come to dominate the commercial market and are the most likely

15



candidates for urban flight are smaller, multi-rotor Micro Air Vehicles (MAVs). As

demonstrated by Orr et al. [80], Kathari et al. [56], and Galway et al. [41], the re-

duced mass and dimensions of MAVs make them more susceptible to the external

forces imposed on them by the wind. Their size also limits their payload and thus

constrains the amount of energy available for a given flight. These challenges are just

a few of those introduced by the unique structure and terrain of urban environments,

but reinforce the importance of considering the wind field during navigation. Despite

the clear need to estimate and incorporate complex urban wind fields into trajectory

planning, it has remained an open problem. The primary contribution of this work is

to begin to address these challenges by analyzing the potential benefits of obtaining

high-fidelity wind field estimates over any urban environment and explicitly consider

their impact on a quadrotor's flight performance over a set of minimum-energy tra-

jectories.

1.2 Wind Fields

Wind field characteristics vary significantly with respect to the horizontal and vertical

environmental scale under consideration. To capture this notion, meteorologists have

defined three horizontal scales and a series of vertical boundary layers. The horizontal

scales are the microscale, local scale, and mesoscale. Each of these scales, seen in 1-la,

has characteristic wind fields associated with it and either plays an important role in

defining the urban wind fields we seek to exploit or motivates the approaches taken

in related work. Similarly, the vertical boundary layers range between the urban

canopy layer (UCL) and the troposphere and primarily aid in the definition of the

mean horizontal velocity profile. The mean horizontal velocity profile is defined as the

spatially and temporally averaged horizontal wind velocity as a function of altitude

and provides an approximation of the wind speeds a UAV might encounter at a given

altitude for a particular environment. As discussed later, the mean horizontal velocity

profile can also be used to define the boundary conditions for a computational fluid

dynamics (CFD) simulation. This section presents a brief summary of the relevant

16
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Figure 1-1: Illustrations of the horizontal and vertical environmental scales that define

the urban boundary layers and the resulting mean horizontal velocity profile. Note

that the horizontal velocity profile shown in figure 1-1b is averaged both temporally

and spatially averaged in order to remove the effects of turbulence generated by the

environment. Figures used with permission from Oke [79].

environmental scales, boundary layers, mean horizontal velocity profile, and their

relevance to our problem.

1.2.1 Mesoscale

The mesoscale, seen in figure 1-la, is defined on the order of tens of kilometers

and tends to capture large scale shifts in weather patterns and the meteorological

effects of entire cities. The mesoscale's relevant vertical scales are defined within the

troposphere by nested boundary layers called the free atmosphere and the planetary

boundary layer (PBL). In the free atmosphere, geostrophic winds, resulting from

the balance of the Coriolis effect and pressure gradients, act on synoptic scales of a

kilometer or more and tend to have very little temporal or spatial variation. At a

lower altitude, the PBL defines the highest extent of the terrain's effect on the flow

through frictional drag, solar heating, and evaporative effects.

Because of its irregularity, commercial passenger jets and full-scale UAVs, such

as the Northrop Grumman Global Hawk, spend the majority of their flight time in

the regions of the atmosphere far above the extent of the PBL. Due to their reliance

on the lift provided by flow features created by the terrain, manned and unmanned

17
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Figure 1-2: Illustrations of three common wind features used in avian and fixed-wing

soaring to extend flight duration and range while conserving energy.

gliders must operate at lower altitudes within the PBL at the local scale.

1.2.2 Local Scale

The local scale, seen in figure 1-la, is defined between one and several kilometers

and considers the effects of topography, but mostly excludes effects due to specific

environmental features or structures. Within the PBL, the terrain's effect on the

flow increases with decreasing altitude and disturbs the uniform wind fields found at

higher altitudes. The surface layer, also seen in figure 1-a, is the region below which

the effect of specific terrain features can be identified, and tends to have a height of

several hundred meters. Within this layer, phenomena such as Lee waves, thermals,

ridge lift, and gusts begin to appear. An example of each of these features can be

seen in figure 1-2.

Ridge lift is a region of vertical flow caused when air is forced upwards as it moves

over rising terrain. Lee waves are standing waves that are usually started by a region

of ridge lift, but continue to propagate over a significant distance. Thermals are a

region of rising air created by uneven heating of the surface. Although these features

are not directly relevant to urban flight, they are the focus of much of the soaring

literature discussed later, and corollaries exist within urban wind fields.

Critical for determining the prevailing wind conditions that drive the flow within

an urban environment, the inertial and roughness sublayers are defined within the

local scale and compose the surface layer. The upper boundary of the roughness

sublayer (RSL) is defined by the highest extent of significant vertical mixing in the

18



flow. Above this is the inertial sublayer, where the flow is considered to have mixed

and the effects of individual terrain features cannot be detected.

As shown in figure 1-1b, the mean horizontal velocity has a maximum value defined

at the upper boundary of the surface layer and is usually called the free stream

velocity. From this value, the mean horizontal velocity logarithmically decreases with

decreasing altitude throughout the majority of the inertial sublayer and over part of

the roughness sublayer. This straightforward relationship makes it common practice

to take prevailing wind measurements at a given altitude and extrapolate to obtain

the full velocity profile. However, the inherent complexity of the wind fields generated

by the structures increases the risk of inaccurate measurements as the measurement

altitude approaches the mean structure height.

1.2.3 Microscale

The microscale, seen in figure 1-la, considers the effect of individual objects and

structures and is defined between one meter and several hundred meters. Its vertical

extent is entirely contained within the roughness sublayer, and includes the urban

canopy layer (UCL). The UCL extends up to the mean feature height and because

urban environments are dominated by the structures within them, the mean feature

height tends to also be the mean structure height. However, as the name suggests,

the concept originated with the study of wind flow within forest canopies. The flow

within the urban canopy layer is driven by the flow in the upper sublayers, but is

strongly governed by its dense structure. Just as the terrain's interaction with the

flow creates complex features at higher altitudes, the urban canopy layer contains

many flow features that can have a significant effect on flight performance. The most

straightforward example of a flow feature exploitable by a UAV is the tendency for

the wind to be directed down an aligned urban canyon and over a perpendicular

one. Examples of both of these effects can be seen in figure 1-3. As shown, the x

component of the wind velocity within the urban canyons is relatively smooth and

continuous, while there is a significant reduction in magnitude directly behind the

structures at this altitude.

19
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Figure 1-3: Example wind field estimate generated by a computational fluid dynamics

solver with the prevailing wind flowing from the right to the left. Note the lower wind

velocities found in the wake regions of the buildings and the accelerated flow down

the aligned canyons.

Although those examples are intuitive, the urban environment also contains more

complex features such as the frontal vortexes and trailing wake regions found near

single buildings, as described by Blocken et al. 1141 and shown in figure 1-4a. As

discussed by Ioydysh et al. 1501 and shown in figure 1-4b. other wind features can

be found in the vortexes created by the interaction of the flow around several. closely

packed structures. Kittiyoungkun 1551 provides further discussion on the range of

wind features found in the urban environment and their relevance to UAV flight. As

all of these flow features demonstrate. the complex flow within the urban canopy layer

is a challenge to estimate and care must be taken when selecting from the wide range

of wind field estimation techniques.

1.3 Wind Field Estimation

Although there are many common wind field estimation techniques, no single ap-

proach is well suited to all applications and environments and very few are able to

capture the complexity found within urban wind fields. This section contains a brief
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Figure 1-4: Illustrations of the flow features found around a single structure and

structure group. Note that the scales of each of these features varies with structure

dimensions and some may cease to exist for certain configurations. Figures used with

permission from authors.

summary of several common wind field estimation methods and their applicability to

urban environments.

The simplest approach to wind field estimation is to assume a uniform wind ve-

locity with intermittent gusts. The 1-cosine gust model derives from the Military

Specification MIL-F-8785C and is applied to each velocity component individually.

The inputs are the gust amplitude in meters per second, gust length in meters, and

start time. Although this might be useful for testing a vehicle or structure's response

to a smoothed step-input, it, does nothing to encode a wind field's natural spatial

or temporal variation. A more sophisticated approach is found in the Dryden and

von Karman turbulence models. Both of these use characteristic length scales and

intensities to define the power spectral densities over the linear and angular compo-

nents of the wind velocity. The output is a static vector field with a degree of spatial

variation corresponding to the input parameters. Although these are commonly used

to assess an aircraft's response to turbulent wind fields, the temporal variation is only

created by the aircraft's movement through the environment and does not exist for

a stationary vehicle. Although the von-Karman model is the preferred continuous

gust model of both the Federal Aviation Administration and Department of Defense,

neither it nor the other methods discussed thus far are applicable to low altitude wind
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fields because they have no way of incorporating the terrain's effect on the flow. An

alternative approach to capturing the interaction between the flow and terrain is to

forgo simple models and rely solely on a set of wind measurements throughout the

domain.

Meteorology was one of the earliest fields to investigate wind field estimation us-

ing Kriging, also called Gaussian process regression. Gaussian process regression,

discussed more thoroughly by Rasmussen et al. [86], takes a series of measurements

as inputs and uses a function to define the covariance between any two points. This

covariance function, or kernal function, often has a set of hyperparameters that are

estimated given a set of training data. The resulting kernel function defines a distri-

bution over functions that generates a continuous function over the space that can

be queried with a test point to get the corresponding mean and covariance estimate.

This technique has much to offer when a large number of measurements are evenly

distributed throughout the domain and the resulting regression is well supported over

the area of interest. While these assumptions are true for wind field estimation using

data from satellite scatterometry, where mesoscale wind velocities are inferred from

changes in reflected radiation from the earth's surface, they do not hold in urban en-

vironments due to the sparsity of measurements provided by existing weather stations

or any quickly deployable system. A further complication is that the kernel functions

used by the regression assume a spatial smoothness that is violated by any obstacles

in the domain. These discontinuities cause the wind field estimate to incorrectly pre-

dict a strong correlation between wind velocities on either side of an obstacle, when

the physical separation clearly breaks any physical constraints. This failure mode

constrains the approach to only being used far from obstacles that interfere with the

flow behavior. More recently, Lawrance et al. [61, 62] used a variant of this approach

with a time history of wind measurements along a vehicle's flight path. Their ap-

proach relies on a spatio-temporal kernel to provide variable sampling density over

the map and sparsification of the training set for online estimation. Despite these

clever features, this approach suffers from the same drawbacks inherent in spatially

smooth kernel functions in environments with obstacles.
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While the complexity of the urban environment and its wind fields defeats these

approaches, the dense and static structures actually provide some predictability given

known prevailing wind conditions. A naive approach would be to use the publi-

cally available measurements from weather stations as inputs to a simple regression.

Unfortunately, the complex geometry of a typical urban environment would require

weather stations at nearly every street corner to properly capture the resulting flow

fields. Because weather stations tend to be distributed at the scale of neighborhoods,

they cannot sufficiently capture the flow fields within the urban canyons, but are suf-

ficiently dense to provide an accurate estimate of the local prevailing wind conditions

in the upper sublayers. Combining these estimates with a model for the horizontal ve-

locity profile and a map of the structures in the environment defines both the domain

and input conditions for a computational fluid dynamics solver that can simulate the

interaction of the flow with the environment. Although computationally taxing, the

accuracy of this approach and its prior use in urban planning, structural engineering,

and studies of fixed-wing flight performance in urban environments motivates its use

for this application.

In general, CFD solvers use one of three main turbulence models to solve the

Navier-Stokes equations. In order of increasing sophistication, realism, and solution

complexity, these are Reynolds-averaged Navier-Stokes (RANS), large-eddy simula-

tion (LES), and direct numerical simulation (DNS). RANS provides a time-averaged

or steady solution and therefore generates a static wind field estimate. Due to its

relative computational simplicity, RANS is the standard in the engineering industry,

and the k - c model is the most frequently used version. This two parameter turbu-

lence model resolves the two transport equations for the turbulent kinetic energy, k,

and the turbulent dissipation rate, c. Despite the popularity of RANS models, they

incorrectly assume that the turbulent behavior is equivalent at all scales. Because

this is not true, LES directly solves for the flow in the larger, transient, and geometry

dependent eddies, but resolves the more universal and isotropic smaller scale eddies

with an approximate subgrid-scale model. Since LES is used in an unsteady simula-

tion, it provides a time series of wind fields by explicitly computing the time evolution
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of the flow. DNS, the most computationally intensive method, directly solves for the

flow at all scales. Currently, this is only feasible for very small domains and will not

be considered here. Further details on CFD simulation, turbulence models, and the

significant of the various approaches will be discussed later.

1.4 Minimum-Energy Trajectory Planning

As established in the literature and discussed in greater depth later, a natural way

to drive the exploitation of a wind field is to consider the amount of energy being

expended by the agent as it navigates through the environment. For a vehicle without

wing lift, it is natural that traveling upwind should have a higher action cost than

traveling downwind due to the increased form drag. A winged vehicle adds some

additional complexity because the vehicle's lift must be considered along with its

airspeed. A vehicle's airspeed is defined as the wind speed minus the vehicle's ground

speed. The study of this problem, minimum-energy trajectories for winged vehicles,

is generally called soaring and is an important reference for the work presented here.

A common practice among birds as well as manned and unmanned gliders, soaring

is the act of extracting energy from the wind field in order to improve some aspect of

flight performance. In the earliest known description [5], Lord Rayleigh stated that

when a bird does not work its wings while maintaining altitude, we must conclude

that either the wind is not horizontal, or the wind is not uniform. These two alterna-

tives are now known as static and dynamic soaring, respectively. Specifically, static

soaring is the extraction of energy, usually in the form of potential energy, from a

relatively uniform wind feature that provides lift through the vertical component of

the wind velocity. Dynamic soaring is the extraction of energy from large gradients

in the wind field such as those created by waves or hills and frequently exploited by

albatrosses [95]. Both types share the common objective of extending flight range

or duration. Despite its frequent use in nature as well as manned, fixed-wing flight,

the effective use of soaring has yet to be demonstrated in complex wind fields such as

those found in urban environments. Although the fixed surfaces of a quadrotor cannot
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generate much lift, the minimum-energy trajectory planning approaches developed in

the soaring literature offer an appropriate foundation for the work presented here.

1.5 Overview

This document begins with Chapter 2 by discussing related work in wind field esti-

mation for UAV flight, trajectory planning for fixed-wing UAV soaring, and past ap-

proaches to on-board wind velocity measurement. The remainder of the work presents

results from two distinct efforts to enable quadrotors to efficiently and safely navigate

the complex wind fields found in urban environments. The first component focuses

on wind field estimation and begins in Chapter 3 with the design, development, and

testing of a low-cost wind sensor for two-dimensional wind velocity measurement on-

board a quadrotor. This leads into Chapter 4 with a discussion of urban wind field

simulation using a CFD solver. Chapter 5 presents the second component which

analyzes a quadrotor's ability to exploit urban wind fields for improved flight perfor-

mance. This includes a formal planning problem statement, the development of an

empirically derived power consumption model, and discusses the simulation results of

minimum-energy trajectory planning over portions of the MIT campus with known

wind fields. Finally, Chapter 6 closes with conclusions.
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Chapter 2

Related Work

The related work presented here draws from the research areas of fixed-wing UAV

soaring, analyses of UAV flight performance in urban wind fields, and on-board wind

estimation. Although a few of these efforts have focused on single and multi-rotor

UAVs, the majority of the supporting literature comes from research on fixed-wing

platforms. For clarity, the relevant components of each work have been arranged

into the sections on wind field estimation, trajectory planning, and on-board wind

estimation.

2.1 Wind Field Estimation

A prerequisite for exploiting a wind field is having an accurate estimate of that wind

field. The simplest approach, demonstrated by Ceccarelli et al. [22] and Osborne et

al. [81], is to assume that it is both static and uniform. Although this might be a

decent approximation for an instantaneous snapshot of a synoptic wind field at high

altitude, it ignores the dynamic nature of weather patterns and could become arbi-

trarily wrong as the prevailing wind shifts. Providing an incremental improvement,

Rysdyk et al. [94] and Langelaan et al. 158] assume a uniform wind field given a pre-

vailing wind vector with additive Gaussian noise. A series of air and ground speed

measurements are then used to estimate each component of the prevailing wind veloc-

ity. Although this approach allows for slowly evolving, uniform wind fields, it forces
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the user to choose between robustness and accuracy in the complex wind fields found

at lower altitudes where the terrain's influence on the wind field creates spatial and

temporal variation. Despite its drawbacks, the method of using a history of local

measurements to build a global wind field estimate is one frequently taken in the

soaring literature.

2.1.1 Local Measurements

Using a set of local measurements can be a flexible and powerful approach to wind

field estimation, but imposes strong constraints on the quality and distribution of

those measurements. As might be expected, given an expressive representation and

a sufficient number of wind measurements appropriately distributed throughout the

domain, the global estimate obtained from the measurement set could closely ap-

proximate the true wind field. However, an overly sparse or poorly distributed set of

samples over the domain could artificially and erroneously bias the resulting estimate.

One example of using a history of local measurements to estimate the global wind

field was presented by Langelaan et al. [59], and assumed a polynomial parameteri-

zation of the wind velocity over altitude. Given wind velocity measurements from a

Pitot tube mounted on a small, powered glider, a Kalman filter was used to estimate

the polynomial coefficients of the horizontal wind speed profile. By repeatedly flying

vertical loops, the estimate of the velocity profile was updated with the new mea-

surements and propagated with a constant motion model between time steps. The

evolving velocity profile can be seen in figure 2-1. A similar approach was taken by

Sydney et al. [1001 for a quadrotor flying near a single structure through a turbulent,

spatially varying wind field while estimating the values of a parametric wind model

using a recursive Bayesian filter. Although these techniques allow both temporal and

spatial variation in the wind field, they solve both of these problems in overly simpli-

fied ways such that the generated estimates are not expressive enough to be used in

more general environments.

Working with a powered motor-glider, Allen [7] used a history of wind speed and

lift rate measurements to estimate thermal location, size, and strength. Each of these
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Figure 2-1: Langelaan et al. [59] show the evolution of a wind field profile estimate
over time. in red, as the UAV makes additional loops through the environment to
gather data. The dotted red lines show the 2 sigma bounds of the profile estimate.
The blue lines show a curve fit of approximate ground truth data obtained from a
weather balloon. Figures used with permission from authors.

parameters was found by using gradient descent to fit a spatial. squared exponential

model of the wind velocity over the weighted history of measurements. A total of

23 thermals were detected and utilized over the course of 17 flights with an average

altitude gain of 173 m. The flight, path data from one of these flights can be seen in

figure 2-2. Although this approach allowed for the successful discovery and tracking

of thermals, it achieved this success by placing strong assumptions on the form of the

wind field and then only flying near these wind features. In order to be successful

outside of this narrow application, the method must allow for wind fields of a more

general form.

In [61., 62]. Lawrance et al. presented a wind field estimation technique that relies

on Gaussian process regression over a history of local measurements and demonstrated

its ability to build an accurate estimate of a static wind field with a single, stationary

thermal. This nonparametric approach is powerful because it can use a set of wind

measurements over the map to build a continuous estimate of an arbitrary wind

field. Accordingly. this method captures spatial variation quite well, but does not
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Figure 2-2: A figure from Allen I7I showing the flight path and tracking of a thermal.
Note that the vehicle initially flies a straigth path until it finds the thermal and
then attempts to orbit the estimated thermal position for the remainder of the flight.
Figures used with permission fron authors.

elegantly handle temporal variation. For example, a temporal drift in a static wind

field would require heavy resampling to get an accurate estimate of the shifted., but

otherwise unchanged, wind field. Another drawback of this approach is its cubic

complexity with respect to the number of measurements over every optimization step

while learning the hyperparameters that define the covariance kernel function. Given

the innate need to collect online measurements, the size of the measurement history

must be carefully managed and places an upper bound on the resulting estimate's

maximum domain size and resolution. An example of a wind field estimate from this

approach can be seen in figure 2-3. This estimate is from a simulation of a glider

exploring a 400 m x 200 in x 100 in domain with no initial knowledge of the wind

field. Accordingly, there is an initial period while the domain is being explored before

the estimate closely approximates the true wind field. Note that the domain size is

relatively small relative to the scales of high altitude wind features being exploited in

typical fixed-wind soaring.

Also note that the simulation in figure 2-3 exaggerates the Gaussian process's

ability to estimate complex spatial variation by including the sinusoidal wind feature

across the domain. In general., it is challenging to infer the state of the wind field

at a distance from the current measurement location, but including the rarely found,
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Figure 2-3: An illustration from Lawrance et al. [61] of the ground truth, shown on

the left. and final mean estiniate, shown on the right, of the wind field in a domain

with a Lee wave and thermal. The cone's size and orientation represent the wind

speed and direction. respectively, and are color coded by the variance in (m/s)2 . The

red crosses indicate the vehicle fiight path through the environment. Figures used

with perinssion from authors.

periodic Lee wave somewhat artificially enables local measurements to be accurately

propagated over one dimension of the domain. If the wind field were composed

of a dense set of more spatially irregular features, significantly more measurements

would be required to get the same accuracy. This case would further complicate

the challenge of tuning the length scale paraneters of the squared exponential kernel

function. Without, a regular set of features with known length scales, it would be easy

to overfit to a particular feature and smooth over higher frequency variation present

in another.

In an attempt to address some of these issues, Lawrance et al. modify their

approach in 1631 to allow for timle varying wind fields and feature drift. The spatio-

temporal kernel proposed in their work also gives a relatively rigorous method for

rejecting the least informative measurements in the set. As previously mentioned,

this is a critical factor in managing the complexity of updating the estimate. A time

series of wind field estimates and their corresponding glider trajectory for a single

simulation can be seen in figure 2-4. Again, despite the more sophisticated kernel

function. the size of the domain is relatively small compared to typical glider flight

paths. By continuing to rely on the periodic Lee wave as the central wind feature,

this work also underestimates the number of measurements needed for an accurate
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Figure 2-4: A series of snapshots of the wind field estimate and flight path from a
simulation done by Lawrance et al. 1631. The path is indicated by the grey line and the
autonomous soaring begins at the green triangle after an initial period of exploration

and ends at the red circle. The cones represent the wind velocity magnitude and

heading and are color coded by the variance in (rI/s) 2. Figures used with permission

from authors.

0

estimate in a, more irregular wind field.

More fundamentally, Lawrance et al. [631 illustrate why the paradigm of using

local measurements can be successful at high altitudes, but is much less effective

at lower altitudes where the flow in the environment is dominated by its interac-

tion with obstacles. As indicated by the authors, their approach was limited by the

growth in computational complexity of updating the wind field estimate as the num-

ber of measurements increased. The relatively large amount of spatial variation in

a similarly sized urban wind field would significantly increase the number of mea-

surements required to accurately capture the underlying wind field. The temporal

variation at any point, would also prevent a single measurement from being represen-

tative of the expected wind velocity and would require repeated visits or extended

periods of time to be spent at every measurement location. Finally, there is an inher-

ent assumption of smoothness when using any common kernel function such as the

squared-exponential. Urban wind fields violate this assumption because the struc-
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tures in the urban environment introduce sharp discontinuities within the domain.

For example, a measurement on one side of a building corner is only loosely corre-

lated with the conditions on the opposite side. A measurement upstream of a small

obstacle compared with one downstream also has little correlation, despite its close

spatial proximity. With these limitations in mind, it becomes clear that any success-

ful approach to urban wind field estimation will explicitly incorporate a model of the

environment or similar environments in some way.

2.1.2 Simulation

A more direct approach to wind field estimation uses CFD and a model of the environ-

ment to simulate the wind fields generated by the current prevailing wind and weather

conditions. Recently, several authors have made significant headway in applying CFD

solvers to wind field estimation for UAV flight. The following section outlines their

results and investigates the strengths and weaknesses of their approaches in regard

to urban wind field estimation.

Chakrabarty and Langelaan [24] demonstrated the use of CFD for wind field es-

timation for a fixed-wing, unpowered glider path planning over a mountain range in

central Pennsylvania during a 12 hour period on October 7, 2007. The simulated

glider was a RnR Products SB-XC with a mass of 10 kg and a roughly 4 m wing

span. The objective was to extend the vehicle's range as it attempted to reach a

goal by exploiting regions of lift within the wind field. The time series of wind field

estimates was computed by Young et al. [108] with the numerical weather prediction

package Weather Research and Forecasting (WRF). The simulation domain had a

large extent of 70 km x 70 km x 5 km with a discretization of 0.44 km horizontally

and a descending density with increasing altitude. Unlike using a history of local mea-

surements, CFD solvers directly compute global wind fields that explicitly consider

the effect of the terrain. Although CFD solvers are computationally expensive, the

results are more likely to be accurate, and assuming offline computation, significantly

larger domains can be considered. To extend the use of a CFD solver to a real-time

application with arbitrary prevailing wind conditions, a library of wind fields would
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Figure 2-5: Simulation results from Chakrabarty and LangelaanJ24] showing four

snapshots in time over the course of the flight. Note that the vehicle follows the

color coded lift regions as they evolve over time. Figures used with permnission from

authors.

need to be precomputed and stored for a spanning set of prevailing wind speeds and

headings. Although the use of a numerical solver for wind field estimation that ex-

plicit considers the terrain offers promise for obtaining urban wind field estimates, the

WRF cannot handle the dense structure of urban environments. Fortunately, other

CFD packages offer suitable alternatives.

Although no previous results have addressed planning over urban wind fields, sev-

eral efforts have been made to generate wind fields using CFD solvers to characterize

tieir effect on UAV flight performance. Galway et al. [43, 40., 41, 42] investigated the

effect of wind fields within a sparse urban environment on the path following perfor-

mance and control effort of both a single-rotor and fixed-wing UAV. In an effort to

avoid recomputing the wind field for every new environment, a library of 3D wind field

primitives was built, using the ANSYS CFX CFD package. The library was composed
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Figure 2-6: Two 2D vector plots showing wind fields on a horizontal plane at half the
structure height from the 3D simulation environment used in Galway et al. [42]. The
freestream wind speed was 8.5 m1 s flow from bottom to top. Flow direction is shown

in the direction of the arrow heads with white being higher speeds and black being

lower speeds. Note the interaction between the two structures on the right that acts

to speed up the flow through the canyon. Figures used with permission from authors.

of wind fields for small groups of structures with one or two buildings over a set of

prevailing wind conditions. The objective of the work was to combine these wind field

primitives to generate an accurate estimate over a more complex environment with

many structures. An example of these wind field solutions can be seen in figure 2-6.

Each of these wind fields was computed using an unsteady LES simulation with

a 0.1 s time step over a total of 20 s. The resulting time series of wind fields was

then post processed to find a bounding wake region that contained the time varying

portion of the wind field. Once this wake region was identified, it could be directly
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Figure 2-7: An illustration of the 3D simulation environment used in Galway et

al. [42]. The previlaing wind is approximately 8 kts from the East. Note the wake

boundary regions outlined on each structure. Figures used with permission from

authors.

combined with other elements of the library as long as their wake regions did not

overlap. Further work was done to combine wind fields with overlapping wake regions

in special cases. An example of a wind field composed of many library elements, some

of which overlap, can be see in figure 2-7.

By simulating the vehicle's flight along a given target trajectory through a pre-

computed wind field unknown to the vehicle, Galway et al. further demonstrated

that the forces generated by the vehicle's interaction with the wind field had a sig-

nificant effect on the control effort and trajectory following performance of both the

single-rotor and fixed-wing UAV. Although Galway's approach allows for approximate

wind fields to be generated for this specific subset of sparse urban environments with

building groups no larger than one or two structures, these constraints on structure

density and geometry prevent the approach from capturing wind fields in more com-

plex and dense environments found at ground level in a typical city. Although no

attempt at trajectory planning was made in this work, it is also unclear how a raw

unsteady wind field simulation would be used in a planner because even a wind field

with a dominantly periodic evolution would need to be synchronized with the current

conditions.

Orr et al. [80] and Gross et al. 147] made several efforts investigating UAV flight in
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urban environments through an Air Force Research Laboratory (AFRL) project called

the Cooperative Operations in Urban Terrain (COUNTER). This work focused on the

effect of wind fields over a small group of buildings on a fixed-wing UAV's ability to

reach a set of waypoints. The fixed-wing UAV used in simulation for this work had a

mass of 9.5 kg, a wing span of 1.8 m, and a cruising speed of 13 m/s. The simulation

domain was a small grouping of 15 structures that composed a town square. The

tallest of the structures was three stories. Steady wind field simulation was done with

a CFD package called the Air Vehicles Unstructured Solver (AVUS). The simulated

wind field had a prevailing wind speed of 4.6 m/s and southerly heading and although

no detailed analysis was presented on the effects of the wind field on the vehicle's path

following performance, it was noted that the addition of the wind field prevented the

UAV from reaching several of the waypoints in its path. In this case, the addition of

the wind field into the simulation caused the vehicle to exceed its maximum airspeed

along the target trajectory and forced it to abandon the unreachable waypoints.

Similar to the work of Chakrabarty et al [241 and Galway et al. 143, 40, 41, 42],

the approach taken by Orr et al. [80] and Gross et al. [47] has the benefit of explicitly

considering the effect of the terrain on the wind field. However, relative to our appli-

cation, it improved upon these approaches by doing so for a dense urban environment

without the need to combine wind field primitives. A potential drawback lies in the

questionable ability of a steady CFD solver to accurately capture the unsteadiness

present in an urban environment. Although it might be able to capture the mean

flow velocities, it does not provide any uncertainty estimate over the map.

White et al. [1031 used steady and unsteady CFD simulation as well as wind tun-

nel and in-situ measurements to investigate the ability of a small fixed-wing glider

to soar in the rear wake region of a structure. The wind vectors over a vertical 2D

plan can be seen in figure 2-8 and show good agreement between the measured data

and simulation data. Notably, the steady k - E RANS solution has strong agreement

with the wind tunnel measurements, and the LES simulation required the inclusion of

inflow turbulence to match these results. Given the fixed-wing UAV's lift character-

istics found in a separate wind tunnel experiment, it was determined that this UAV
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Figure 2-8: White et al. [1031 presents the velocity vectors from numerical simulations

comparing the RANS and LES turbulence models (a-c) and the in-situ experimental

data (d). Note the similarity between the RANS simulation and the LES simulation

with the modeled inflow turbulence. Figures used with permission from authors.

would be able to effectively soar in the wake region of this building. Unfortunately, no

planning or flight simulations were performed to justify this conclusion, but this work

remains an example of the ability of CFD simulation to compute accurate estimates

of complex wind fields close to structures at the resolutions necessary for UAV flight.

Sutherland [99] also studied UAV flight performance in the wake region of a single

structure, but focused on quadrotor flight performance while investigating the effec-

tive differences between using a RANS and LES turbulence model. This work used

the OpenFOAM CFD solver to generate a set of wind fields around a single structure

with dimensions 20 x 20 x 120 ni. In an effort to ensure the accuracy of the wind

field estimates, much of this work was directed towards a series of sensitivity analyses

on spatial and temporal resolution as well as verification studies. As in Galway et

al.[42j, a wind field database was constructed in order to decouple the 30 s runtime

of the flight simulation and the 0.97 and 17.7 hour wind field computation time for

the RANS and LES models, respectively. Once the wind field library was built, it

was used to analyze the performance of a quadrotor position controller in various

locations around the structure for both CFD methods. In summary, the LES simu-

38



Wind Velocity [rn/si

E( 3 0 1.25 2.5 3.75 5.0

D 40, 0, 120)

61(24, 6, 80i 7

A (14. 0, 56)

Figure 2-9: Raza and Etele [871 show a vector field from a wind simulation of the flow

around a single structure and the trajectory waypoints in their simulation. Figures

used with permission from authors.

lations did significantly better resolving the innately unsteady turbulent fluctuations

and therefore its wind fields had a more significant effect on the quadrotor's flight per-

formance. Sutherland also notes that, the additional complexity of LES means that it

should primarily be used in the pursuit of designing and testing autonomous control

algorithms for nultirotor UAVs on the order of 0.5 m in size and 2 kg in mass. Build-

ing further on these results, Raza and Etele 187] used the same wind field database to

characterize the performance of several quadrotor position controllers while flying in

the structure's wake region. Again, these authors concluded that LES was superior

to RANS in its ability to accurately model the smaller-scale perturbations placed on

the quadrotor due to turbulence, but also resulted in significantly increased solution

times.

Cybyk et al. [31j performed a similar investigation into the effects of wind fields

on fixed-wing flight performance over a nultikilometer portion of Baghdad, Iraq.

The terrain geometry was resolved to 1 in and the wind field to 6 m resolution.

The unsteady, LES wind fields were generated with the FAST3D-CT CFD package.

Harms et al. [49] presented a validation study of FAST3D-CT against the data from a

large field trial in Oklahoma City summarized in work by Allwine et al. [10, 8 9, 16].
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Figure 2-10: An illustration from Cybyk et al. [311 of the Procerus Unicorn UAS and
the simulated mission route through downtown Baghdad with a prevailing wind head-
ing of 20 degrees and prevailing wind speed of 3 m 's. Figures used with permission
from authors.

The UAV used in simulation was the Procerus Unicorn, a powered glider with a 1

m wing span that weighs approximately 2 kg. An example trajectory from a single

simulation along with an image of the UAV is shown in figure 2-10. This trajectory was

simulated without wind., with a 3 m1 s prevailing wind speed using only translational

wind velocity, and with a 3 m/s prevailing wind speed with both translational and

rotational wind velocities. Although no planning was done and a detailed analysis

of the UAV's flight performance was not performed, these few trajectories generated

significant differences in the vehicle's control effort. position., and attitude.

In a slightly different application, the Navy has used both RANS and LES CFD

solvers to estimate wind fields near structures for flight simulation and the analysis

of helicopter and fixed-wing flight perforniance. Bogstad et al. [15], Zan [1091, and

Forrest et al. [371 used CFD to create an extensive ship-airwake database for a ship-

specific flight simulator to train helicopter pilots for landing and takeoff from various

points on a ship. Similarly, Crozon et al. [30] used CFD to analyze the interaction
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between the rotor and the frigate deck in a single simulation.

2.2 Minimum-Energy Planning

A critical component of the quadrotor's ability to exploit an urban wind field for

improved flight performance is a planner that will choose the appropriate path through

the environment. The soaring community has thoroughly addressed this problem

using minimum-energy trajectory planning for its ability to encode the desire not

only to avoid flying into headwinds and catch tailwinds, but to provide vertical lift

and exploit shear layers in the wind field. Although a quadrotor cannot generate lift

as efficiently as a fixed-wing vehicle, the same inherent connection exists between a

minimum-energy trajectory and the ability to efficiently fly through wind fields. The

following section presents the relevant details of closely related work from the soaring

community that informed our planning algorithm.

Chakrabarty et al. [23] developed a graph-based planning method that uses A*

search to plan over the domain using a feasible action set. The edge cost is the

energy consumption along that edge in the graph. A weighting between the Euclidean

distance heuristic and energy consumption is proposed to tune the behavior of the

planner. Figure 2-11 shows the behavior of the planner for different weightings of the

heuristic over a simple domain.

In an extension of this work, Chakrabarty et al. 124] considered time-varying,

complex wind fields over a mountain range. Although the wind field estimation com-

ponent of this work was previously discussed, this is also one of the few examples

of UAV path planning in time-varying wind fields. To circumvent the complexity of

planning over time varying wind fields, a kinematic tree algorithm, originally pre-

sented in Langelaan [57], is extended to use an explicit representation of time in a

receding horizon framework. This planning approach minimizes the distance to the

goal while maximizing the total energy.
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Figure 2-11: A comparison from Chakrabarty et al. 123] of A* paths with varying
weights on inimuni-distance and energy consumption along with the ideal path
through this environment and cost map. Figures used with permission from authors.

2.3 Wind Measurement

Although it is not yet clear how to incorporate on-board wind velocity measurements

into a wind field estimate, it is intuitive that an accurate local measurement could

provide useful information for a trajectory planner or wind field estimation algorithm.

This is reinforced by the work of Alexander and Vogel 16] which investigated the

ability of several species of birds to align themselves with their intended direction of

travel and mitigate the effects of wind gusts using measurements of the wind velocity

along their flight trajectory. Additional work was done by Gewecke and Woike 144]

and Brown and Fedde 119] demonstrating the connection between the airflow over

avian feathers and the bird's steering impulses as well as the ability to predict stall

and measure airspeed. Local wind measurements could also provide a check on the

accuracy of the current global wind field estimate within that region of the map. The

following section presents the relevant details of closely related work from the UAV

community on on-board wind velocity estimation and measurement. A few of these

efforts have focused on single-rotor MAVs, but the majority of the work considers

fixed-wing vehicles.
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Although larger vehicles can afford to carry complex and heavy wind sensors such

as LIDAR, SONAR, and sophisticated ultrasonic aneomoeters, MAVs have strict

weight and power budgets that restrict their sensor payloads. Accordingly, much

work over the past decade has focused on eliminating the need to carry an additional

sensor specifically for wind velocity measurement. Mayer et al. [69] and Reuder et

al. [891 demonstrated a straightforward example of this by constraining a powered

glider to a circular flight path with a constant thrust and angle of attack in order to

use the GPS position measurements to estimate wind velocity. Although successful in

both simulation and a field trial, the constraints imposed on the vehicle's trajectory

prevent it from being more broadly applicable.

Another technique to circumvent the need for an additional sensor is to use a

model of the vehicle dynamics or actuators. Neumann and Bartholmai [77] used

measurements from a quadrotor's IMU and GPS along with a drag model to estimate

the wind speed. Validation flights were done using a ground truth anemometer over

the course of a 20 minute flight within a single 30 m x 30 m area. Although both

the wind speed and heading roughly tracked the ground truth values, errors of more

than 600 in heading and approximately 50% in speed were present. The RMSE of

the wind speed was 0.6 m/s while hovering and 0.36 m/s while flying. The RMSE

for the heading was 14.02' while hovering and 14.77' while flying. Similarly, Cho

et al. [26] used airspeed and GPS measurements on a powered glider in a Kalman

filter framework to estimate wind speed. Along these same lines, Myschik et al. [75]
used GPS position, magnetometer heading, IMU measurements, and control surface

deflection to calculate the angle of attack, sideslip angle, and resulting wind speed of

a fixed-wing UAV.

Other work in this area focused on wind estimation without additional sensors

on-board single and multi-rotor vehicles. Moyano Cano and Javier [72] developed a

model of a quadrotor's pitch response to horizontal wind and used it to characterize

the horizontal velocity profile in offshore wind farms. Marino et al. [68] attempted a

more minimalist approach to estimate oncoming flow velocity magnitude and direc-

tion using power consumption measurements from each of a quadrotor's four rotors.
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Although it was found that quadrotor endurance was improved by an approximate

minimum of 50% with updraft velocities of greater than 5.5 m/s, the oncoming flow

vector could only be resolved under limited conditions. Finally, Divitiis [35] applied

the same method of using a dynamics and thrust model to a single-rotor MAV with

the addition of a neural-network to estimate wind velocity from these inputs.

Although many of these approaches were successful in estimating the wind velocity

in their respective domains, they all suffer from the need to either restrict vehicle

motion or to build and maintain an accurate dynamics model. It is impractical to

tightly constrain the motion of a UAV in a dense urban environment and the relatively

laborious task of updating a dynamics model would need to be repeated for each new

vehicle and as the UAV payload or configuration changed.

Additional efforts have been made to leverage the Pitot tube airspeed sensor fre-

quently found on fixed-wing gliders. Chan et al. [25] demonstrate three real-time,

filtering approaches to estimating the local wind velocity with the Spoonbill UAV

system, a powered glider developed by the Remotely Piloted Vehicle and Micro-

Satellite Research Laboratory (RMLRL). The onboard sensors consisted of a GPS,

AHRS, airspeed sensor, angle of attack sensor, and sideslip angle sensor. A test flight

was performed with the UAV flying a 1 km x 1 km box pattern while ground truth

wind data was collected by an ultrasonic anemometer. Strong agreement was found

between the estimated and measured speed and headings with a maximum of 10%

error in speed and only a few degrees in heading. Other efforts were made by Patcher

et al. [82] and Zhang [110] using GPS inertial and air data measurements to estimate

horizontal components of wind speed and vehicle heading angle. Langelaan et al. [58]

improved on this approach by estimating wind velocity, its rate of change, and spa-

tial gradient. While these approaches work well for fixed-wing gliders, they cannot be

applied to any vehicle that does not have a minimum forward airspeed since a Pitot

tube needs the resulting dynamic pressure.

Given the sensor's inherent constraints, several have attempted to replace or im-

prove upon the Pitot tube as an airspeed sensor. One alternative to the standard Pitot

tube is a multi-port pressure probe that provides velocity and turbulence information
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in several dimensions. Kroonenberg and Martin 1102], Reuder and Jonassen [90], and

Spiess et al. [98] used 5 and 9-hole pressure probes to successfully measure atmo-

spheric wind velocity and turbulence on the M2 AV and SUMO platforms. Both are

fixed-wing UAVs with sensor suites that also included a GPS and IMU. A similar

approach was taken by Mansour et al. [67] with a 7-hole pressure probe to charac-

terize the atmospheric boundary layer near wind turbines. Their custom pressure

probe consisted of a 20 mm hemispherical probe head and allowed for a relatively

small dynamic pressures and large incidence angles of up to 70 degrees. Although

exceedingly accurate, these pressure probes still require a minimum forward airspeed

and restrict the wind's incidence angle. Both of these constraints are problematic for

a quadrotor measurement platform.

In a relatively extreme effort to improve measurement accuracy, Bange and Rainer [11]

used a full-scale helicopter towing a sensor array to measure wind velocity and tur-

bulence in an urban environment. Although the system performed well, the size and

cost of the system prohibits its use on most UAVs and all MAVs.

In an effort to remove the dependence on both the Pitot tube and magnetometer,

both Rodriguez et al. 193] and Moore [71] used a downward facing camera and optical

flow algorithm to detect the slip angle of a fixed-wing UAV. Combining this with

ground speed estimates provided by GPS allowed the wind speed to be calculated.

The approach was demonstrated both in simulation and in a single test flight. In

both cases, the system was only used to estimate a global wind speed and heading.

In an effort closely resembling the approach taken here, Miller et al. [73] devel-

oped a 2D, low-power flow sensor based on MEMS differential pressure sensors. The

indoor robotic blimp and flow sensor used by Miller et al. [73] are shown in figure 2-

12b. Because the blimp platform was designed for indoor flight, the lack of wind

meant that any airflow measured by the vehicle would be due to the motion of the

vehicle or the flow induced by its rotors. Given the assumption of a static wind field,

the experiments done by Miller et al. 173] demonstrated that an accurate flow sen-

sor could be used to recover the vehicle velocity. Due to the blimp's limited payload

capacity, a custom flow sensor was developed based on the SDP600 commercial differ-
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Figure 2-12: Work by Muller et al. [73] shown in panel 2-12a the validation test and

the robotic indoor blimp with the mounted MEMS flow sensor in panel 2-12b. Figures

used with permission from authors.

ential pressure sensor manufactured by Sensirion. The factory housing was removed

and tubes were mounted on the sensor face in order to focus the sensor's sensitivity

on a single axis. Two of these units were mounted perpendicular to each other and

positioned both longitudinally and laterally with respect to the vehicle body frame.

A model was built to perform probabilistic velocity estimation from the sensor mea-

surenments. The resulting successful velocity estimation from the algorithm as well as

a naive estimator and ground truth data over the course of a test flight can be seen

in figure 2-12a. Although this approach works well for indoor environments, it is not

clear how well it would extend to outdoor flight and how the induced flow from a

quadrotors propellers would affect the solution.

In a similar effort, Yeo et al. [107, 105, 106] demonstrated a unique multi-port

pressure probe system distributed over a quadrotor platform such that it could inea-

sure both horizontal and vertical flow velocities. This work's primary objectives were

to both estimate vehicle velocity in an indoor environment and estimate the strength

and position of downwash from other nearby quadrotors. As seen in figure 2-13. this

was achieved by mounting a total of six flow sensors with four vertical flow sensors

mounted on each of quadrotor's arms and two horizontal flow sensors mounted per-

pendicular to each other and directly above the center of the vehicle. The system was

demonstrated in a series of indoor flight tests with a single rotor mounted on a sliding

carriage to simulate the presence of another quadrotor while using motion capture
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Figure 2-13: A diagram from Yeo et al. [106] showing the four vertical flow sensors and
two horizontal sensors mounted on the DJI quadrotor. Figures used with permission
from authors.

as ground truth. The comparison of the resulting velocity estimates can be seen in

figure 2-14. Although this system was successful at estimating a quadrotor's ground

velocity in an indoor environment, its maximum measurement velocity of 5 m/s limits

its usefulness in larger outdoor environments with strong winds. The effect of large

pitch angles on the accuracy of the estimate is also unclear.
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Figure 2-14: Flight test results from Yeo et al. 1106] showing the performance of
the velocity estimation aginst a ground truth reference provided by motion capture.

Figures used with permission from authors.
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Chapter 3

Onboard Wind Measurement

Although it is not yet clear how to properly incorporate on-board wind measurements

into a wind field estimation algorithm, it is intuitive that on-board measurements

could provide useful information about the local wind conditions as well as the validity

of the current global wind field estimate. With this in mind, the following section

presents initial results on the integration of an existing MEMS-based wind sensor into

the quadrotor.

3.1 Wind Measurement Techniques

There are a range of common sensing modalities that can be used to measure wind

speed, but most of these are unsuitable for use on-board a quadrotor. The simplest

wind sensor is the ubiquitous vane anemometer. These have either cups or a windmill

to measure wind speed and are commonly used to measure wind conditions on per-

sonal weather stations. Although their simplicity provides robustness, the inertia of

the rotating components and bearing friction within the assemblies limit the dynamic

response of these sensors and restricts their use to hovering in wind that varies slowly

relative to the sensor dynamics. An additional drawback is that the vehicle's move-

ment imparts forces on the sensor which induce artificial changes in the wind heading.

Although this design's simplicity is attractive, these inherent weaknesses prevent it

from being a suitable candidate for on-board wind sensing in dynamic urban wind
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fields.

The pitot tube is another wind sensor commonly used in both hobbyist and com-

mercial aviation. These sensors measure the dynamic pressure between a forward

facing pressure port and a perpendicular, static pressure port and work well on fixed

wing aircraft. The constant forward airspeed of a fixed wing vehicle creates the

necessary dynamic pressure to obtain accurate wind speed measurements. Another

drawback is the sensor's sensitivity to the wind's angle of attack with respect to the

forward pressure port. Most Pitot tubes only work with a relative angle to the flow

of no more than 15 degrees. These requirements preclude their use on quadrotors

that might hover for long periods of time and can assume nearly any orientation with

respect to the wind heading.

Hot-wire anemometers provide extremely fast response times by measuring the

change in current required to maintain a constant power loss across a heated element

exposed to the wind. Hot-wire anemometers can be purchased with varying degrees

of complexity and measurement capability. At one end of the spectrum are single

element sensors that only measure scalar wind speed and are commonly found in the

hobbyist, commercial, and research markets at a range of sampling frequencies and

resolutions. At the other end of the spectrum are more complex versions of these

sensors created almost exclusively for the research. These sensors have multi-element

arrays whose collective outputs are used to estimate the wind velocity in two or three

dimensions. Although these more sophisticated devices are exceedingly accurate and

have very low response times, they cost several thousand dollars and are too delicate

to be flown on a quadrotor.

Ultrasonic anemometers are a relatively modern wind measurement technique.

The ultrasonic anemometer has become the new standard in wind measurement for

both personal and commercial weather stations but has not been adapted for use on

a quadrotor for several reasons. These sensors use pairs of ultrasonic emitters and

recievers to calculate the wind velocity by measuring changes in the speed of sound

caused by varying the air velocity between the sensing pair. Arrays of these pairs

can be used to calculate the wind velocity in two or three dimensions. Although 2D
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ultrasonic anemometers can weigh as little 100 grams in the case of the LCJ Capteurs

CV7, most weigh significantly more. Similarly, there are no readily available, 3D

anemometers with the appropriate size, power consumption, and weight required by

a MAV. Unfortunately, 2D ultrasonic anemometers only work within a very narrow

range of pitch angles with respect to the air velocity. This limitation prevents them

from being suitable as an on-board sensor for a MAV that regularly operates at

signficiant pitch and roll angles. Given the deficiencies of each of these anemometer

designs with respect to use on-board a quadrotor, there is a clear need for another

approach.

3.2 Operating Principle

The sensor used in this work was originally developed by Piotto et al. [84] and was

adapted for use on a quadrotor in an ongoing collaboration with MIT. Although

MEMS-based anemometers have been considered a viable alternative by Robadey et

al. 191], Kim et al. [54], and Kaltsas et al. [531, their delicate sensing arrays cannot

be exposed to the elements without risking damage. Due to their fragility, MEMS-

based sensors without protective housings are mostly confined to lab environments.

To address this issue, Piotto et al. developed a wind sensor, shown in the right

panel of figure 3-1, that uses a novel sensor housing to calculate the wind speed and

heading based on the pressure differential across a cylinder as measured by two MEMS

differential pressure sensors. The key to the design is in its use of a series of channels,

shown in the left panel of figure 3-1, whose entrances are carefully placed around the

diameter of the cylinder and feed each of the differential pressure sensor ports. The

correct placement of the channels makes the diametric pressure across the cylinder a

monotonic function with respect to heading over a 180 degree range. Once this has

been achieved, two identical disks, rotated 90 degrees relative to each other, can be

used to measure the diametric pressure along two axes. These two pressure values

can then be used to compute the flow speed and heading with respect to the sensor

frame of reference.
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Figure 3-1: The left panel shows a cross section of the sensor and illustrates the chan-

nel structure that generates the necessary differential pressure measurements. The

right panel is a photograph of the sensor used on the quadrotor. The upper, translu-

cent portion is the plastic sensor housing that is built in several stacking segments.

The MEMS flow sensor designed and fabricated by Piotto et al. 184] is at the base of

the sensor housing in a dual in-line integrated circuit package.

3.3 Calibration and Validation

Previous work by Bruschi et al. 120] outlines the process to map the sensor's output

voltage to a differential pressure. This calibration is insensitive to the sensor's oper-

ating conditions and did not have to be repeated for use on a quadrotor. A second

calibration that maps from the two measured differential pressures to a corresponding

speed and heading was first performed by Bruschi et al. 120] in a small benchtop wind

tunnel shown in figure 3-2 and later supplemented by data from the full scale Wright

Brothers wind tunnel at MIT. The data and fit from the small benchtop wind tunnel

can be seen in figure 3-2.

The tests in the full scale Wright Brothers wind tunnel were performed with the

sensor mounted on-board the quadrotor and the quadrotor rigidly mounted on a

tripod. As shown in figure 3-3 the sensor was elevated 22 cm above the rotor plane to

isolate it from turbulent effects. Wind speed was recorded with an off-board ultrasonic

anemometer at 4 Hz and all other sensor data was recorded on the on-board dual core

i7 computer.
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Figure 3-2: Results from tests performed in a benchtop wind tunnel with a 10 cm
diameter cross section. The top panel shows measured versus actual wind speed over
the full set of headings between 0 and 360 degrees. The bottom panel shows the
measured versus actual angle. Both plots show standard error.

Two sets of trials were conducted over a range of wind speeds and headings of 0

and 45 degrees. Each wind speed was tested with the propellers on and off to capture

their effect on the measurement accuracy. The first test sought to characterize the

sensor while the vehicle was hovering and received an intermittent gust and thus

maintained a 0 degree pitch and roll angle. Measurements were taken over wind

speeds of 6, 8, 10, 12, 14.7, 16, 20, and 25 m/s for each of the two headings. The

raw differential pressures generated within the sensor housing during these tests can

be seen in figure 3-4. Note that the magnitude of the differential pressure increases

for both axes when the vehicle has a yaw of 45 degrees, but only for one of the axes

while the sensor axis is aligned with the wind heading.

The measurements from the small wind tunnel are densely sampled over both

speed and heading, but do not exceed 8 m/s, while the measurements from the Wright

Brothers wind tunnel were more sparsely sampled with a max speed of 25 m/s. With

their relative strengths in mind, both datasets were used to create a new calibration

between the two differential pressures and the corresponding wind speed and heading.
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Figure 3-3: Panel (a) shows a diagram showing the sensor mounting position on-board
the quadrotor. The sensor height above the rotor plane, h, was 22 cm. The propellers
center distance, d, was 20 cm. The propeller diameter, <p, was 25.5 cm. Panel (b)
shows the quad mounted on the test fixture in the Wright Brothers wind tunnel.
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Figure 3-4: The measured differential pressures given a range of wind speeds tested
in the Wright Brothers wind tunnel. The pressures for the X and Y axis sensors, and
their standard errors. are reported in the left and right panels, respectively. The plot
for each axis shows pressure values with the propellers on and off. In this case, the
thrust values were set to the vehicle's nominal hover thrust of 55%.
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The resulting fitted speed, u, and heading, 0, calibrations are given in equations 3.1

and 3.2, respectively.

u = 2.15(P + P (3.1)

9 = arctan2(Py, P.) (3.2)

The resulting wind speeds and headings for both the propellers on and propellers

off are shown in figure 3-5. As can be seen, the induced flow from the propellers has

almost no effect on the heading and minimal effect on the speed measurement below

10 m/s. The discrepancy at lower wind speeds is likely due to the smaller relative

difference between the induced flow through the rotors and over them. In this case, the

induced flow through the rotors at hover has a velocity of 12.5 m/s. As the momentum

of the horizontal flow decreases, it is more easily diverted by this downward flow and

the measurement is distorted. As of now, it is not clear how to improve the sensor's

response at lower wind speeds. Finally, the underlying variation in the heading is

likely due to setup error in the experiment and the inherent inaccuracy of the tripod

orientation mechanism.

The second test was done over a narrower range of wind speeds that only cov-

ered the vehicle's maximum airspeed and was meant to approximate forward flight

conditions. Each wind speed trial was performed with a yaw of 0 degrees and the ap-

propriate pitch angle, thrust command, and pitch command were derived from past,

unconstrained flight tests in the Wright Brothers wind tunnel. The average pitch

angle during these tests can be seen for each wind speed in figure 3-6. The full test

configuration for each speed trial can be found in table 3.1.

The final set of estimated average wind speeds and headings for the forward flight

test are shown in figure 3-7. In this case, the propellers apply a nearly constant

offset to the measured wind speed, outside of the the highest wind speed. Again,

the innaccuracy of the tripod mechanism imparted some underlying variation to the

heading measurements, but the propellers still have little effect on heading.
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Figure 3-5: The estimated speed and heading. along with their standard error, are

shown in the left and right panels. respectively. Each of these values were measured

for both 0 and 45 degree vehicle orientations with respect to the wind and over a

range of wind speeds between 6 and 25 in// s. Note that the induced flow through the

propellers has a much larger effect at lower wind speeds.

Speed n s] Pitch [deg] Pitch [0,1] Thrust 10,1]
2.00 3.04 0.15 0.55
4.00 6.88 0.29 0.54

6.00 11.46 0.43 0.51
8.00 16.79 0.56 0.50

10.00 22.87 0.70 0.56
12.00 29.69 0.84 0.72
14.50 39.26 1.00 1.00

Table 3.1: This table lists the testing configuration for the forward airspeed tests in

the Wright Brothers wind tunnel. These values were computed for each target speed

from prior, free-flight experiments.
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Figure 3-6: This curve was generated during a separate experiment where the quadro-
tor was in free flight in the Wright Brothers wind tunnel over a range of wind speeds.
The resulting data generated the fit shown here that provides the natural pitch angle
for the vehicle for a given wind speed. The conditions for the pitch tests for the wind
sensor were found by sampling this curve at the target wind speeds and referencing
logged data for the appropriate motor commands.
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Figure 3-7: These plots show the estimated wind speed and heading in the left
and right panels, respectively. Note the constant offset created by the induced flow
through the spinning propellers. The error in heading is likely due to experimental
error in the alignment of the vehicle and fixture during the trials.
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Chapter 4

Wind Field Simulation

As previously discussed, this work relies on CFD to compute the wind field using a 3D

model of the environment and a prevailing wind condition at some altitude. Although

CFD is a well-established technique for urban wind field estimation, there are many

possible wind solvers available and a number of important modelling constraints and

conditions that must be met in order to ensure an accurate wind field estimate.

This chapter presents a brief summary of the simulation environment, the prevailing

wind conditions in the selected environment, and the CFD solver used in the work

presented in this thesis. For reference, a thorough discussion of best practices in wind

field simulation can be found in Appendix A.

4.1 Simulation Environment

All wind field simulation and trajectory planning was done on the portion of the MIT

campus shown in figure 4-1. This region offers a combination of green spaces and

dense urban canyons. The average structure height is approximately 30 meters, with

a blend of regular, rectilinear structures and more irregular structure geometries.

Although they are outliers, the shortest structure is 7 meters and the tallest, the

Green building marked in figure 4-1, is 100 meters. As discused below, the absence

of a regular rectilinear grid layout and existence of irregular structure geometries

makes this environment a challenge for less sophisticated CFD techniques that might
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otherwise be sufficient.

14

Figure 4-1: A satellite image of the portion of MIT campus used in the work pre-

sented in this thesis. The red circle indicates the location of the MIT weather station

mounted on the roof of the Green building. Note the mix of dense urban canyons.

more open green spaces, and the completely open region above the river. Also note

the variety of structure geometries.

4.2 Prevailing Wind Conditions

The prevailing wind conditions define the inflow boundary that drives the flow within

the simulated environment. Therefore. the prevailing wind speed and heading dis-

tributions must be estimated in order to capture a set of wind fields spanning the

probable conditions. These distributions can be found using a history of measure-

ments., and the simplicity, reliability, and ubiquity of weather stations frequently make

them the best source for this historical data. Despite their strengths, urban weather

stations are challenging to site properly and often suffer from both noisy and biased

measurements. Although a typical urban environment usually contains several sta-
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tions with publicly available data, it is often the case that many of these stations

are unusable. Aside from stations that have either gone out of calibration or failed

entirely, the most common cause of these issues is poor siting relative to the nearby

structures and obstacles which add bias and noise to the station's measurements. To

avoid these issues, weather station's must be selected after carefully assessing past

performance given a history of measurements.

The primary goal for selecting a weather station is to obtain wind measurements

that are free from the influence of specific surface anomalies and are representative

of the spatially averaged wind conditions upstream of the target area. This means

wind measurements should be made above the roughness sublayer, but within the

internal boundary layer of the selected urban climate zone (UCZ). The following

section presents a brief summary of Oke's [78] recommendations on urban weather

station selection and siting and their relevance to the weather station on top of the

MIT Green building shown in figure 4-1.

4.2.1 Mixing and Reference Heights

The height of the weather station relative to its surrounding environment is criti-

cal to achieving wind measurements that are independent of the effects of any given

structure on the flow and represent the local, spatially averaged conditions. This re-

quires that the appropriate height be selected on a case by case basis. For relatively

dense urban environments, Oke [78] states that a meaningful spatial average is only

obtained when sensor height is well above the greater of 10 meters or 1.5 times the

mean structure height with special care being taken to avoid the wakes of particu-

larly tall structures. Fortunately, the MIT weather station's 100 meter altitude is

significantly higher than Oke's [78] recommendation of 1.5 times the 30 meter mean

structure height.

61



4.2.2 Proximity to Obstacles

In open terrain, Oke [781 suggests that obstacles be no closer than 10 obstacle heights

to the weather station, but qualifies this by stating that it is usually not possible

in urban environments, and would actually ensure that the measurements were not

representative of the UCZ of interest. As such, the guideline reverts to those discussed

above with measurements taken at the larger of 10 meters or 1.5 times the mean

structure height, which the MIT weather station comfortably achieves.

Another consideration for sensors mounted on buildings is their proximity to the

perturbed zone above the rooftop. Wieringa 11041 suggests that rooftop sensors should

be mounted at a height equal to the roof's maximum horizontal dimension in order

to avoid this turbulent zone. As Oke [78] notes, this would require an expensive mast

system with support guys, but is technically the correct approach. Further qualifica-

tions admit the impracticality of this with additional encouragement to mount and

select sensors that are not overly compromised by their proximity to their supporting

structure. Unfortunately, the MIT weather station is not only mounted in relatively

close proximity to the roof, but the roof also has several large obstacles interfering

with the flow to the anemometer.

As shown in figure 4-2, the flow across the MIT weather station is obstructed

by two radar domes on the N.E. and S.W. corners of the building. Because of their

size and proximity to the weather station, these obstacles might introduce significant

noise or bias the wind measurements. The station's relatively low elevation above

the rooftop is another concern and probably places it within the perturbed zone, or

recirculation zone, of the rooftop. The sensor is only mounted approximately 5 meters

above the rooftop and the maximum horizontal extent is roughly 35 meters. Because

these concerns raise questions about the validity of the station's measurements, an

analysis of the station's historical data was performed to better assess the data quality.
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( a) Green Building N.N.W. Perspective (b) Green Building W.S.W. Perspective

Figure 4-2: Two shots from on top of the Green building showing the positioning of
the weather station relative to the roof, radar domes, and other obstacles.

4.2.3 Speed and Heading Distributions

A useful way of checking the validity of the prevailing wind data provided by a weather

station is to analyze the distributions of the wind speed, heading, and individual

velocity components. Synoptic wind speed probability distributions (,an be modeled

accurately as a Weibull distribution, as seen in equation 4.1, with both the K and A

parameters constrained to be greater than zero. Justus et al. [52] and many others

have demonstrated that., once zero velocity measurements are rejected, this same

analysis can be used at lower altitudes in relatively open areas. It is also useful to

note that when there are no obstacles and few terrain features, such as on the plains

or in the open ocean, the wind heading distribution is uniform.

fx() = (A' (4.)

Despite real world data often resulting in an imperfect fit, the manner and degree

to which the data violates the ideal case strongly infornis the quality of the weather

stations measurements. Given the data, the best fit model can be acheived using a

maximum likelihood approach outlined by Dorvlo 136] and Seguro and Lambert [97].

In the absence of sufficient information, the shape parameter is often assumed to be

2 which simplifies the expression to a Rayleigh distribution. In general, the shape

paraneter is usually between 1.5 and 3, depending on the variability of the wind.

Smaller values correspond to gustier conditions.
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Figure 4-3: Prevailing wind velocity distributions in polar coordinates.

Recognizing the improper siting of the MIT weather station, a brief analysis was

done on data taken at 5 minute intervals over the course of 2014. Given the significant

reduction in wind found at night due to the cooling of the earth's surface. only

the hours between 8 A.M. and 6 P.M. were considered. Following the previously

discussed guidelines, the best fit probability density functions for both the speed and

heading can be seen in figure 4-3. Unfortunately, the station's poor siting and nearby

obstructions introduce significant error at approximately 3.5 mn s and at 135 and 45

degrees. These errors are most likely caused by the turbulence generated from the

radar domnes and cause the data to fail a goodness-of-fit test, but it is clear that the

distributions bear a strong likeness to their ideal counterparts. As could be expected,

there are significant reductions in the frequency at wind headings corresponding to

the location of both of the radar domes. The best fit Weibull for the wind speed data

has a shape parameter, ,, of 1.37 and a scale parameter, A, of 4.15. This discrepancy

likely reflects the turbulence generated by the radar donies and the sensors proximity

to the turbulent region above the rooftop.

Despite its imperfections, the MIT weather station data offers the best available

estimate of the prevailing wind conditions at the target site and the resulting speed

PDF was used to characterize the expected conditions. Given the speed and heading

distributions, wind speeds of 5, 7.5, 10, 12.5, and 15 m /s and headings of 90 and 270

degrees were selected. The speeds were chosen as a uniform sample of the non-trivial
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wind speeds with non-zero rates of occurrence. Specifically, each of these wind speeds

occur in approximately 27%, 11%, 3.5%, 1.3%, and 0.35% of all the measurements,

respectively. Although the Easterly and Westerly headings are only marginally more

likely, they were selected because it is common for wind in coastal cities to switch

between two opposite headings as the land mass heats and cools over the course of

the day [4].

4.3 QUIC

The Quick Urban and Industrial Complex Dispersion Modeling System (QUIC) [18] is

a suite of fast response urban dispersion modelling tools that were originally developed

at Los Alamos national labs to quickly calculate the exposure from the release of a

chemical or biological agent in an urban environment. Although the QUIC software

package contains a range of tools, the work presented in this thesis draws primarily

on the QUIC-URB and QUIC-CFD wind solvers. The following section covers the

details of these solvers, the results of some initial investigation into their applicability

to the work presented here, and a validation study.

4.3.1 QUIC-URB

QUIC's goal of quickly modelling dispersion in urban environments fundamentally

requires an abnormally fast CFD solver. In its initial release, QUIC addressed this

requirement with QUIC-URB (Updated Rockle-style Building-aware), a parametric

solver, based on the work of Rockle [92], that uses empirical algorithms and mass

conservation to estimate the wind velocities around buildings. Unlike more traditional

CFD approaches, QUIC-URB uses empirically derived parameterizations of the flow

around structures and small structure groups to define an initial, time-averaged flow

field without solving any components of the Navier-Stokes equations. The empirical

relationships are primarily based on structure height, width, and length and the inter-

structure spacing. Once the initial flow field has been defined based on the prevailing

wind conditions and the structure geometry, it is forced to satisfy mass conservation.
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This final step imparts physicality to the flow field in the form of smoothness and

eddies.

In many ways, QUIC-URB delivers in its ability to compute urban wind fields

in a fraction of the time of more traditional CFD solvers. Neophytou et al. [76]

performed a comparison of three wind models using the data from the Joint Urban

2003 Field Campaign in Oklahoma City. This trial benchmarked both QUIC-URB

and QUIC-CFD, a more precise CFD solver within QUIC that is discussed in greater

depth below, against a high fidelity and coipiIutationally expensive LES solver. It was

concluded that QUIC-URB was able to reproduce the in situ measurements nearly

as well as the LES solver with solution times 2-3 orders of magnitude faster. Given

these results, a brief investigation was done into QUIC-CFD's applicability to the

work being done here. A 300 x 300 x 60 meter cluster of buildings around the

North Court on MIT campus, shown in figure 4-4, was modeled in QUIC as a test

environment. Unlike the portion of Oklahoma City used in Neophytou et al. [76],

these structures were irregularly shaped and not aligned on a, rectilinear Manhattan

grid.

Figure 4-4: A 3D model of a small region of MIT campus used by QUIC-CFD to

compute a wind field given a prevailing wind speed and heading.

A horizontal slice of the QUIC-URB wind field at an altitude of 2 meters can be

seen in figure 4-5. The prevailing wind is 15 iii s at 100 meters from a heading of
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100 degrees North. As shown in the red ellipses, the solver generates two strongly

non-physical wind features. The first feature is the recirculation zone in the upper

right of the map that seems to ignore the existence of the building to the right of

the figure. This is likely due to the solver imperfectly combining the parametric

flow regions around each individual structure due to the irregular geometries and

relative positions of the structures. The second feature is the sharp discontinuity in

the middle of the figure. This is likely caused by the very irregular geometry of the

structure on the left side of the figure. As previously stated, Neophytou et al. [76]

was done in an environment that lacked any of these irregularities and therefore did

not expose these issues. In the end, although QUIC-URB was able to find a wind

field solution in approximately 24.7 seconds compared to QUIC-CFD's 293.9 second

solution time for this environment, these clearly erroneous portions of the wind field

prevented further consideration of QUIC-URB for the work presented in this thesis.

Fortunately, QUIC-CFD provided a more robust solution for a reasonable increase in

solution complexity.

4.3.2 QUIC-CFD

Developed by Gowardhan et al. [45], QUIC-CFD is based on the work of Chorin [27]

and uses the steady Reynolds-Averaged Navier-Stokes turbulence model to generate

a time-averaged solution. Unlike the standard k - c turbulence model which uses

two transport equations, QUIC-CFD uses a zero equation (algebraic) model based

on Prandtl's mixing length theory [85]. In this case, the RANS equations are solved

explicitly in time until steady state is reached using Patankar's [83] projection method.

Unlike QUIC-URB, this approach is mostly agnostic to the structure shapes and

configurations.

An identical test to the one performed with QUIC-URB was done with QUIC-

CFD in the Northcourt environment within the MIT campus using identical prevailing

wind conditions. The results of this test can be seen in figure 4-6. Unlike the solution

provided by QUIC-URB, there are no clearly non-physical portions of the wind field

and the entire flow pattern appears smoother and more intuitive. Although this is
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Figure 4-5: QUIC-URB sample wind fields over a small region of MIT campus. The
approximations taken in the solver introduce clearly non-physical regions within the
wind field that are circled in red.

not a rigorous validation, it clearly demonstrates the need for a solver that addresses

the physics of the flow and its interaction with the complex urban environment by

solving sone portion of the Navier-Stokes equations. A more rigorous validation of

the QUIC-CFD solver is presented below.

Validation

Although QUIC-CFD emphasizes solution time over absolute accuracy. it matched

the ability of more complex models in its ability to recreate wind conditions at in

situ measurement locations during a large field trial in Oklahoma City [76]. Further

validation was also done by Gowardhian et al. [45] which concluded that, QUIC-CFD

acheived its initial development goals of having 90% of in situ measurement samples

be within a factor of two of the simulated result. To complement these validation

efforts. we performed a siiall scale validation experiment around the region of MIT
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Figure 4-6: QUIC-CFD sample wind fields over a small region of MIT campus. The
more traditional approach of QUIC-CFD elmninates the non-physical regions found in
the QUIC-URB wind field for this environment.

campus under consideration.

To validate our wind model, a series of in situ wind speed and heading measure-

ments were taken with a LCJ Capteurs CV7 ultrasonic anemometer at an altitude

of 2 meters and a rate of 4 Hz. An image of the mobile measurement setup can be

seen in figure 4-7b. Each measurement period was approximately 20 minutes. and all

measurements were done within a 2 hour period. The prevailing wind was neasured

to have an average speed and heading of 2.9 in s at 100 i and 102 degrees, respec-

tively, and was compared against a steady wind field generated using QUIC-CFD

with a prevailing wind speed of 5 mni s at 100 in and a heading of 90 degrees. The

measurement locations can be seen in figure 4-7a.

A table of the average anemometer and model speed, S, and average anemometer

and model heading, e, can be seen in table 4.1 and figure 4-8. The heading values
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Figure 4-7: Panel (a) shows the in situ measurement locations across MIT cam-

pus. The measurements were taken over the course of 2 hours with an ultrasonic

anemometer. Panel (b) shows the mobile measurement setup used to record the wind

data.

are in the standard meteorological form of degrees North with clockwise as positive.

Note also that heading refers to the source of the wind., and not to the direction

of flow. To account for uncertainty in the test location. the model average was

computed over a 5 im x 5 in area. So as to assess the model's ability to capture the

bulk advection effect over its ability to recreate a particular flow feature at a specific

position, the measurement location was adjusted within several meters for a more

favorable comparison. Given these allowances, the model perfornis similarly to the

results shown in [45], with approximately 36% of measurement locations showing wind

heading errors of less than 15 degrees, and 72% less than 45 degrees. Approximately

36% of measurement locations show wind speed errors of less than 10%, and 81%

show wind speed errors of less than 50%. Also, the magnitudes of the speed error's

standard deviation suggests that the discretizing our ground velocity, v,/q by 0.5 ni/s

was appropriate. Although the magnitudes of the heading error's standard deviation

are large, this is to be expected in the turbulent urban canyon and reinforces the

approach of planning over the expected wind conditions.
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Table 4.1: Measured and Model Wind Speed and Heading

Point Measured Model Mean Error Std. Dev. Error

S E S e ps Po US UO
1 1.17 207 1.26 220 -0.09 -13 0.62 37
2 1.52 346 1.11 317 0.41 29 0.52 24
3 1.68 96 1.54 101 0.14 -5 0.60 11
4 1.08 65 1.24 37 -0.16 28 0.56 39
5 0.94 293 0.90 289 0.03 4 0.36 18
6 0.87 44 0.81 93 0.06 -50 0.30 26
7 1.01 11 0.77 339 0.24 72 0.27 15
8 1.11 29 0.78 127 0.33 -99 0.43 17
9 0.86 198 0.61 158 0.25 40 0.24 15
10 0.58 232 1.33 211 -0.75 21 0.37 103
11 0.87 196 1.53 203 -0.65 -7 0.31 40

All speed values are in rn/s and heading values are in degrees north.

Solver Setup

As with any CFD solver, QUIC-CFD has a range of solver parameters that must be

selected and have an important role in determining the quality and validity of the

solution. QUIC-CFD, in particular, makes several strong assumptions in order to

reduce solution time and it is these that warrant additional discussion. Accordingly,

this section will provide an overview of the solver setup and focus on QUIC-CFD's

deviations from the best practices presented in Appendix A.

The portion of the MIT campus used as the simulation domain is 1100 m x 1100

m x 24 m. Although the height of the domain is relatively low compared to the

guidelines covered in Appendix A, the low height significantly reduced computation

time and did not significantly affect the 2D flow at the 10 m flight simulation height.

Given the guidance provided Franke et al. [39] and Oke [78], the environment is

spatially discretized into hexahedral elements with a resolution of 1 m x 1 m x 1 m.

Structure geometry is also resolved to this grid. Although the selected environment

has the usual vegetation, cars, and other urban objects, these are left unmodeled to

reduce complexity with the assumption that they do not significantly affect the bulk

flow characteristics.
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Figure 4-8: In situ speed and heading values compared with the simulation
These results show a similar solver accuracy demonstrated by Gowardhan et,

0

results.

al. [45].

The simulation domain includes 100 m on each edge as a buffer region that was

excluded from flight simulation. Although this is a relatively small buffer region. the

dense urban environment dictates that the dominant flow regime is skimming flow. To

capture this, the inflow boundary is set to the appropriate logarithmic mean velocity

profile as required by the QUIC-CFD solver. Although a blended exponential and

logarithmic profile would be more accurate. the simulation height of 10 m is above

the altitude of significant error for the domain's mean structure height.
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Chapter 5

Planning Over MIT Campus with

Steady Wind Fields

Having established approaches for measuring and estimating wind fields in the pre-

vious chapters, the effects of these wind fields on a quadrotor must be investigated.

In order to characterize the potential utility of incorporating urban wind fields into

planned trajectories, a method of finding minimum-energy trajectories must first be

discussed. Each instance of trajectory planning will be performed over a given map

of the environment with a known wind field.

5.1 Problem Formulation

Given both the map and wind field, we seek to efficiently compute the minimum-

energy, collision-free, 2D trajectory between fixed start and goal locations at a given

altitude and subject to constraints imposed by the quadrotor's capabilities and the

operator's notion of safety. Because we desire to minimize total energy consumption

over the trajectory, the cost function for our optimization, C(-), is defined as the

change in platform energy between any two states, Xi and Xj. In our case, the vehicle

state, x, is defined as the vehicle's x position, y position, and scalar ground velocity,

vg. Each element of the state is real valued and is discretized to enable efficient search

over the space. In order to reduce computational complexity, the planning is done
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over the same regular grid used by the wind field solver such that each xy position

also has a corresponding planar wind vector, vl/(Xi), from the precomputed wind field

estimate'. Also, recall that the vehicle's air speed, va E R, is the norm of the wind

speed, v. E R2 , minus the vehicle's ground speed, vg E R2. For these simulations,

we chose to compute the full 3D wind field and then incorporate the resulting wind

vector, along with the planar ground velocity, into the planner because the vertical

velocity component of urban wind fields has a significant affect on the advection in

environment. Despite the fact that the vertical velocity component is frequently near

zero for a majority of the locations in a given horizontal plane, it allows for a more

realistic flow through the modeled environment. For example, the vertical flow up

the face of a building only exists very near to the structure face, but provides an

important pathway for air to flow up and over the structure or form a frontal vortex

as opposed to being driven around the base of the structure in the horizontal plane.

Finally, note that we wish to analyze near-terrain flight in the urban environment and

assume the vehicle is flying at a constant altitude close to the ground. A result of this

assumption is that the quadrotor is forced to fly around obstacles rather than over

them. We chose to plan in 2D primarily due to the additional complexity required

by the power consumption model when dealing with large vertical airspeeds that put

the vehicle in another flight regime which depends on the recirculation of vortices

around the rotors. Modeling the effects of these vortices on the quadrotor's power

consumption was beyond the scope of what could be accomplished in the wind tunnel

for this work.

C(xi, xi_1, v. (xi)) = AEtat(xi, xi_1, vw (xi)) (5.1)

'We assume energy is always expended at each time step. Different forms of soaring might allow
for energy to be harvested, and would therefore require a different objective, but not fundamentally
different strategy to the one we use here.
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N

argmin C(Xi, Xi-1, Uw(Xi))
XO:N

subject to: v1 q'gmi < vg,i < vgma.

VW(Xi) - vg,i < V1'aax 
(5.2)

Vg,i - Vg,i-1 < t step

XN XG

In order to guarantee progress towards the goal and define a window of safe op-

erating speeds, the ground speed, vg, is constrained to be greater than 0.5 m/s and

less than 8 m/s. The air speed, va, is also subject to a maximum value of either 10

or 20 m/s, representing the vehicle's thrust limits for each set of simulation results.

Additionally, the instantaneous change in velocity between two adjacent grid points,

vg,t - vg,t_1, is constrained to 0.5 m/s. With every iteration, the planner can move

in the xy grid along 8 possible headings and can increment or decrement its ground

velocity, vg, by vstep. Finally, the trajectory must terminate in the goal state, XG-

The QUIC-CFD wind solver will provide the wind field, v., and the following section

presents an approach to finding the energy consumption, AEt0 t(.), for a quadrotor

moving in a known wind field.

5.2 Power Consumption Model

In order to find a minimum energy trajectory, it is necessary to compute the quadro-

tor's energy consumption along a trajectory between two points in the map. Although

this clearly requires a power consumption model, the standard approach of develop-

ing an accurate system model through system identification and first principles would

result in the need to perform a complete simulation of the vehicle dynamics along a

trajectory in order to characterize the power consumption. Specifically, a vehicle

dynamics model would need to be created after performing extensive system identifi-

cation and then the planner would need to simulate the vehicle dynamics along each

trajectory in order to solve for the vehicle's state and assess the vehicle's resulting
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power consumption at each time step. In an effort to avoid this computational com-

plexity, the work presented here develops an empirically derived power consumption

model that is only a function of air speed. In doing so, transients in the dynamics are

ignored and the vehicle's heading is assumed to be aligned with the vehicle's air speed

vector. We first present a simple analysis of the underlying physics and then discuss

the experimental procedure for characterizing the vehicle's power consumption as a

function of air speed.

In order to assess the change in the vehicle's energy between states, we begin by

expressing the vehicle's total energy at any point, Ett, as the sum of the potential,

kinetic, and stored energy as shown in equation 5.3. The stored energy component,

E, represents the capacity in J of the on-board battery,

1
Etat = mgh + -m~v| 2 + Es. (5.3)

2

Assuming a constant ground velocity, constant altitude, and no acceleration be-

tween nodes in the planning graph, the change in total energy, AEt,0 , is equal to the

change in stored energy, AE,. The change in stored energy is the difference in the

battery's stored energy between two points in time and will be treated as the total

change in the vehicle's total energy between two states. We can assess the change

in stored energy by finding the vehicle's power consumption between nodes in the

planning graph and multiplying it by the time to traverse the edge between those

nodes.

For a rotary wing vehicle, and especially a quadrotor, the act of spinning the rotors

consumes the vast majority of the stored energy and a power consumption model of

the controller, motor, and rotor system is required. Furthermore, simply keeping the

vehicle aloft takes a large portion, usually greater than 50% of the vehicle's total

thrust. During hover, when the thrust from the four rotors is equal to the weight of

the vehicle, the induced velocity through the rotors can be found using momentum

theory. The induced velocity, generally denoted by vi, is the rate at which the motion

of the rotor moves air perpendicular to the rotor plane. The induced velocity at hover,
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denoted vh in this case, is defined in equation 5.4 with the hover thrust, Th, equal to

1/4 of the vehicle weight, S as the swept rotor area, and p as the air density. This

is a direct result of the thrust being equivalent to the product of the mass flow rate

and upstream homogeneous flow velocity, or air speed in this context.

Th
Vh = (5.4)

2pS

Having defined the hover thrust, we can continue to define the induced velocity

through the rotors, vi, which is a significant factor in determining the power consump-

tion. Although the induced velocity is not directly measured, it can be expressed as

the quadratic function, shown in equation 5.5, that depends on the induced velocity

at hover, airspeed, and angle of attack, a. Similar to the derivation of the hover

thrust, the quadratic expression for the induced velocity is a result of setting the

rotor thrust equal to the product of the mass flow rate and upstream flow velocity.

However, the velocity through the rotor is now a sum of the induced velocity and

airspeed, which results in a quadratic expression.

2

Vi =h (5.5)
1 '(va cos a)2 + (vi - Va sin a) 2

With this expression for the induced velocity, we can solve for the power consump-

tion. As shown in equation 5.6, Huang et al. [51] express the power consumption, P,

of a single rotor as a function of induced velocity (vi), air speed (va), rotor thrust

(T), angle of attack (a), propeller efficiency (77p), motor efficiency (lm), and controller

efficiency (77). The efficiencies, found by Latorre [601 for a very similar configuration,

are taken to be 0.6, 0.85, and 0.95, respectively.

ST(vi - va sin a) (5.6)

One common approach to assessing a vehicle's flight characteristics is to rigidly

mount the vehicle on a sting to directly measure the forces generated during simulated

flight in the wind tunnel. Unfortunately, a quadrotor platform generates a significant
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Figure 5-1: The quadrotor was flown in the wind tunnel chamber with a Vicon motion
capture system in order to measure power consumption as a function of air speed. It

executed a position hold command for up to 5 minutes over a range of wind speeds

and logged battery voltage and current data, as well as the wind speed within the

tunnel.

amount of vibration that can excite vibrational modes at particular motor speeds. The

resulting vibration adds both measurement noise and bias. A further issue is that a

quadrotor, which must pitch in forward flight, cannot assume its natural pitch angle

when attached to a sting. Lastly, the quadrotor does not need to expend the effort

to hold position or reject disturbances which lowers its overall power consumption.

Given these drawbacks, we chose to setup a motion capture system within the MIT

Wright Brothers Wind Tunnel and the fly the quadrotor in place, as shown in figure 5-

1. The vehicle maintained position while the air speed was set and held at 5. 10, 15,

20, and 25 mph for durations between 30 seconds and several minutes. A series of 11,

constant air speed tests were performed over the course of several days. The vehicle's

battery voltage and current were measured at 1 kHz, averaged, and recorded at 100

Hz. The wind speed was closely controlled and recorded at 4 Hz by a LCJ Capteurs

CV7 ultrasonic anemometer.

The resulting calculated power consumption and measured power consumption

data, normalized by the hover power consumption, P,. of 247 W, can be seen in

figure 5-2. To validate the measured power consumption data, a curve was fit to the

average pitch values for all trials to serve as an input to equations 5.6 and 5.5. The
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Figure 5-2: Panel (a) shows the mean and standard error of the vehicle pitch along

with a quadratic fit to the data. These values were used to generate the power

consumption model. shown in black, in panel (b). Power consumption data was

normalized by the hover power consumption in still air. The blue points denote the

results as reported by the current and voltage sensor with the associated standard

error. The red points denote the power consumption during the outdoor hover tests

and their standard error. Note that the standard error for the wind tunnel trials is

negligible due to sampling frequency and test duration.

measured pitch data and quadratic curve fit can he seen in planel figure 5-2(a). The

output of this power consumption model, given the fit of pitch as a function of air

speed, can be seen, along with the measured power consuniption, in figure 5-2(b).

Note the initial decrease in power consumption caused by translational lift and the

steep increase at higher air speeds caused primarily by the vehicles angle of attack and

form drag. Translational lift is present in all rotorcraft and is a natural result of the

increased flow over the rotors in forward flight which improves rotor efficiency 164].

The discrepancy between the measured power consumption and the calculated power

consumption is probably due to a combination of imperfect modeling of the controller,

motor, and rotor efficiencies and the vehicles difficulty holding position at the higher

air speeds due to controller constraints.

A series of outdoor hover tests were performed to compare the quadrotor's energy

consuniption in the field to the controlled tests from the wind tunnel. In order to

comply with FAA regulation, the tests were done on the test frame seen in figure 5-

3a. The wind speed was recorded with a Young 81000 ultrasonic anemometer and the
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Figure 5-3: Panel (a) shows vehicle performing an autonomous hover test on MIT

campus. It is attached to a frame to comply with FAA regulations. The blue points

represent the vehicle's power consumption from the test flights in the MIT wind

tunnel. The red points denote the power consumption during the outdoor hover tests

and their standard error.

vehicle's battery voltage and current consumption were logged. Because inultipath

error and obstruction of the horizon prevented accurate localization with GPS. a

downward facing optical flow camera, the 3DR PX4Flow, was used instead. The

magnetometer was used for the vehicle's yaw orientation.

The logged voltage and current data was used to compute the vehicle's power

consumption offline. Because both the power data and anemometer data were logged

on the same system, each power consumption sample was associated with a corre-

sponding wind speed. Given that the vehicle hovered for several minutes in each test,

the vehicle encountered a range of wind speeds up to a max of approximately 4 m/1s.

Aggregating this data created the power consumption curve shown in figure 5-3b.

Although the curve from the hover tests does capture the downward trend generated

by translational lift, it is likely that large deviations in the control effort due to tur-

bulence caused a back EMF current to the battery that degraded the measurement

accuracy. It is probable that the resulting erroneous measurements artificially low-

ered the power consumption at higher wind speeds due to the naturally increased

turbulence in the wind field from the surrounding obstacles and structures.
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5.3 Planning

Given a planar section of the 3D wind field estimate and occupancy map, A* search

was used to find the minimum-cost, collision-free trajectory between a start and goal

location over xy positions and scalar edge velocity. A velocity discretization of 0.5 m/s

allowed for sufficiently fine adjustment of the ground velocity. The vehicle's altitude

was fixed to 10 meters and the planning was performed directly on the wy grid used

by the wind model. The vehicle's air speed was calculated as the ground speed minus

the wind speed. To find the stored energy consumption between two states, power

consumption as a function of air speed is multiplied by the edge distance and divided

by the current ground speed. Recall that our model of urban operations only considers

motion at a fixed altitude in the xy-plane, the energy consumed between two states,

Xi and xj, can then be expressed as follows with dist(xi, Xi) as the Euclidean distance

function between two nodes and v. as the vehicle ground speed along the connecting

edge.
P(vg,i - v,1 i dist(xi, xi_1 )AEtot(xi, Xi-ij, vg(xi)) - gi (5.7)

Two sample sets of 1000 simulated, minimum-energy trajectories using 500 random

start and goal locations were planned with both the naive and wind-aware planners.

In order to demonstrate the effect of constraining the vehicle's maximum air speed,

the two sets of simulations had max air speeds of 10 and 20 m/s, respectively. The

smaller value of 10 m/s was selected to represent a realistic upper bound on the

quadrotor's airspeed, while the large value of 20 m/s is used to investigate the effect

that a relatively unconstrained vehicle has on the simulation results. The minimum

distance between the start and goal locations was 10 m and the 10 wind conditions

were composed of 5 speeds and 2 headings. In order to represent the vehicle's flight

envelope, failure is defined as the case when the planner is unable to lower its ground

speed sufficiently to prevent exceeding the maximum air speed, while still making

forward progress.

To allow for sufficiently long trajectories, a region of the MIT campus and sur-

rounding city spanning an area of 1100 m x 1100 m was selected. A three-dimensional
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model of this region containing 81 buildings, each constrained to be no taller than 20

in, was created to serve as an input to the wind model and can be seen in figure 5-4.

The domain height., the maximum height of the model's air volume, was constrained

to 24 in to minimize computation time and a xyz-grid resolution of 1 m x 1 m x 1 im

was used to capture the detailed structure of urban canopy layer (UCL) wind fields.

Despite only planning in the plane, the wind model must solve over the full 3D map to

account for the complex flow through the urban environment. Although constraining

the domain and building height makes for an imperfect model. the focus of this work

was on flight within the urban canyon, and in situ measurements demonstrate that

the resulting wind fields remain sufficiently accurate.

Figure 5-4: The 3D model of the region of MIT campus being planned over that

was used as an input to the QUIC-CFD wind model along with the prevailing wind

conditions.

As a coastal city, Cambridge typically has either an easterly or westerly wind

heading and might only switch once a day due to the diurnal cycle. With this in

mind, wind fields with both an Easterly and Westerly wind heading were used here

with wind speeds of 5, 7.5, 10, 12.5, and 15 m/s for a total of 10 wind fields. Given

the past year of data from the MIT weather station, these wind speeds occur in

approximately 27%, 11%. 3.5%, 1.3%, and 0.35% of the measurements, respectively.
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Figure 5-5: A visualization of the x-comporient of the velocity in a planar slice of the

three-dimensional wind field for a prevailing wind speed of 10 m 1 s measured at an

altitude of 100 in and a prevailing wind heading of 90 degrees.

A visualization of one of these wind fields can be seen in figure 5-5. The resulting

trajectories are used to draw more general conclusions about, the benefits of wind-

aware planning in the urban environment.

5.4 Results

Because these planners are both seeking to minimize energy consumption, we use the

mean percentage difference in energy consumption to compare them. This comparison

is made in figure 5-6 for both maximum air speeds over each of the 10 wind fields

across all 500 trials. For the simulations with the 20 i s maximum air speed, the

wind planner, as might be expected, outperforms the naive planner over all wind

conditions and is able to improve its perforiance with increasing wind speed. Because

a prevailing wind speed of 5 m s at an altitude of 100 in generates relatively small

wind speeds at an altitude of 10 in. the wind planner is still only able to reduce energy
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Figure 5-6: The wind planner significantly outperforms the naive planner over all
prevailing wind speeds tested. The error bars shown here represent standard error.

consumption by approximately 0.5%. Although there is only a small change at 7.5

imi s, the wind plaiiier's performance increases significantly with increasing prevailing

wind speed and achieves approxiniately a 4%, and 10% improvement at 10, and 15

m/ s, respectively. This is likely because it is able to exploit tail winds, while the

naive planner unknowingly flies into headwinds.

The second set of simulations used a maximum air speed of 10 mi s and resulted

in a change in the wind planner performance. Again, the wind planner outperforms

the naive planner in all cases, but is only able to reduce energy consumption by ap-

proximately 0.9% for a prevailing wind speed of 5 mis. Demonstrating the additional

expense incurred by the naive planner's upwind trajectories, relatively large gains of

7.3% and 9.3% are shown at 10 mn/s for the Easterly and Westerly wind headings,

respectively. As might be expected, the wind planner shows equivalent or increased

gains for 12.5 and 15 nm/ s in the Easterly wind fields. Surprisingly, the energy con-

suiption decreases for the Westerly heading. This may be due to the Westerly wind

being channeled down the aligned urban canyons and causing otherwise costly upwind

trajectories to fail. Some evidence of this failure mode can be found in figure 5-8 by

noting the cluster of naive planner failures for the Westerly wind heading at the lower

left of the map leading into a large diagonal canyon. Also note that, the naive planner
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Figure 5-7: Neither planner has significant error rates below 12.5 n/s, but the naive
planner strongly underperforms the wind planner for a 15 i s prevailing wind speed.
The error bars shown here represent standard error.

fails to reach the goal location in approximately 55% and 69% of the 15m s trials,

as shown in figure 5-7. These incomplete trials cannot be counted towards the imean

energy consumption. but would likely be some of the highest values in the set.

Looking closer at a specific trial, figure 5-9 (a) and 5-9 (b) show the total en-

ergy consumption and speeds over the length of the trajectory for a wind speed of

10 i is and Westerly heading. By maximizing its ground speed without exceeding

the maximum air speed, the wind planner demonstrates a 39.4K reduction in total

energy consumption while traveling 10.8% further with a 22% shorter flight time.

The resulting trajectories in figure 5-10 show the wind planner sheltering next to and

downwind from structures, while the naive planner exposes the vehicle to a strong

headwind.
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Figure 5-8: The naive planner failure locations over the 2D map. Note that a large
fraction of them are at corners of buildings or at the entry points to the structure
group near canyons channeling the wind along their axis.
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Figure 5-9: Panel (a) demonstrates the wind planner's ability to reduce energy con-
sumption over the course of a flight. Panel (b) shows how the naive planner is unable
to increase its ground speed due to its own dynamic constraints and the upwind,
exposed trajectory it selected.
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Figure 5-10: Panel (a) and (b) show the naive and wind planners trajectories re-
spectively, for an example start and goal location. The trajectories are color coded
by ground speed. The green and red circles denote the start and goal locations,
respectively.
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Chapter 6

Conclusions

The work presented here focused on enabling and assessing the benefits of quadrotor

flight in the complex wind fields found in urban environments. In pursuit of these

goals, an approach to on-board airspeed measurement was developed and an analysis

was performed of the potential benefits and challenges of minimum-energy trajectory

planning through known wind fields. Despite the MEMS anemometer's relatively poor

performance at lower airspeeds, the resulting wind speed and heading measurements

suggest that the propellers only have a significant effect on the estimated speeds below

10 m/s, while heading estimates were practically unaffected in the whole airspeed

range. Although it is beyond the scope of the work presented here, it is possible that

further development of the sensor housing, additional modelling of the flow around

the vehicle, and alternative sensor placements could improve performance at lower

airspeeds.

In order to gauge the quadrotor's ability to exploit urban wind fields for improved

flight performance, an existing CFD wind solver, QUIC-CFD, was leveraged and veri-

fied against in situ measurements around campus. QUIC-CFD was used to generate a

set of representative wind fields over a portion of MIT campus that served as inputs to

the minimum-energy trajectory planner. Furthermore, an empirically derived power

consumption model was found through a series of flight tests in the MIT wind tunnel

and was also used to inform the minimum-energy trajectory planner. The results

of many simulated minimum-energy trajectories through the campus demonstrated
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the potential gains of planning over the wind field by comparing a minimum-energy

planner naive of the wind field to one aware of it. In this context, the lower prevailing

wind speeds offered little opportunity for improvement over the naive planner, but

those above 10 m/s allowed the wind planner to significantly outperform the naive

planner. Additionally, the wind planner was capable of finding minimum-energy tra-

jectories such that the vehicle was less likely to exceed its flight performance envelope

given strong headwinds and more likely to exploit tailwinds for a reduced time to

goal and total energy consumption. More generally, our initial investigation suggests

that UAVs could benefit from considering wind conditions in complex environments.
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Appendix A

Wind Field Simulation Best Practices

Ensuring that a CFD simulation provides an accurate wind field estimate within a

complex urban environment is challenging and there is a large body of literature that

addresses this issue. Driven by recent work in climatology, particulate dispersion,

pedestrian comfort, city planning, and structural engineering in urban environments,

several summaries of the best practices for urban wind field simulation from both

academia and industry have been created over the past decade. This section attempts

to distill these recommendations into a concise set of guidelines relevant for this

application.

A.1 Sources of Error

In COST Action 732, Franke et al. [391 present a list of all of the sources of error

found in numerical simulations. Although there are many ways to classify these, they

selected the approach of Coleman and Stern [29] that uses the two broad categories

of errors in the modelling physics and numerical solution. The former derives from

erroneous assumptions and approximations concerning the mathematical formulation

of the underlying physical processes. The latter is simply a result of incorrect or

incomplete solutions to the assumed mathematical model. This list of the individual

sources of error, adapted for the purposes of this work, is shown below.

. Errors and Uncertainties in Modelling Physics:

91



- Simplification of physical complexity

- Geometric representation

- Domain size

- Boundary conditions

- Initial conditions

9 Numerical Errors and Uncertainties:

- Numerical approximation

- Spatial discretization

- Temporal discretization

- Iterative convergence

For the sake of brevity and relevance, several items have been omitted from the

version of the list presented here. Programming errors in the CFD code are raised

as a potential concern, but we assume here that the CFD models in this work are

free of significant coding errors due to their regular use over many years or even

decades. Similarly, we ignore round-off issues by always selecting double precision

when possible. Lastly, we forgo concerns raised about the use of previous data in

parameter tuning because all simulations were done using parameters and supporting

data specific to that simulation.

A.2 Simplification of Physical Complexity

Although the Navier-Stokes equations can be used to directly solve for flow in the

atmospheric boundary layer, solving them for the turbulent flow found in urban wind

fields is computationally infeasible. This rules out approaches such as Direct Numer-

ical Simulation (DNS) and promotes either RANS or LES which perform averaging

over time and space, respectively, to lighten the computational burden of solving

for flow features on the smallest scales. Although necessary, these approximations
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introduce error and care must be taken to ensure that the flow is being resolved ap-

propriately for the application. This is discussed in greater detail in the remainder of

this section.

Before selecting a turbulence model, it is useful to make a few basic assumptions

about the environment and the flow within it to simplify the model and reduce compu-

tational complexity. In all of the work done here, the atmosphere is assumed to have

neutral stratification. This means that the flow is not driven by differences in temper-

ature, humidity, or the presence of rain or snow in the atmosphere. Although this is

generally the case with relatively strong prevailing winds and some cloud cover [78J,

this is probably a strong assumption for most urban environments due to their ten-

dency to be a heat island. Regardless, appropriately addressing thermal effects within

urban wind fields requires a level of accuracy in terrain modeling and complexity of

simulation that are beyond the scope of this work. Similarly, although the Coriolis

force has a measurable effect on the flow within an urban environment, Franke et al.

claim that it can be ignored for microscale models by properly selecting the incoming

flow profile. Lastly, if only the lowest 200 m of the atmosphere are investigated, the

assumption of non-divergent flow fields and constant density may be used without

loosing accuracy in the model results and is commonly applied in the case or urban

wind field simulation [211.

Even in the simplest cases, these basic assumptions do not necessarily give rise

to a feasible problem without further reduction of the complexity. The inherently

turbulent nature of the urban environment prevents using the transport equations to

directly solve for the flow at all scales. Accordingly, an appropriate turbulence model

must be selected to make the problem feasible. Aside from the basic assumptions

discussed above, the turbulence model largely defines what kind of approximations

to the model physics will be made, and the errors that will be introduced as a re-

sult. This work considers the use of three common turbulence models. These are

the Reynolds-averaged Navier-Stokes, Large Eddy Simulation, and Reynolds Stress

Model. Defining a continuum of increasing solution accuracy and complexity, RANS

comes first followed by RSM and then LES with the highest solution complexity and
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potential accuracy. A brief introduction to each of these turbulence models will be

discussed below along with their strengths and weaknesses as reported in the litera-

ture.

A.2.1 Reynolds-Averaged Navier-Stokes (RANS)

The RANS solution is the most common approach in wind field estimation, and

represents the infinite time average of the underlying unsteady flow. The standard

k - E model introduces a transport equation for the turbulent kinetic energy, k, and

the specific turbulent kinetic energy dissipation rate, E. These are used to find the

turbulent eddy viscosity via the Boussinesq approximation. Although the overall

accuracy of this approach in urban wind field estimation is still an open question,

wind fields generated this way match well with wind tunnel results that have stable

inflow conditions and do so with relatively short solution times [391. In general,

no definite statement can be made about the relative performance of the various

turbulence models used within a RANS solver, but some insights are provided in [38].

Specifically, the two equation k - E model is the industry standard, but according

Castro [21] it only produces good results in wind engineering aAIJfortuitouslyaAI.

Its primary issue being overproduction of turbulent kinectic energy in regions of

stagnant flow (stagnation point anomaly). As such, Franke et al. [38] recommends

more advanced versions of the k - E model such as RNG or realizable k - c. Another

significant issue is that this model does not provide any estimate of the uncertainty

in the wind velocity over the domain. Not only does k - E RANS not provide an

uncertainty estimate, but it also averages out the unsteady fluctuations in the wind

velocity found in urban wind fields.

A.2.2 Reynolds Stress Model (RSM)

The Reynolds stress model offers improved fidelity over the simpler one or two equa-

tion RANS models, but remains less computationally intensive than LES. Unlike the

k - E model, it does not use the isotropic eddy viscocity approach to approximate
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the Reynolds stresses and instead directly solves for them using additional transport

equations. Although no work in urban wind field estimation for UAV flight has been

done using RSM, it has been frequently used to estimate pedestrian wind comfort

in urban environments. Murakami et al. [74] did a study comparing k - c RANS,

RSM, and LES in urban wind field estimation using ANSYS Fluent and, as might

be expected, ranked them in the same order of increasing accuracy. Similarly, Reiter

et al. [88] compared k - c RANS, realizable k - c RANS, and RSM. In this case,

RSM outperformed the other turbulence models by not only identifying critical areas

but also accurately estimating the wind velocity magnitudes at those locations. An

added benefit of using RSM is that the six Reynolds stresses are the unique com-

ponents of the wind velocity covariance matrix multiplied by the air density. This

provides convenient access to an uncertainty estimate of the wind velocity without

explicitly computing the unsteady solution.

A.2.3 Large Eddy Simulation (LES)

Unlike k - c or RSM RANS, LES is an unsteady simulation that performs only spatial

averaging as opposed to time averaging. Because small scale eddies are computation-

ally intensive to resolve and tend to be isotropic, LES directly solves for the larger

eddies in the flow that are a direct result of the environmental geometry and uses

sub-grid scale models to approximate the remaining flow features. Although LES has

been actively studied in urban wind field simulation, the general consensus is that

it provides improved accuracy over steady solutions but at a large cost in solution

time. Franke et al. [38] suggests that LES is capable of more accurate solutions than

RANS, but that its computational complexity makes it infeasible for wind engineer-

ing problems in the foreseeable future. Seven years later, Franke et al. [39] again

supports the same conclusion saying that LES outperforms both RANS and URANS,

but only stating that it requires a great deal of computation. It is also noted that

the boundary conditions need to be resolved in both time and space and that this is

often impossible to obtain. This last conclusion is supported by the work of White et

al. [103] in the finding that the LES simulation required the turbulent kinetic energy
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to be modeled at the inflow boundary in order to match the in situ measurements.

Furthermore, Tominaga et al. [101] notes that LES simulations are capable of higher

accuracy, but are not practical. Finally, Sutherland [99] attempted to extend the

work of Galway [40] by comparing k - c RANS and LES and, in short, found that al-

though RANS was significantly faster, its time averaging of the wind field reduced the

vehicle's control effort and position deviations by as much as an order of magnitude.

A.3 Geometric Representation

The choice of what environmental geometry to include and its resolution is another

important approximation that, if done correctly, acts to reduce the domain size and

complexity of the computational mesh without affecting the quality of the solution.

Franke et al. [39] notes that a structure will have minimal influence on the target

area if its distance upwind of the target area is between 6 and 10 times the structure

height. Tominaga et al. 1101] states that buildings within a radius of 1 to 2 times the

average feature height of the target area should be clearly modeled with an additional

street block in each direction. Furthermore, representative roughness elements should

be placed from the outer edge of the additional street blocks to the outer edge of the

computational domain and the appropriate environmental roughness length should

also be specified for the inflow velocity profile.

To properly assess the level of detail required in the environmental geometry,

a sensitivity study should be done over a range resolutions. Because this work is

focused on navigation in a horizontal plane over a representative urban environment

with inflated obstacles to prevent flight near structures, the structures are modeled

mostly as extruded 2D sketches with approximately a 1 m resolution. Although the

absence of vegetation, cars, and other small scale urban features certainly impacts the

realism of the simulation, it should not detract from the primary goal of investigating

the effect of representative urban wind fields on quadrotor flight performance over

minimum-energy trajectories.
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A.4 Domain Size

The choice of domain size is strongly linked with the boundary conditions. For ex-

ample, a uniform inflow velocity profile could be used if the domain and modeled

environment was sufficiently large so as to allow the velocity profile to evolve to

match the environmental roughness within the domain. Because of the inherent com-

plexity of wind field simulation over large urban areas, the domain size is limited

as much as possible while using the boundary conditions to enforce a representative

velocity profile. A primary concern the extents of the domain is the blockage ratio.

The blockage ratio is the ratio of the frontal area of the structures over the total area

of a vertical plan perpendicular to the wind heading and is used to characterize the

effects of the boundaries on the flow through the domain. A large blockage ratio leads

to a Venturi effect that increases the flow velocity over the structures. Both Franke

et al. [391 and Tominaga et al. [101] give a minimum blockage ratio of 10%, but add

that it would ideally be less than 3%. Beyond this basic rule, further guidelines are

given for the extent of the domains.

Conservatively, the height of the domain could be the height of the boundary

layer determined by terrain roughness category [1011. In the likely case that this

creates a prohibitively large domain, the top of the domain should be at least 6

times the maximum structure height [39]. For single buildings and a single flow

direction, the lateral extent of the domain should be a between 2.3 and 5 times the

maximum structure height and distances up to 10 times the maximum structure

height can be used along the longitudinal flow direction for domains with multiple

buildings. Although practical, these distances are often insufficient to properly resolve

all quantities and others recommend using representative roughness elements out to

10 times the maximum structure height around the target area [39]. This is reinforced

by Tominaga et al. 1101] which notes that lateral boundaries of 2.3 times the width

of the built area in the lateral direction and 15 times the maximum structure height

in the longitudinal flow direction.
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A.5 Boundary Conditions

The boundary conditions of a simulation define the influence of the unmodeled ter-

rain that surrounds the domain. Although they can be used to encode a great deal

of information in order to reduce the size of the explicitly modeled environment, care

must be taken to follow the guidelines on domain size to prevent the boundary def-

initions from affecting the solution in the region of interest. This section presents a

summary of best practice guidelines for each type of boundary in the domain.

A.5.1 Inflow

Having obtained a prevailing wind estimate from a suitable, nearby weather station

with a known reference height and local roughness height, the inflow velocity profile

can then be defined using the characteristics of the target area. The process for

obtaining this profile is roughly outlined in Oke [78], with reference to figure 1-1, and

covered in greater detail in Macdonald [65]. To start, it must be assumed that for the

case of neutral stability, the mean velocity profile above the mean structure height,

zh, takes the form given in equation A.1. In this equation, the mean horizontal

velocity, u, is a semi-logarithmic function of the altitude, z, the roughness height,

zo, the von Karman constant, r,, and the displacement height, zd. The sum of the

roughness and displacement height is equivalent to the theoretical zero velocity of

the purely logarithmic velocity profile. Oke [78] provides tables to determine the

roughness height and displacement distance for several types of urban densities, but

further discussion can be found in Grimmond and Oke [46].

u(z) = -ln( ) (A.1)
K zo

At lower altitudes below the mean structure height and within the urban canopy

layer, the velocity profile takes on the exponential form shown below that was origi-

nally developed by Cionco [28] for plant canopies. In this case, the mean horizontal

velocity is a function of the mean rooftop velocity, UH, measured at the mean structure

height, ZH, and the Cionco's attenuation coefficient a.
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u(z) = uHexp(a(Z/ZH - 1))

There are several approaches to finding the attenuation coefficient. Cionco orig-

inally proposed the form found in equation A.2. This version has the cube of the

attenuation coefficient as a function of the mean structure height, ZH, mixing length

scale, lC, and friction coefficient. Unfortunately, the friction coefficient is itself a

function of the sectional drag coefficient, Cb and the frontal area ratio, Af, and the

sectional drag coefficient is not easily estimated. Luckily, data from Macdonald et

al. [66] shows that the attenuation coefficient follows the linear relationship in equa-

tion A.3 with respect to the frontal area ratio up to an approximate value of 0.35.

The frontal area ratio, Af, is defined as the frontal area of each obstacle exposed to

the wind, Af, divided by the plan area of the obstacles, Ad. Given their experimental

data, Macdonald et al. found the constant k to be 9.6. Although the frontal area

ratio could be calculated from a 3D structure model, Britter and Hanna 117] give

approximate values that can be used in place of exact calculation. They state that

typical values of the frontal area ratio range between roughly 0.1 for moderate build-

ing density and 0.3 for downtown areas. Further discussion of how to determine the

frontal area ratio can be found in Grimmond and Oke [46].

u(z) = k * Af (A.3)

Although it is clear that higher altitudes have a logarithmic profile, and lower al-

titudes have an exponential profile, these two must smoothly blend together between

the mean structure height, ZH, and the wake diffusion height, z", to form a single, con-

tinuous profile. As its name suggestions, the wake diffusion height, or blending height,

is the altitude at which the structure turbulence resolves into the semi-logarithmic

profile that defines the upper bound of the roughness sublayer and lower bound of

the inertial sublayer. Addressing this missing component, Macdonald [65] derives the

expression in equation A.4 for the blended region and those in equations A.5 and A.6

for its associated constants.
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U, A + B,:u(z) = [n(A )+BH (A.4)
B A+BZH) UH

A = ( ZH - (zu- d) - Ac) (A.5)

1
B ( d) - 1C) (A.6)

These expressions could be used directly to solve for a coniponent of the velocity

profile by approximating the wake diffusion height. z. A common approximation

proposed by Raupach et al. uses the mean structure height and width and gives

11 = ZH + 1.5W, but Oke 178] claims it can range between 1.5 and 4 times the mean

structure height. Alternatively, equation A.4 can be set equal to equation A.1 with

and for the blending height, -.. This can then be used to obtain a single

continuous mean velocity profile. An example of this profile over a range of prevailing

wind velocities can be seen in figure A-1.

A.5.2 Wall Boundary Conditions

Both structure surfaces and the ground plane can be treated as no-slip conditions.

Because obstacles will be inflated and flow conditions near walls are not, important,

walls are treated as smooth, low-Reynolds number approaches are not used, and only
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standard walls functions are used.

A.5.3 Top Boundary Conditions

Franke et al. [39] suggests that the top boundary condition could be treated as a

constant shear stress, fixed velocity corresponding to the inflow profile at that altitude,

symmetry condition, or as a zero shear condition. The constant shear stress is used

to prevent deviation from the inflow profile and can be derived from the same 148]. It

is suggested that using a symmetry or zero shear condition should be treated as an

approximation that is only valid if the top boundary is outside the boundary layer.

A.5.4 Lateral Boundary Conditions

Although multi-directional flows often force boundary conditions to be either an inflow

or an outflow, symmetry conditions can be used when there is only a single inflow

and outflow boundary. Because symmetry conditions enforce parallel velocity, the

domain should be sufficiently large in the lateral direction so as not to influence the

flow in the target area.

A.5.5 Outflow Boundary Conditions

Open boundary conditions are usually used in commercial CFD for microscale obstacle-

accommodating meteorology models. These are either outflow or constant static pres-

sure 1391. Because of the mechanism of this condition, it should be placed far enough

away from the domain to avoid any reverse flow.

A.6 Initial Conditions

Initial conditions in the domain are relatively unimportant for a RANS solver, but can

speed up the solution time. As such, the RANS solutions in this work are run without

precomputed initial conditions. Unsteady solutions, however, are often simulated for
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a period of time proportional to the domain size divided by the inflow velocity at the

altitude of primary interest.

A.7 Numerical Approximation

In order to make the basic differential transport equations solvable, they must be

discretized and transformed into algebraic equations. There are several approaches

to accomplishing this and too much dependence on the application to offer specific

guidance that is broadly applicable, but both Franke et al. [39] and Tominaga et

al. [101] discourage the use of first-order upwind methods, as they are not appropriate

for all transported quantities.

A.8 Spatial Discretization

A significant source of error can be the resolution and distribution of grid points

within the domain. The goal of any finite volume discretization is to discretize the

domain while introducing as little error as possible. Although Franke et al. [39] and

others recommend a primarily hexhedral domain, this work uses a strictly tetrahedral

domain for the purposes of making the post processing easier. Outside of the element

type, the primary concerns are the growth rate of the cells and the grid size near

features. Although the naive solution would be to simply use a very fine mesh,

increased solution times encourage the use of grid refinement studies to allow for as

coarse a mesh as possible, Furthermore, Blair et al. [13] notes that RANS solvers do

not necessarily converge to the exact solution with increased resolution and it has also

been shown that the accuracy of mesoscale models does not necessarily increase with

increasing resolution. Franke et al. [39] recommends 10 cells per building separation

and Tominaga et al. [1011 recommend 10 cells along a buildings wall to properly

reproduce flow separation. Franke et al. [39] recommends an expansion ratio of 1.2

in regions of high gradient and Scaperdas and Gilham [96] and Bartzis et al. [12]

recommend a max expansion ratio of 1.2.

102



A.9 Temporal Discretization

Unsteady simulations introduce the need to select a time step with which the flow

will evolve. This should be selected through iterative trials over a range of time

steps, but there are several guidelines that can be followed in the absense of or to

supplement a sensitivity study. In the ideal case that the relevant frequency range

can be estimated, then the highest frequency should be resolved with at least 10 &A;

20 time steps per period [70]. Another approach, shown in equation A.7, relies on the

Courant-Friedrichs-Lewy (CFL), or Courant number and relies on the minimum grid

dimension, AXmin, and the maximum velocity, Umax.

At = CFL Xmin (A.7)
Umax

A.10 Iterative Convergence

Because CFD simulation is an inherently iterative process, termination conditions

are required and are usually based on the change in the transport variables over a

single time step. These changes in the variables are called residuals and industrial

applications usually impose a termination criteria of 0.001. However, this tends to be

too high to allow for a converged solution and a reduction of four orders of magnitude

is a better alternative [391.
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