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Abstract

Agile fixed-wing unmanned aerial vehicles (UAVs) are an emerging class of autonomous
aircraft that combine the efficient distance flight of conventional fixed-wings with the ma-
neuverability, and ability to hover, of multi-rotor platforms. These characteristics make
agile fixed-wings compelling candidates for a wide variety of missions from search and
rescue to surveillance. The remarkable maneuverability of these platforms is largely due
to their low weight, and powerful thrusters, which drive reliable and fast slipstream air-
flow over the control surfaces, keeping them effective during low-speed flight. While
their low weight is critical to the agility of this class of UAYV, it also makes them highly
susceptible to wind and can present challenges for precision flight outdoors.

The objective of this thesis is to reject wind disturbances on agile fixed-wing platforms
while minimizing any reductions to the performance of the agile fixed-wing. To achieve
this objective, a modular, feedforward, wind rejection controller, relying on a wind esti-
mate, was developed to improve the performance of existing agile fixed-wing controllers
in outdoor environments. To provide a wind estimate to this controller while maintaining
the platform’s agility, only one additional sensor, an airspeed sensor placed near the plat-
form’s body is required. Since this sensor location is impacted by propeller slipstream, a
model-based approach to removing slipstream flow from airspeed measurements is used
as part of a larger wind estimation architecture. Simulations and experimental flights
were conducted to validate both the feedforward controller and model-based slipstream

removal.



Abrégé

Les véhicules aériens sans pilote (UAV) a voilure fixe agiles sont une classe émergente
d’avions autonomes qui combinent le vol d’avancement efficace des voilures fixes con-
ventionnelles avec la maniabilité et la capacité de vol stationnaire des plates-formes mul-
tirotor. Ces caractéristiques font des voilures fixes agiles des candidats convaincants pour
une grande variété de missions, tels le sauvetage et la surveillance. La maniabilité re-
marquable de ces plates-formes est en grande partie due a leur faible poids et a leurs
propulseurs puissants, qui entrainent un flux d’air en sillage fiable et rapide sur les sur-
faces de commande, les gardant efficaces pendant le vol a basse vitesse. Malgré que leur
faible poids soit essentiel a l'agilité de cette classe d’'UAV, cela les rend également tres
sensibles au vent et peut présenter un défi pour un vol de précision a 'extérieur.
L’objectif de cette these est de rejeter les perturbations du vent sur ces plates-formes
tout en minimisant la réduction en performance de vol. Pour atteindre cet objectif, un
précompensateur modulaire de rejet du vent, reposant sur une estimation du vent, a été
développé pour améliorer la performances des correcteurs agiles pour les avions a voilure
fixe en environnement extérieur. Pour fournir une estimation du vent a ce controleur tout
en conservant l’agilité de la plate-forme, un seul capteur supplémentaire, un anémometre
placé prés du corps de la plate-forme, est nécessaire. Etant donné que le placement de ce
capteur est influencé par le sillage de 1'hélice, une approche basée sur un modéle du flux
de sillage est utilisée dans le cadre d"une architecture d’estimation du vent pour sup-
primer les effets sur les mesures de vitesse anémométrique. Des simulations et des vols
expérimentaux ont été effectués pour valider a la fois le controleur prédictif et ’estimation

du vent basée sur le modele de sillage de 1'hélice.
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Chapter 1

Introduction

1.1 Background

Interest in unmanned aerial vehicles (UAVs) has grown sharply in recent years with au-
tonomous airborne platforms being developed for a wide variety of missions, from aiding
in search and rescue, to inspecting construction sites, or even keeping technicians away
from harm by monitoring infrastructure in dangerous environments [1].

Several classes of UAV exist, and are specialized for different applications. One pop-
ular class is the multi-rotor, shown in Figure 1.1, these platforms fly using only thrusters
without additional lift from aero-surfaces. Multi-rotors can hover in place, maneuver in
tight spaces, and perform impressive feats of agility. These characteristics make them
excellent performers for missions covering a small area where only relatively low speed
flight is required. To some degree, the antithesis of the multi-rotor is the fixed-wing UAV
platform, shown in Figure 1.2. Conventional fixed-wing UAVs rely on wings for lift,
meaning they must maintain a certain airspeed to remain airborne, and as such they of-
ten require runways for takeoff and landing and, of course, cannot hover. Once these
platforms are aloft however, they can fly quickly and efficiently to a destination, making

them ideal for missions covering a large area, where hover is not required [2].
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Figure 1.1: Multi-rotor UAV Figure 1.2: Fixed-wing UAV

Source: [3] Source: [4]

One UAV class, the agile fixed-wing, shown in Figure 1.3, takes inspiration from both
multi-rotor and conventional fixed-wing platforms to merge the best performance char-
acteristics of both. These fixed-wings are light weight, with large control surfaces capable
of large deflections, and powerful thrusters, making them capable of agile maneuvers
comparable to multi-rotors [5]. Additionally, they can hover by pointing their thruster
upward and using their strong propeller flow to keep their control surfaces effective, even
when stationary. They are also capable of relatively efficient distance flight when flying
similarly to a conventional fixed-wing.

These platforms originate from indoor aerobatic competitions, where they are oper-
ated by pilots over remote-control. Recent work has focused on automating the agile
fixed-wing UAVs by first studying their complex dynamics [6], and then proceeding to
design aerobatics-capable controllers for the platform [7]. With their agility and efficient
distance flight, these platforms may be ideal for missions requiring low-speed or station-
ary inspection of multiple targets which are a long distance apart. An agile fixed-wing
could fly to a target, stop and hover, carry out a task, and then fly quickly and efficiently
to the next target.
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Figure 1.3: Agile fixed-wing UAV

Lightweight platforms such as agile fixed-wings are, however, highly susceptible to
wind disturbances [8]. While this is not an issue for indoor flight, it may be problematic
as agile fixed-wings are increasingly used for outdoor autonomous missions. As such,
compensating for wind disturbances on agile fixed-wing UAVs is a worthwhile problem

to investigate, and is the topic of this thesis.

1.2 Literature review

We now present a literature review covering topics relevant to this thesis. The review
is partitioned into three sections focusing on the three major topics of this work: wind
rejection, wind estimation, and propeller slipstream modelling.

These topics may initially seem somewhat isolated, however, we will show in the re-
mainder of this section how they are deeply interconnected and naturally lead to each
other from the central problem of this thesis, wind disturbance rejection for agile fixed-
wings. The logical starting point to investigate this problem begins with the wind rejec-
tion topic, and studying how a controller should be modified to account for the effects of
wind. From this investigation, we find that wind estimation will likely be required since

many wind rejection approaches use explicit wind knowledge. Furthermore, many wind
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estimation approaches require some airspeed measurement which, as is discussed in Sec-
tion 1.2.2, can be challenging on platforms strongly influenced by propeller slipstream,

hence the investigation and modelling of slipstream flow.

1.2.1 Wind rejection

The approach used to reject wind on UAVs varies substantially across platforms and con-
trollers. For multi-rotor platforms, disturbance accommodating control has been demon-
strated experimentally to reject wind in [9], and Non-Linear Dynamic Inversion (NLDI)
control augmented with an artificial neural network is also shown to be effective at wind
rejection in [10].

Tailsitter platforms can be especially susceptible to wind disturbances when in their
hover state, since they often expose their entire wing planform to the wind [11]. Rejec-
tion of wind on an agile platform in hover is studied in [12], where the authors design
a disturbance observer based-controller using H., synthesis, validating the controller ex-
perimentally indoors with artificial wind.

Wind rejection for fixed-wing UAVs is well studied, and different approaches are
used depending on the control objective. One objective, path-following, has seen a large
amount of interest for wind rejection. In path-following, the platform is commanded to
track a geometric path with success often measured by cross-track error, the distance be-
tween the platform and the reference path [13]. Wind rejection for path following has
been studied in [14-18]. Both [17] and [14] conduct path-following using a Lyapanov
Guidance Vector Field (LGVEF); to reject wind disturbances, they augment the vector field
using a wind estimate. Cohen and Forbes [15] design an Invariant Extended Kalman Fil-
ter within a matrix Lie group framework for the estimation of wind and vehicle states on
a tailsitter platform. The authors then use their wind estimate to improve path following
performance by incorporating it into their attitude control and control allocation layers.
In the attitude control layer, the wind estimate is used to properly coordinate a balanced
turn according to a reference yaw rate, regardless of the platform’s heading relative to the
wind. In the control allocation layer, the wind estimate is used to more accurately calcu-
late the authority of the control surfaces. In [16], the authors reject wind disturbances for a
path-following controller by using a wind estimate to calculate pitch and yaw trim angles,
which they then use directly in their guidance law. Finally, Pfeifle and Fichter [18] use an
incremental-NLDI controller which natively tracks aerodynamic angles in the attitude

layer to provide wind rejection qualities without the need for a separate wind estimator.
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Wind disturbance rejection for altitude and airspeed tracking has also been investi-
gated. The authors of [19] pair a NLDI controller with a disturbance observer to track
these states in a windy environment. In [20], altitude and airspeed are tracked using a
non-linear model predictive (NMPC) controller. Using a wind estimator and supplying
the result to the NMPC controller for use in the model was shown to reject wind distur-
bances in simulation. Lu et al. [21] track sideslip and roll in addition to airspeed and
altitude, using a disturbance observer and back-stepping controller to reject both wind
and the disturbance from unmodeled aerodynamic effects.

In [22], Brezoescu et al. study cross-wind disturbance rejection for a trajectory follow-
ing controller. The authors design an adaptive controller and show its ability to reject
disturbances from an unknown wind field through simulation.

Since a large portion of the wind disturbance rejection approaches discussed above
require a wind estimate, we also conduct a review surveying wind rejection techniques
for fixed-wing UAVs.

1.2.2 Wind estimation

To aid in wind measurement and estimation, conventional large-scale aircraft can take ad-
vantage of multi-port pitot tubes and vane-type sensors to measure directional airspeed,
angle of attack (AoA) and angle of side-slip (AoS) [14] [23]. The weight of these sensors
is negligible when compared to the mass of a large aircraft, so their addition does not
generally impact flight performance. For small UAVs however, below about 4 kg, this ad-
ditional mass is no longer negligible, providing limited options for wind estimation [24].
This restriction, along with the increased research interest in lightweight UAVs, has cre-
ated a drive to estimate wind with the limited range of sensors included on these plat-
forms. The limited sensor suite usually includes: IMU, GPS, and an airspeed sensor [23],
research on wind estimation with this sensor package is ongoing, but has progressed far
enough to migrate to popular autopilot platforms such as the PX4 [25]. Wind estimation
solutions are platform and mission-dependant, as an example, reliance on airspeed data
from a pitot tube may work well for a UAV in level flight [26], but is less effective when
the aircraft pitches up to perform a hover maneuver [24].

A large body of work exists for on-line wind estimation on lightweight conventional
tixed-wing UAVs, which generally do not perform aggressive maneuvering at high angles

of attack and sideslip. Some of these methods are briefly described below.
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In Rautenberg et al. [26] three wind estimation methods are investigated. The first of
these collects data from a single port pitot probe, IMU, and GPS over time and estimates
wind velocity and direction with a least squares method. Secondly, the authors present
a ‘no-flow” sensor algorithm which assumes a constant airspeed and windspeed, wind
observability comes through the change in groundspeed as the platform changes head-
ing. Lastly, a five-port directional pitot probe is used to calculate the airspeed vector in
the platform’s body frame which, when paired with GPS measurements, allows calcula-
tion of the wind vector. Experimental flight tests were conducted by the authors, with
results showing similar performance between the single and multi-port wind estimation
methods, and lower performance from the 'no-flow” algorithm. Chan et al. [8] also com-
pare three wind estimation approaches, but instead focus on Kalman Filter frameworks.
They study wind estimation using an Extended Kalman Filter (EKF), Unscented Kalman
Filter (UKF), and finally direct calculation of windspeed from three-axis airspeed mea-
surements. The authors perform experimental flight tests and show similar performance
between the EKF and UKEF, with the direct calculation showing the worst noise perfor-
mance. While all three methods predict windspeeds that are relatively consistent with
ground truth measurements, this work does require the UAV have onboard AoA and
A0S sensors. In [27], Johansen et al. use a kinematics-based Kalman Filter fusing: GPS,
IMU, and airspeed measurements to estimate wind velocity, angle of attack and sideslip.
The authors achieve good convergence in experimental flight tests on multiple platforms.
Brezoescu et al. [28] studied wind estimation for fixed-wing UAVs using lateral, "vehicle
response’, models of the UAV along with position, and velocity measurements through
GPS. On-line parameter estimation is used to augment performance, and simulation tests
are used to validate the wind estimator.

Since the airspeed sensors often used on light-weight UAVs are uni-directional, mean-
ing they can only measure the component of air flowing directly into the sensor, wind
estimation for hovering UAVs can be challenging. This is particularly true for platforms
such as tailsitters or agile fixed-wings which hover vertically and transition to a horizon-
tal state for level flight. If an airspeed sensor is mounted along the platform’s longitudinal
axis, it may provide good airspeed measurements in level flight but will be highly inaccu-
rate when the aircraft transitions to hover. Estimating wind on these hovering platforms
is an active area of research.

In [11], the authors utilize a “gray-box” dynamics model of their tailsitter platform

with a Kalman Filter framework to estimate wind in a hover state. The dynamics model
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is tuned in a zero-wind environment using parameter identification, and the authors vali-
date their estimator in experimental flight tests. Sun et al. [14] also use a dynamics model
to estimate wind for a tailsitter platform in hover, developing a synthetic airspeed sen-
sor’ to estimate airspeed when the platform is in hover, synthetic airspeed was then used
to estimate the wind velocity. Their platform also includes an airspeed sensor mounted
along the platform’s longitudinal axis to measure airspeed in level flight. When in level
flight, wind is primarily estimated using the conventional airspeed sensor, and when in
hover, the synthetic sensor is used, enabling wind estimation for all flight states of the
agile platform.

A large majority of wind estimation methods, including those described above, re-
quire some airspeed measurement to function. Typically, this measurement must be un-
affected by the aerodynamics of the platform and should be an accurate representation of
the velocity that the platform is moving with respect to a coordinate system fixed to the
surrounding air. We will denote this ideal measurement as a freestream measurement.

For many fixed-wing UAV platforms, particularly larger ones, freestream measure-
ments are easy to obtain, as most of the platform’s airframe is relatively free of distur-
bances to the freestream and even if a section of the airframe is disturbed, by the propeller
for example, many other placement locations are available with minimal impacts on per-
formance. This is not true for agile fixed-wings however, which face two opposing issues
that make freestream measurement especially challenging. Firstly, due to their powerful
thrusters, most of the airframe is covered in fast moving slipstream flow from the pro-
peller, which can cause airspeed measurements on the body of the platform to be much
higher than the true freestream. The wingtips of the platform are void of slipstream flow,
making them theoretically ideal for freestream measurement, however on platforms as
light as agile-fixed wings placing even light airspeed sensors this far away from the cen-
tre of mass can greatly impact agility. Since it is clear that propeller slipstream will impact
wind estimation on agile fixed-wings, we conduct a literature review to survey previous

work on this type of flow.

1.2.3 Propeller slipstream

The high speed flow behind propellers, or propeller slipstream, enables many of the in-
credible maneuvers that agile UAV platforms are capable of, but it is also a region of

complex aerodynamics with research still ongoing to fully characterize this type of flow.
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The flow close behind a propeller has been studied in the literature, as this is a region
of particular interest for wing-mounted propellers. Classical approaches, such as momen-
tum theory and a coupling of blade element and lifting line theories, have been shown to
provide useful estimates of slipstream in this region [29] [30]. Farther downstream, these
methods are expected to become less accurate, as the slipstream diffuses and mixes with
the freestream air.

Particle Image Velocimetry (PIV), has been used to conduct detailed surveys of pro-
peller slipstream in [31] and [32] and records the complex vortical structures that are
present in this region. Computational Fluid Dynamics (CFD) is also used to examine flow
inside the slipstream region, such as in [33] which studies the influence of slipstream on
a twin turboprop aircraft. The authors of [31] also develop a CFD model to investigate
the interaction between slipstream and the wing in [34], validating their model using PIV
measurements.

Wind tunnel slipstream measurements behind a variety of small UAV propellers are
recorded by Deters and Selig in [35]. These measurements are taken through a large axial
and radial sweep of the slipstream, with and without interference from a flat-plate airfoil.
A similar study is carried out by the Leng et al. in [36], where the authors focus on
slipstream-wing interference at a variety of advancing flow conditions.

An adjacent field, marine propulsion, has studied propeller slipstream extensively.
The powerful slipstream behind ship propellers is the primary factor of accelerated ero-
sion effecting underwater structures in ports, hence the large research interest in investi-
gating this flow [37]. A common, and suitably accurate, approach for modelling marine
slipstream employs a semi-empirical model to capture the complex diffusion effects far
downstream of the propeller. These semi-empirical models usually assume that the flow
velocity downstream of the propeller follows a Gaussian profile in the radial direction at
a given distance along the propeller’s rotational axis. The shape of the Gaussian profile is
controlled by parameters that are fit through extensive experimental measurements [38].
While most work on marine slipstream considers static conditions, semi-empirical pro-
peller models have been adapted for use with marine turbines powered by advancing
flow in [39] and [40].

For propellers operating in air, recent work by Khan and Nahon in [41] uses classi-
cal momentum theory to model slipstream in the region close to the propeller, and an
adaptation of the semi-empirical methods used for marine propellers to model the region

far downstream. The authors report good accuracy for this model after an extensive se-
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ries of measurements throughout the slipstream while the propeller is operating in static

conditions.

1.3 Thesis Objectives

The goal of this thesis is to reject wind disturbances that affect agile fixed-wing aircraft in
outdoor flight.

The approach used in this thesis rejects wind using an explicit wind estimate, similar to
the architecture used by many works reviewed in Section 1.2.1. This decomposes wind
disturbance rejection into two coupled problems, wind estimation and wind rejection.
Due to the unusual aerodynamics of agile fixed-wings and the advanced controllers that
are designed to automate them, wind disturbance rejection for this class of UAV presents
unique and interesting challenges for both the wind estimation and rejection problems.
Wind estimation is challenging on agile fixed-wing platforms due to propeller slipstream,
as such this thesis also includes work on the modelling of validation of this flow.

Key objectives of this thesis are as follows:
1. Modelling and validation of propeller slipstream in advancing flow conditions.

2. Wind estimation on platforms where propeller slipstream covers a large portion of

the airframe.

3. Feedforward wind rejection using an explicit wind estimate that can be integrated

with acrobatic controllers already developed for agile fixed-wing UAVs.

1.4 Thesis Organization

This thesis is composed of three main sections, each covering a key objective, beginning
with Chapter 2. Chapter 2 is focused on propeller slipstream modelling and in-flight
validation. This model is then used extensively in Chapter 3 for wind estimation. Chapter
4 uses this wind estimate for wind rejection. Chapter 5 concludes this thesis and suggests
topics for future study.

Each chapter contains simulation and experimental results specific to its topic, with

Chapter 4 presenting final results utilizing the work developed in Chapters 2 though 4.



Chapter 2
Propeller slipstream

This section will discuss propeller slipstream modelling on an agile fixed-wing UAV in
forward flight conditions. Validation of the model is performed in-flight using an instru-
mented agile fixed-wing platform.

The flight dynamics of agile fixed-wings can be largely dominated by propeller slip-
stream. Slipstream often drives a majority of flow over the platform’s surfaces, enabling
control authority at low speeds or while hovering. As such, propeller slipstream models
are often used as part of a larger vehicle dynamics model, such as in [6]. In this thesis, we
instead look to use the slipstream model to conduct wind estimation using an airspeed
sensor submerged in slipstream, which is the focus of Chapter 3. Moreover, while other
work considers slipstream in a static case, analogous to hover, it is critical that we model
and validate slipstream in forward flight conditions.

This chapter will first introduce a propeller slipstream model developed for static con-
ditions in prior work, then extend this model to forward flight conditions. The effect of
forward flight on the slipstream will be investigated using the model, and finally valida-

tion in forward flight will be done using an instrumented vehicle.

2.1 Propeller slipstream model

We begin by introducing the base propeller slipstream model used in this work, which
was developed by Khan and Nahon in [41]. This model propagates an induced flow ve-
locity w, at the propeller plane to some location downstream, denoted P,. The propeller
reference frame used in this work, along with P;, can be seen in Figure 2.1. P, has or-

thogonal components z; and 4. As Figure 2.1 indicates, the radial direction, along 7, is

10
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a vector normal to the propeller’s rotational axis, and the axial direction, z, is along the
propeller’s rotational axis. Slipstream is often assumed to be symmetric about z, hence
the use of only two components to localize a position inside the slipstream.

With regard to notation, in this thesis, vectors are denoted with an underbar as (:),
unit-length vectors are denoted with the standard (*) notation and neglect the underbar,

and matrices are generally indicated using bold type.

Td )
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Figure 2.1: Propeller frame definition showing axial and radial directions  and 7 respec-

tively and the test point location P, with components z, and 7.

Before discussing the propeller slipstream model, it is worthwhile to briefly mention
the meaning of induced flow in the context of slipstream. Classical slipstream models,
such as momentum theory, evaluate induced flow, which is the difference between the
flow velocity at some location, and the flow velocity far upstream. The downstream
propagation of an induced flow velocity from the propeller plane, consists of analyzing
the increase in flow speed compared to the freestream, and how this changes with axial
distance away from the propeller. The induced flow velocity itself is not necessarily use-
ful for our purposes here, and as such it needs to be superimposed with the freestream
velocity to compute the true flow speed. The true flow speed is what one would measure
using an ideal airspeed sensor fixed to the aircraft at the given location.

The slipstream model used in this thesis, developed in [41], uses classical momentum
theory to model the flow in a region close to the propeller, and a semi-empirical model

adapted from work on marine propeller slipstream to model the region far away from
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the propeller plane. Classical momentum theory assumes that flow is driven by acceler-
ation forces, gradually and indefinitely contracting as it travels downstream. While this
assumption can work reasonably well for flow near the propeller plane, its accuracy will
eventually fade as the slipstream diffuses and expands, which is not modelled by momen-
tum theory. The region where momentum theory is valid, due to a lack of flow diffusion,
is labelled the 'near-field’. The ’far-field” region is downstream of this and is character-
ized by the diffusion of slipstream in the freestream air. A plane normal to # represents
the transition from near-field to far-field, with the exact location of this transition being
established later in this section. The remainder of this section will provide an overview
of the model developed in [41], the modifications which enable this model to be used for

forward flight will be presented in the following section.

2.1.1 Near-field model (momentum theory)

Classical momentum theory assumes that a propeller can be modelled as an actuator disk,
a thin plane which has a pressure discontinuity across it with no discontinuity of flow
velocity [42]. Momentum theory also assumes incompressible flow and neglects swirl,
with swirl being flow normal to both 7 and z. Since swirl is not considered, mixing and
diffusion are likewise unmodeled, hence the indefinite contraction of the slipstream.
McCormick discusses propagation of an induced flow at the propeller plane, w,, to a
location = downstream using momentum theory in [43], and introduces an equation to
calculate induced flow w as a function of axial distance, using R, which is the radius of
the propeller. McCormick’s equation is decomposed below into induced flow velocity as
a function of w(z) and a parameter ~(x), which represents the ratio of induced flow at the

propeller plane to induced flow at axial location z.

w, = w(z) = wyy(z) (2.1)
_ z/R,
v(z) = [1 + T /R (2.2)

As can be in Eq. (2.2), 7(c0) = 2 and y(—o0) = 0, which implies that far upstream
of the propeller no additional flow velocity is induced and, less intuitively, infinitely far
downstream the induced flow is double that at the propeller plane. This implies that

half of the induced velocity caused by the propeller is generated upstream of the pro-



CHAPTER 2. PROPELLER SLIPSTREAM 13

peller plane, and the other half is generated downstream. The change from (—o0) = 0
to v(co) = 2 happens in a very localized region near the propeller, with the vast majority
of flow development occurring within a five propeller diameter long axial range. A vi-
sualization of v(z) as a function of normalized axial distance from the propeller plane is

shown in Figure 2.2.

-10 -5 0 5 10

Figure 2.2: Induced flow ratio v(z) as function of normalized axial distance from the

propeller plane.

It should also be noted that Eq. (2.1) is not a function of radial distance, implying a
uniform slipstream velocity in 7 at a given location z. The diameter of the slipstream, D,
is then calculated through conservation of mass, assuming that, at + = 0, Dy = D,,, where

D, is the diameter of the propeller. D, can be calculated as a function of axial distance as
D, =D, |— 2.3)

2.1.2 Efflux plane (near-field to far-field transition)

Momentum theory models acceleration forces in the flow, which causes the slipstream to
contract in order to maintain flow continuity, assuming incompressibility. In reality, how-
ever, diffusion also plays a dominant role in the slipstream, and has the opposite effect
of slowing and expanding the propeller flow. These two forces are present throughout
the slipstream, with acceleration dominating near the propeller, and diffusion dominat-
ing far away from it [41]. The plane where diffusion begins dominating over acceleration

is called the efflux plane and is the transition from the near-field to the far-field.
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Since acceleration contracts the slipstream, and diffusion expands it, the efflux plane
is located where the slipstream diameter is smallest. The axial location of the efflux plane,
z., must be measured experimentally by sweeping through the slipstream to find the loca-
tion where D, is smallest. The authors of [41] perform this procedure in static conditions
and measure z. to be 0.764D,, downstream of the propeller plane.

The flow conditions at the efflux plane will be important for modelling slipstream in
the far-field, as such we must calculate the induced velocity at the efflux plane w,, and the
diameter of the efflux plane D.. Since the near-field model is applicable up to the efflux

plane, D, and w, can be calculated using momentum theory, as follows

we = wyY(Te) (2.4)
1

D.=D, 25

v(ze) @)

2.1.3 Far-field model (semi-empirical)

Past the efflux plane, diffusion becomes a dominant force in the slipstream, expanding
and slowing the flow, and reducing the accuracy of the near-field model. Diffusion can
be complex to model analytically, which has led to the development of semi-empirical
models to predict the slipstream in this region. While these models are commonly used
for marine propellers, beginning with studies on propeller jets by Albertson [44] in 1950,
it has been until recently that they have been adapted for use in air. Khan and Nahon [41]
conducted this adaption, re-fitting the semi-empirical models to predict the slipstream
behind small UAV propellers in air with good accuracy.

The far-field model, developed in [41], assumes that flow far downstream of the pro-
peller is axisymmetric about , and that the flow velocity profile at a given axial distance
is a Gaussian function of radial location. At a given axial distance, the shape of the Gaus-
sian is controlled by three parameters, the maximum velocity V,,..(z), the radial loca-
tion where this maximum occurs R,,.,(x), and the standard deviation of the profile o(z),
which are all functions of axial location.

These parameters can then be used to calculate the induced velocity in the slipstream

at a location Py = [z4, 4] using

W(xq,74) = Wqg = Vinaz(Ta) exp ((Td __QR;W(ZZZ(;d)) ) (2.6)
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Induced
slipstream

Propeller center y
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Figure 2.3: Flow velocity distribution in the slipstream far-field, showing parameters
Vinae(®) and Ryyq0()

Vinaz, Bmaz, and o are observed to change relatively linearly with respect to axial dis-
tance in three distinct sections of the far-field by the authors of [41], motiving a partition-

ing of the far-field into smaller sections to use linear models of these parameters.

2.1.3.1 Sectioning the far-field

The far-field is partitioned into three sections, labelled 1-3, with section 1 beginning at
the efflux plane and section 3 being the furthest downstream. In sections 1 and 2 a low
velocity core near the propeller’s rotational axis causes the peak of the slipstream velocity
distribution to be offset from 2. This results in the flow velocity distribution appearing
as two Gaussian curves mirrored about . In marine propulsion research, sections 1 and
2 are called the ”zone of flow establishment” [38]. Figure 2.3 shows the flow velocity
distribution for a half cross-section of the slipstream, as the flow travels downstream
peaks on each side of & gradually move closer to the propeller’s rotational axis, until they
eventually meet and form a single Gaussian curve. The point where the peaks merge
marks the beginning of section 3 which, in the marine propulsion literature, is called the
“zone of established flow” [38]. An analogous way to define section 3 is that it is the
region of the far-field where R,,,,,(z) = 0.

While the R,,..(z) = 0 condition clearly defines the bounds of section 3, the border
between section 1 and 2 is less clear. The division between these zones is established
in [41] as the authors observed that, before section 3, V;,,4..(%), Rimaz (), and o(x) appeared
to be linear in two distinct regions, which motivated the split into separate sections. As
such, the boundary between section 1 and section 2 was selected by the authors through

examination of experimental measurements and can be seen in Table 2.1.
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Table 2.1: Axial boundaries of sections in the far-field model [41] in terms of efflux plane

location and diameter

Section | Beginning of section End of section
1 Te 1.7D, + x,
2 1.7D, + . 4.35D, + .
3 4.35D. + x. 00

While these boundaries were measured for a particular propeller, the authors of [41]

show that they are valid for a variety of propellers and propeller configurations.

2.1.3.2 Empirical parameters and tuning

Fitting of the far-field model was done in [41] by linearly fitting each parameter: V., (),

Ry(z), and o(x) in sections 1-3.

Sections 1 and 2: The equations governing V,,q, (), Ryn..(x), and o(z) in sections 1 and
2 are now considered. The symbol R,,,, o denotes the value for R,,,, at the efflux plane,
and it is represented as a function of the diameter of the efflux plane D, and the radius of
the propeller hub Ry, [41] [45]

D,

Razo = 0.67 (7 - Rhub) 2.7)

T — Te

= — by 2.

Vma:r(x) We (al,z bl,z Dp ) ( 8)
Rma:v(x) - Rmaw,O <a2,i - b2,iw) (29)

D,

2

O'(LL') = \/7_ [GS,iRmaa:,e + ng(iL’ — Te — Re)] (210)

As can be seen above, the empirical equations for V},4,(z), Rye.(x), and o(z) require
six parameters in sections 1 and 2, denoted: [a;;, a2, as;, bis, b2, b3;]. The second sub-

script ¢ of each parameter refers to the section which it is used in.

Section 3: Since the flow velocity in section 3 can be described as a single Gaussian

across the entire slipstream diameter, the empirical equation for o(z) must be slightly
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modified to describe this section. V,..(x) and R,...(x) however, can still be modelled
using Eq. (2.8) and (2.9) respectively.
V2

0'(33') = 7 [bg,i(l’ — l’e>] (211)

Since the Eq. (2.11) uses one less parameter than (2.10), only five parameters are re-
quired to fit the model in section 3.

Khan and Nahon fit the 17 parameters experimentally though extensive probing of
the slipstream behind an Electrifly 10 x 4.5 propeller in [41]. The tuned parameters are

summarized in Table 2.2.

Table 2.2: Table of coefficients used in the semi-empirical slipstream model [41]

H Parameter H Section1 Section2 Section 3 H

I 2 3 |
ar 1.24 1.37 0.89
by 0.0765  0.1529 0.04
s, 1 1.3 0
b 0.1294  0.3059 0
as.; 0.8839 05176  N/A
bs.s 0.1326 02295  0.2411

An annotated simulation of the semi-empirical slipstream model discussed in this sec-
tion is shown in Figure 2.4 for a particular case in which the freestream velocity, V., is zero
and the propeller angular velocity expressed inrev/s, n, is set to n = 145 rev/s (8700 rpm).
The variable n,,,, in Figure 2.4 refers to the propeller angular velocity in explicit units of
RPM. The effect of both V., and n on the slipstream will be discussed in detail in the
following section. Figure 2.4 shows the contraction of the near-field under momentum

theory, and the gradual expansion past the efflux plane due to diffusion.

2.2 Effect of freestream velocity on slipstream

The slipstream model discussed in Section 2.1, and the original work presented in [41],
only considers propeller slipstream under static conditions, where the freestream velocity,

Voo, is zero. In this thesis however, we need to use the model in forward flight conditions
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Figure 2.4: Half cross-section of static slipstream flow showing near-field, far-field, far-

field sections and efflux plane. Propeller conditions are V,, = 07, 8700 RPM

where freestream airspeed becomes a critical component of flow inside the slipstream.
This section will examine how the model presented in Section 2.1 can be adapted for use
with a nonzero freestream flow, and how the propagated induced flow velocity w, can be
converted to a flow velocity relative to the propeller frame, shown in Figure 2.1.

As will be detailed in the remainder of this section, the slipstream is impacted by
freestream flow through three mechanisms, the first being the reduction in thrust with
an increased advance ratio, the second being the reduction in w, with freestream, and the
final mechanism being the superposition of induced flow and freestream flow to calculate
total slipstream flow. These three mechanisms are discussed in the remainder of this
section, and precede an investigation of the effect of freestream velocity on slipstream,

which concludes this section.

2.2.1 Thruster model

To examine the first way in which V, impacts slipstream, we must first examine the thrust
coefficient of the propeller. The thrust coefficient, denoted by C}, is a normalized form of

thrust given by the equation below [46]

T

C,=——
K pnzDg

(2.12)
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The thrust coefficient is usually dependent on the advance ratio, J, which is a function

of V., and the propeller’s rational speed. J, is defined as follows [47] [48]

Ve

J =
nD,

(2.13)

Neither C; nor J are dimensionless, with units of 1/rev? and 1/rev respectively. The
thrust coefficient C; has a strong effect on the induced flow at the propeller plane w,
additionally prior work studying small UAV propellers has shown that C; decreases as .J
increases [48]. The implication of these relations is that for a constant propeller speed n,
any increase in V,, will lead to a decrease in C; which then leads to a decrease in wy,.

To calculate C; in this thesis, we use the Blade Element Momentum Theory (BEMT)
model developed for small UAV propellers in [49]. The Cy(J) curve generated by this

model can be seen in Figure 2.5, which demonstrates the drop in C; with an increase in J.
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Figure 2.5: Thrust coefficient C; used in this work as a function of advance ratio .J, gener-
ated from the BEMT model developed in [49].
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2.2.2 Calculation of induced flow at the propeller plane

In Section 2.1, it was assumed that the input to the slipstream model, induced flow at
the propeller plane, w,, is a known value. In reality, however, w, is generally unknown
and must instead be calculated using C; and the propeller state. We now show how w,, is
calculated in forward flight conditions.

The momentum theory actuator disk model can be used to calculate thrust based on

Vs and w, using the following equation [42] [43]
T = 2mpR2 (Vo + wp)wy (2.14)
The thrust in Eq. (2.14) can then be replaced with Eq. (2.12) to incorporate C; as

Cypn*D? = 20 AV + wy)w (2.15)
P p)Wp

In the original work on this slipstream model [41], static conditions were assumed,

implying V., = 0. Allowing w, to be easily solved for as

[2C
w, = #nDp (2.16)

This approach is not valid for forward flight conditions, however, where V,, # 0. Eq.

(2.16) instead becomes a quadratic equation in w, and can be solved as

B \/ 20, D2n% V2 Vi
ENTT T T
A unique solution for Eq. (2.17) is generated by enforcing V., w, > 0.

(2.17)

Eq. (2.17) incorporates two dependencies on V,, the first of which is the direct use of
Vx in the equation and the second comes from the thrust coefficient’s dependence on V,

as discussed previously.

2.2.3 Total flow from induced flow

The final way in which V,, affects the slipstream comes through the calculation of total
flow from induced flow. In this context, total flow represents the flow velocity relative
to the propeller’s coordinate system. If one were to insert an airspeed sensor, rigidly
attached to an aircraft, into the propeller slipstream, they would measure the total flow

velocity. The slipstream model detailed in Section 2.1 outputs an induced flow velocity
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wqy at the test location P;. We now look to convert this into a total flow velocity at Py,
denoted V.
In [43] and [42], the induced velocity w, at the propeller plane is dependent on V, and

the total flow velocity at the propeller plane V,,, and is calculated as follows
wp, =V, — Vo (2.18)

If we extend this to the arbitrary location P,, we see that V; is simply the superposition

of V. and wy, yielding the relation [6]

Vi = wq + Vi (2.19)

2.24 Effect of freestream on slipstream

Now that the slipstream model is extended for use in forward flight, we proceed to use
the model to investigate how V,, affects the results of the slipstream model. To do this,
we run a series of simulations on the slipstream model, holding propeller RPM constant
while changing V... These simulations are compiled into a single plot in Figure 2.6, for
a radial range of +0.83D, and an axial range of 0 — 3.74D,. The results for the semi-
empirical slipstream model are shown in the top half of each subfigure. For comparison,
the bottom half of each subplot showcases the results for the classical momentum theory
slipstream model, i.e. continuing to use the near-field model past the efflux plane.

Figure 2.6 shows that V, does not notably change the shape of the slipstream, but does
have a strong influence on the velocity gradient. Comparing the V., = 15 case with the
static Vo, = 0 case demonstrates this effect well, with the static case showing a slower
slipstream with a more noticeable velocity gradient, and the V., = 15" case showing an
overall faster slipstream that is much more uniform.

The superposition of freestream flow and induced flow, is the cause of this reduced
velocity gradient at higher freestream speeds. The low induced velocity at the propeller
plane w, caused by high freestream speeds leads to a low propagated induced velocity
wq. When Vj is calculated using Eq. (2.18), most of the flow velocity comes from V,
due to the low wy. Since wy is the element which contains the velocity gradient, hav-
ing a low influence from w, results in a relatively uniform slipstream. The opposite of
this happens in static conditions, when the propeller’s induced flow it at its strongest,

and freestream is nonexistent. This phenomenon is more clearly illustrated in Figure 2.7,
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which plots V,,,4:(24), Winaz(2a), and Vo, along z, for three freestream speeds, all with the
same propeller RPM. Figure 2.7 shows the faster V, leading to a lower induced flow and
a lower gradient in the slipstream. It may also be observed that at certain locations, such
as x4/ D, ~ 2.75, V; appears to be somewhat constant regardless of freestream velocity.
This is an interesting effect where freestream and induced flow balance each other and

will be elaborated on further in Chapter 3.

V_ =0
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s = _Wma (X)
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Figure 2.7: Slipstream model results of maximum induced flow, and flow velocity versus
axial distance for a propeller operating at 8700 RPM with differing freestream speeds.
The top figure shows the static case, the middle figure shows the case where V, = 57,
and the bottom figure shows the case where V,, = 157. In the top subfigure, V., and

Winay are equal.

2.3 In-flight validation of the propeller slipstream model

Now that the slipstream model for forward flight conditions is established, we proceed to
validate this model in experimental flight tests using an instrumented vehicle to evaluate
its performance. In doing so, we also evaluate the performance of the classical momentum
theory slipstream model and compare the two. Tests are conducted with both constant

and varying propeller speed.
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2.3.1 Methodology

Model validation is performed by instrumenting an agile fixed-wing platform to mea-
sure propeller RPM, freestream velocity V., and airspeed at some location inside the
slipstream V;;. Propeller RPM and freestream speed are the inputs to the semi-empirical
slipstream model, used to calculate an expected slipstream velocity from the model which

is compared to the measured V; to evaluate model accuracy.

<—Freestream
sensor

Figure 2.8: Experimental platform used for flight tests, showing the freestream airspeed

sensor placed on the starboard wingtip and the slipstream sensor locations.

The agile fixed-wing platform used in these flight tests is a West Michigan Park Flyers
McFoamy, fitted with a Master Airscrew MR Series - 10x4.5 propeller. The MR - 10x4.5
is not the same propeller used in the original work on the semi-empirical slipstream
model [41], but does have the same diameter and pitch. The onboard flight computer
is a PixRacer running PX4 and is responsible for semi-autonomous control and sensor

data-logging. The instrumented platform can be seen in Figure 2.8.

2.3.2 Sensors

Three sensors, two airspeed sensors and one RPM sensor, are required to record the key
inputs and outputs of the slipstream model, n, V., and V. One airspeed sensor is dedi-
cated to measurement of V., and the other measures V.

A UAVCAN:-enabled Electronic Speed Controller (ESC), the Kotleta20, was used for

measurement of propeller RPM. This ESC contains its own microprocessor, both to control
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the motor, and to log performance data. Data is regularly reported to the main flight
computer over a UAVCAN bus. By default, the Kotleta20 measures and reports motor
RPM, so no modifications were required.

Airspeed is measured using differential pressure sensors connected to pitot probes. To
avoid conflicting addresses on the flight computer’s /°C databus, two types of differential
pressure sensor were used. A MS4525DO as part of the mRobotics mRo I2C' Airspeed
Sensor system was used to measure freestream flow and a Sensirion SDP33 as part of
the Drotek SDP3x Airspeed Sensor package was used to measure airspeed inside the
slipstream.

To ensure the three sensors were functioning correctly and producing accurate mea-
surements, all three were validated in advance of experimental flights. Due to the mea-
surement mechanism of the SDP33 sensor, calibration of this sensor was required. Further
detail relating to the validation and calibration of these sensors can be found in Appendix
A.

The results of the sensor validation shows that all three sensors have suitable accuracy.
The MS4525DO was seen to be able to measure airspeeds above 6 m/s with an error less
than 0.4 m/s. The SDP33 had substantially better performance, with measurements being
within the accuracy bounds of the airspeed reference for nearly all airspeed values tested.
The RPM sensor in the Kotleta20 also showed very good performance, with a RMSE of
about 30 RPM.

2.3.3 Flight profile

The flight profile used in the flight test campaign requires smooth and level flight to en-
sure accurate airspeed readings and flight segments with constant throttle and variable
throttle to examine the accuracy of the model under both these conditions. To achieve
smooth flight with throttle control, the platform is flown semi-autonomously via remote
with PX4 configured in fixed-wing stabilized mode. This mode allows the pilot to com-
mand an attitude which is tracked by the flight computer, enabling the pilot to issue
smooth attitude commands, avoiding high levels of sideslip or angle of attack, while still
enabling attitude disturbance rejection. While the attitude commands in this mode are
used as references for the PX4 attitude controller, the throttle command is directly passed
through to the ESC.
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The procedure for each flight test begins with the launching of the platform, after
which it is flown to a safe altitude where the pilot commands the aircraft to follow a level

and approximately straight flight path.

2.3.4 Measurement locations

Ground-based measurements of propeller slipstream, such as those carried out in [35]
and [41], do not need to consider the impact of their measurement mount on airworthi-
ness. Unfortunately, for in-flight slipstream measurements on a lightweight platform, the
weight of the sensor mount is of critical consideration. Since automated stages capable
of sequentially sampling airspeed at many locations in the slipstream would be far too
heavy to implement on an agile fixed-wing platform, we instead measure slipstream us-
ing stationary mounts at a select number of carefully chosen measurement points. We
choose to measure slipstream at five locations, one near the wing of the platform, one
behind the aileron, and three near the tail.

The mounting hardware consists of stationary mounts bonded to the airframe which
enable measurements at four axial distances. These mounting points can be paired with
one of two sensor cradles which offset the pitot-probe from the stationary mount. The lo-
cation of the stationary mount determines the axial placement of the probe, and the cradle
used determines the approximate radial location. This hardware can be seen in Figures
2.9 and 2.10. The mount for location D1 is slightly different as it is swept backward to
measure an axial distance far downstream without interfering with the rudder.

To establish a descriptive and compact notation for the sensor locations, each test point
is denoted by an alphanumeric code where a letter A— D represents the approximate axial
location, and the number 1 —2 represents the approximate radial location. These locations

are summarized in Table 2.3 and can be seen overlaid on the test platform in Figure 2.8.

Table 2.3: Test point locations

Axis | A1 Bl C1 C2 D1
= 1081 1.99 248 247 2.68
= 1035 029 033 048 0.32
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Retaining cap ———»

Al,B1.C1 Pitot probe

Mounting
point

Differential
pressure
sensor

Figure 2.10: Airfame mounting point
showing differential pressure sensor and

. . , , tubing. The test location shown here is C2.
Figure 2.9: Pitot probe ’cradle’ mounts.

2.4 Results

Multiple flights measuring freestream flow velocity, propeller RPM, and slipstream flow
velocity are conducted with segments of constant and variable throttle. This validation
work examines smooth level flight, validation with a constant throttle level is presented
tirst, and followed by validation of tests with throttle variations. Since the flight test was
operated semi-autonomously, it is important when comparing data from different flights
to only compare flight segments where conditions are similar. This is accomplished by se-
lecting 10 s data segments from each flight which represent straight and level conditions,
with low yaw, pitch, and roll rates to avoid maneuvering which can cause inaccurate
airspeed measurements. Selection of data segments for the constant throttle results are
constrained by the additional criteria that the throttle must be constant within approxi-
mately 300 RPM, and the throttle must be greater than 90% of maximum. Since throttle
was controlled directly by the pilot, the throttle command was never the exact same be-
tween flights, which made matching flight segments for the throttle variation trials not
possible. As such, the throttle variation trials are not completely similar between differ-

ent segments, and must be assessed more individually for each location.
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2.4.1 Constant throttle tests

Results for the constant throttle segments are shown in Figures 2.11 through 2.15. Each
plot shows the recorded freestream, and slipstream data, along with the results expected
from the semi-empirical and momentum theory models. Figure 2.16 shows the root mean
squared error (RMSE) between each model and the measured data for each test location.

It should be noted that since test point C2 is outside the influence of momentum the-
ory’s slipstream, and as such the velocity expected by momentum theory at this location
is always equal to V. This is clearly seen in Figure 2.14, as the momentum theory model

result and freestream velocity completely overlap each other.

2.4.2 Throttle variation tests

Results for the variable throttle segments can be seen in Figures 2.17 through 2.21, with

RMSE summarized in Figure 2.22.

2.4.3 Discussion

Discussion of the in-flight validation results is broken down into discussion of the results
near the tail section, at locations C1, C2, D1, and discussion of the results near the wing
section A1, B1. This is done as the characteristics of the results from locations near the tail

are substantially different from the results near the wing.

Tail region: Results near the tail region show good agreement between the semi-empirical
slipstream model and experimental measurements, with similar error between constant
throttle segments and throttle variation segments. These errors are similar to those ob-
served in the original work on the slipstream model in [41], but slightly larger. The in-
creased error is likely due to a few factors, firstly the semi-empirical slipstream model
was not fitted for the specific propeller used in this work, even though it has the same
pitch and diameter as the propeller used in [41], the exact blade profile likely has a non-
negligible effect on the slipstream. Secondly, the model does not account for interactions
between the slipstream and the platform’s airframe or wing. Both Deters and Selig in [35]
and Leng et al. in [36] found that a flat plate airfoil can substantially interfere with the
slipstream and cause a violation of the axi-symmetric assumption that is core to the semi-

empirical model. Finally, the location of the efflux plane is critical to the semi-empirical
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slipstream model, but is only measured in static tests in [41]. It is unknown how the ef-
flux plane may change in flight, but any deviations from the static case can easily cause a
notable impact on the accuracy of the semi-empirical model.

While experimental results show slightly higher error than the original work on the
semi-empirical model, the accuracy is still concluded to be very good, with the semi-
empirical model providing much better results than momentum theory at all test loca-

tions in the tail region.

Wing region: Results from test locations Al and B1 contrast the results from the tail re-
gion with poorer performance from both the semi-empirical model and momentum the-
ory. Performance between the constant throttle and throttle variation tests is similar, with
the throttle variation tests displaying slightly worse accuracy. Measurements at location
A1l show better performance from momentum theory compared to the semi-empirical
model, though this difference is relatively slight.

The most interesting location is B1, which shows a substantial deviation from both
models, and is very similar to the freestream measurement, not showing any notable
influence from the slipstream. This measurement location being directly behind the port
aileron may be responsible for the discrepancy, as strong interference from the wing may
be present. Due to the unexpected nature of measurements in this location, the B1 flight
test was repeated additional times to ensure accuracy of the results.

The results of this chapter indicate that the semi-empirical slipstream model provides
accurate flow prediction results near the tail of the agile fixed-wing platform in forward
flight conditions. Results were shown for measurements with constant throttle and with
throttle variations present, with both having similar performance.

Now that the slipstream model is validated, we proceed to use it in the following
chapter to remove the effect of propeller slipstream on wind-estimation for agile fixed-

wing platforms.



Chapter 3

Synthetic airspeed sensing

3.1 Introduction

The objective of wind estimation is to use the suite of sensors onboard a UAV to deter-
mine both the magnitude and direction of the surrounding wind. The problem can be
particularly complex on lightweight UAVs due to their limited wind sensing capabilities,
in particular the use of uni-directional airspeed sensors. Calculation of wind properties
can be done using the difference between airspeed and groundspeed, and while the com-
plete groundspeed vector is available through GPS and barometric sensors, only having
one component of airspeed available means that the complete wind vector cannot be di-
rectly calculated. Instead, only a component of wind is observable, and the platform must
change its heading, thus changing the direction of the airspeed sensor, to gradually build
up a complete picture of wind magnitude and direction.

Thus, wind estimation can be challenging even if the measured airspeed is undis-
turbed by any external aerodynamics. Expressed differently, wind estimation is non-
trivial even if the required freestream measurement is available. If the measurement is
impacted by propeller slipstream, the wind estimation problem inherits an additional
layer of complexity. Initial tests were conducted which used airspeed measurements in-
side the slipstream directly with a conventional wind estimator, without any compensa-
tion for the propeller’s disturbance to the airflow. The results of this testing showed very
poor performance of the wind estimator, as would be expected due to the magnitude of
the propeller induced flow seen in Chapter 2.

As is briefly discussed in Chapter 1 and more extensively in Chapter 2, freestream

properties can be challenging to measure on an agile fixed-wing platform due to the sub-
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Figure 3.1: Simulation of static slipstream over agile fixed-wing platform.

stantial impact of propeller slipstream flow. Figure 3.1 presents a simulation of the pro-
peller slipstream model overlaid on an agile fixed-wing platform, showing that very few
locations on the platform’s airframe are unaffected by slipstream.

While the wing appears to be undisturbed by slipstream, it is not an ideal location for
sensor mounting due to the low inertia of the platform. It was observed in early experi-
mental flight tests that sensor placement on the wing or at the wing tip led to substantially
reduced agility, which is an expected result of placing a sensor far away from the centre of
mass of a very lightweight platform. Our main goal in this chapter is to use the slipstream
model from Chapter 2 to estimate wind without sacrificing maneuverability by placing
the airspeed sensor near the center of mass, well inside the slipstream.

A cascaded approach is used to estimate wind from an airspeed sensor inside the
slipstream. The first step in this cascade takes a reading from an airspeed sensor and
tilters out propeller-induced flow, leaving only the freestream. We call this component
the ‘synthetic airspeed sensor’. The second component is a traditional wind estimator,
which uses synthetic airspeed and other vehicle states to determine the wind vector. The
traditional wind estimator is not the focus of this thesis, and we design the cascaded
architecture to allow "drop-in” compatibility with various wind estimators.

The remainder of this chapter begins with an introduction to the cascaded wind esti-
mation architecture, after which preliminaries relating to estimation and airspeed sensors

will be discussed. Following this we examine observability of freestream, and describe
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the synthetic airspeed sensor we develop. Results for both offline and online estimation

are then shown.

3.2 Preliminaries

As a few topics arise frequently throughout this chapter, we present them here first as
preliminaries to increase the clarity of the remainder of this chapter. First, we discuss the
cascaded wind estimation architecture that serves as the basis of this chapter, then we

discuss airspeed sensor measurements, and the Extended Kalman Filter.

3.2.1 Proposed estimation architecture

A key consideration for estimating wind from a sensor submerged in the propeller slip-
stream is the architecture of the estimator. One option might be to design a monolithic
wind estimator which includes slipstream in its sensor measurement model. From a the-
oretical standpoint, this approach benefits from simplicity, as a slight modification to the
measurement model of a wind estimator is required, however, since it requires either
modification to an existing wind estimator, or development of a new wind estimator, it
has the practical disadvantage of needing to reimplement the wind estimator on flight
hardware. Additionally, since this approach directly uses slipstream measurements, an
estimate of undisturbed freestream is still unavailable to the system for other applications,
such as stall detection.

Instead of the monolithic wind estimation solution, this thesis proposes a modular
architecture to estimate wind from an airspeed sensor immersed in slipstream without
a modified wind estimator. The approach is inspired by the work of Sun et al. which
develops a wind estimator for tailsitter UAV’s in hover [14]. Their approach first uses a
synthetic airspeed sensor to estimate freestream using a dynamics model. The freestream
estimate is then sent to a relatively conventional wind estimator.

In this work, the synthetic airspeed sensor computes a freestream estimate, v., from a
measurement of airspeed inside the slipstream, v4, using the slipstream model presented
in Chapter 2. The synthetic freestream estimate can then be used with any freestream-
based wind estimator, making it ‘drop-in’ portable between different systems. We also
notice that since wind is being calculated, and the relationship between wind and air-
speed should obey the wind-triangle, we can use the estimated wind vector to reduce

the noise of the freestream estimate. This uses the assumption that wind should change
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slowly compared to airspeed inside the slipstream, allowing us to use it for filtering. The
wind-triangle is the kinematic relation between freestream, wind, and groundspeed, writ-
ten as follows [50]

A block diagram overview of the proposed cascaded estimation architecture can be seen

in Figure 3.2.

Airspeed sensor

Cc_.
’7 ¢S— Slipstream
c—

Synthetic
airspeed
sensor

Wind
estimator

Figure 3.2: Block diagram overview of proposed estimator architecture. The airspeed
sensor measures v, inside the slipstream, which is a combination of induced propeller
flow and freestream. The synthetic airspeed sensor extracts the freestream component of
this measurement, and sends it to a conventional wind estimator. While not shown, both
the synthetic airspeed sensor and wind estimator also rely on groundspeed and attitude

states.

3.2.2 Effect of oblique flow conditions on pitot tubes

Since all of the results we present in this chapter use some experimental airspeed mea-
surements, whether the estimator is running offline with flight data or online on the plat-
form’s flight computer, it is worthwhile to discuss airspeed measurements using pitot
tubes. While the topic was briefly discussed in previous sections of this thesis, we pro-
vide additional details here as the work in this chapter features more aggressive flights
which momentarily exceed the measurement capabilities of inexpensive pitot probes. The

additional context is required for interpretation of sensor data beyond these limits.
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Figure 3.3: Pitot-static probe diagram

Uni-directional pitot-static probes work by measuring the difference in pressure be-
tween two sources. One source, the static source, should be pressure equalized with the
ambient air, as such it is usually oriented to prevent flow from being driven into it. In
contrast, the dynamic source should be aligned with the flow and completely stop it,
raising the pressure of the dynamic source according to Bernoulli’s Equation. The differ-
ence between the pressure of the static and dynamic sources is measured by a differential
pressure sensor and is used to calculate flow velocity. Figure 3.3 presents a diagram of a
pitot-static probe.

This type of airspeed measurement is very popular on fixed-wing aircraft, but is most
reliable when the airflow is travelling directly into the dynamic port. We will denote
the angle between the pitot probe’s dynamic source tube and the airspeed vector as the
oblique flow angle ®. As the oblique flow angle increases, the calculated flow velocity
from the pitot probe drops [51]. This drop is expected, as the airspeed component parallel
to the probe is reduced. However, the magnitude of the drop observed during aggressive
maneuvers, is less expected. It is suspected that during these events, air enters the static
port depending on the orientation of the airspeed vector. The sharp drop in Ap during
these events, leads to a drop in calculated airspeed v4, as will be shown in experimental
data in Section 3.5.1, but the measurement recovers quickly.

All this is to say that the pitot-static tube, while being a lightweight and inexpensive
method to measure airspeed, does have some limitations at high oblique flow angles.

This is important to note as we process experimental data later in this chapter.
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Since, unlike Chapter 2, this chapter considers oblique flow, the airspeed sensor will
not always measure V, or V; in their entirety, instead only measuring the component
along the airspeed sensor’s measurement axis, indicated similarly using lower-case as vq

and v..

3.2.3 Extended Kalman Filter

Since it will be used at multiple points throughout this chapter, we now provide a brief
description of the Extended Kalman Filter (EKF).

Before migrating to the EKEF, it is worthwhile to mention the Kalman filter itself. The
Kalman filter is a way to optimally estimate the state of a linear system, and it works on
the notion of prediction-correction. The system model is used to predict its behaviour
in the future, and this prediction is corrected with a measurement. Critically, neither the
model nor the measurement are assumed to be perfect, and noise is assumed for both.
Even if a measurement is expected to be very noisy, a Kalman filter can still use its infor-
mation to increase its performance. The optimality of the filter, relates to its minimization
of error variance [52].

Since the Kalman filter only works for linear systems, the EKF is developed to "extend’
the Kalman filter for use with non-linear systems. This is done by linearizing the system
about its current operating point [53].

To describe the mathematical process of the EKF, we can use a relevant example sys-
tem, the wind triangle used by many wind estimators. Here, our state ¢ is the wind
vector, and we assume that we have a uni-directional airspeed sensor which measures
true freestream mounted on a fixed-wing UAV. To maintain common notation, we also
label our v, measurement as y, our inertial velocity is denoted V/; and the measurement
axis of the airspeed sensor is assumed to be aligned with the platform’s longitudinal axis
by. The notation and equations used for the EKF in this section and throughout the re-
mainder of this chapter are heavily drawn from [54]. A priori values are denoted using
(+) and a posteriori values are indicated using (-).

The discrete system, based on the wind triangle, and assuming constant wind, can be
written as follows, where w;, and 7, represent the process and measurement noise respec-

tively
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a=f (C_]k—l) = k-1 1+ Wk (3.2a)
y = h (qx) = ol (Vi — Q) + M (3.2b)

As an aside: Eq. (3.2) is already nearly linear, however it does include a constant
term due to the V;, in the measurement model, meaning it can’t be rewritten in the
form y,, = Hgqy,. This could likely be compensated for in the linear Kalman filter
framework by modifying the equation for the measurement residual. We instead
show the EKF approach here, since we use a simple wind estimator for offline tests
later in this chapter, and we also use an EKF for synthetic airspeed sensing. Using

the EKF framework with Eq. (3.2) allows us to introduce both simultaneously.

In Eq. (3.2a), f (gx-1) is commonly known as the process model and h (g;) in Eq. (3.2b)
is referred to as the measurement model. We can now assemble the EKF as shown below,

where @ is the model covariance and R is the noise variance.

Jacobians:
Af (qx— 0
Fy_, = —];C_]k J = Ik =1
C_]k—l G agk—l dr
ong)| 2 [H (Vi - av)] i
T g, O o
Prediction:
P.=F,_1P,_1F,_i"+Q (3.3)
dk = qr—1

K= P.HT (H,B.H +R)™

Correction:
g = b1 (Vs — dn)
P, = (I - K; Hy) By
Gr = qr + Ki (Yo — )

The best estimate from the EKF at % is then ¢x = Vina,. This simple wind estimator

uses the same process and measurement model as the PX4 wind estimator, but is not cou-
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pled to a larger state estimator. We will use this estimator later in this chapter to conduct
offline tests of our cascaded wind estimator, as such, in the remainder of this chapter we

will refer to the wind estimator shown in Eq. (3.3) as the 'basic wind estimator’.

3.3 Observability

Before designing the synthetic airspeed sensor, we first examine the observability of v
from a measurement location inside the slipstream v,. This is critical since, as mentioned
in Chapter 2, there are locations where the slipstream airspeed is largely invariant with
changes in the freestream. This is due to the propeller induced flow rising as freestream
drops, with the two effects counteracting each other. First, v, can be described as a func-
tion, h(-), of vy using the semi-empirical slipstream model in Chapter 2. The propeller
speed n is not explicitly included as an input to the function, since we conduct observ-
ability tests at a constant propeller speed. The model, summarized as /(v.,), can then be

linearized about a nominal condition 7 to more easily examine observability

Vg = h(vso)
dvg + Vg = h(0vso + Uog)
let ¢ = 2(v) (3.4)
OVoo

dg + Tg = ¢ 0Vs + h(T)

0Vg = € OVso

With this formulation, and assuming that the process dynamics of v,, are decoupled
from vy, v+, could be considered observable for any ¢ # 0. This does not fully characterize
the observability of v, however, as small values of ¢ will make estimation of v, challeng-
ing, and locations inside the slipstream which provide better signal-to-noise relationships
will have a higher value of c. The highest value of ¢ seen in this work is far away from the
propeller when ¢ = 1, in this location, an airspeed sensor measures freestream directly.
To analyze observability of v, from inside the slipstream, we calculate an average value
for ¢ throughout the freestream range of v,, € [0 20] m/s, denoted ¢. Each ¢ calculation
is at a specific propeller speed and location. To create the 2-dimensional observability
maps we will later show, we calculate ¢ across a variety of propeller speeds and locations.

At a given propeller speed, a grid consisting of 400 points is constructed, covering the
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slipstream far-field from 0 — 0.3 m in the radial 7 direction, and 0.2 — 1 m in the axial
& direction. At each location, the freestream range is stepped through at 1 m/s incre-
ments, with each increment denoted using the subscript ¢ as v,,. The value of c at these
conditions is calculated as

= h<UOOi) - h‘<UOOi71) (35)

Voo; = Voo;y

where v, — Vs, , = 1 m/s. ¢ is then simply the average of all ¢ values at a given location
across the freestream range.

The results of this observability analysis are shown for six propeller speeds in Figure
3.4, with each subplot showing a portion of the slipstream where the propeller plane is

located at x = 0 and the propeller rotates about .
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Figure 3.4: Observability of v, inside the slipstream at a variety of propeller speeds. The
observability metric shown here is the average value for ¢, ¢. A black triangle marks the

location P, = [0.62 0.12] m.

As can be seen in Figure 3.4, the observability of v, is relatively constant at propeller
speeds higher than 4000 RPM, and there is a distinct region inside the slipstream where
U is very challenging to observe. This occurs close to the propeller plane, and near
the propeller’s rotational axis. As such, we conclude that the synthetic airspeed sensor
approach can be used to estimate v,, from a large majority of the slipstream, so long as

the v, sensor is not placed too close to the propeller.
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Using this observability analysis while also considering sensor mounting and dis-
tance from the platform’s centre of mass, we select a good measurement location as
P, =[0.62 0.12] m. This location is marked with a triangle in Figure 3.4, and shown with
respect to the platform in Figure 3.8. While a location further downstream of the propeller
may seem ideal, the location P; = [0.62 0.12] m, is essentially the furthest downstream a

sensor could be mounted before it interferes with the rudder.

3.4 Synthetic airspeed sensor

Now that v, is seen to be observable from inside the slipstream, we proceed to design a
synthetic airspeed sensor to estimate v., from measurements of v,.

The proposed approach uses an Extended Kalman Filter to estimate freestream. In
this case, the process model is based on the wind triangle, and the measurement model is

based on the semi-empirical slipstream model.

3.4.1 Extended Kalman Filter

This Extended Kalman Filter implementation of the synthetic airspeed sensor is referred
to as the "EKF-SAS’, and is detailed below.

The EKF-SAS begins with the system model. To match notation with Section 3.2.3, let
us set the state variable ¢ as ¢ = v, and the measurement y as our measurement inside
the slipstream y = vy. It is once again assumed that the airspeed sensor is aligned with
the aircraft’s longitudinal axis. We can now express the system in discrete-time using the
slipstream model and wind triangle as follows, with process and model noise w;, and 7

respectively

Q. = B1T (sz - Kwindk) + Wk (3.6)

Yr = h(qr,n) + nk

In Eq. (3.6), the function A(-) is once again the slipstream model, which requires
freestream and propeller speed n as inputs, and the process model is directly a result
of the wind triangle. It should be noted that ¢; and y, are both scalar, simplifying the
estimation problem. For clarity, the same notation used in Section 3.2.3 is employed here.

Before the EKF can be assembled, the measurement model must be linearized. Tradi-

tionally, the process model may also be linearized, however due to the cascaded nature of
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the synthetic slipstream sensor, ¢; is not explicitly dependent on g;_,, instead this depen-
dence comes through the wind estimate. The measurement model is linearized about the
a priori state estimate, gy, with the expected measurement at this location being 7, = h(qx).

The partial derivative of h(¢y), labelled Hj, is assessed as follows

5h(<]k)

H. =
" dqy

(3.7)
9k

Instead of directly using the slipstream model presented in Chapter 2, we compute
Hj, using a polynomial fit of the slipstream model since it is globally smooth. A quadratic
surface is fit to the slipstream model within our operating range, with a dependence on v,
and n. This approach is taken for two reasons, firstly the slipstream model incorporates
the thruster model, which has some discontinuities and switching behaviour in aggres-
sive flight regimes, fitting a surface to the model guarantees a smooth surface avoiding
any discontinuity issues. Secondly, the slipstream model was seen to be extremely well
captured by a low-order surface, as such minimal performance loss would be expected
using the fitted surface instead of the complete model.

Fitting is done at the sensor location P; = [0.62 0.12] m with inputs v, and n. The
objective is to fit the slipstream model output, vy, to v, and n. We only fit the model
within the expected operating range of the agile fixed-wing platform, approximately v, €
[0 15] m/s and n € [0 145] rev/s. A grid of 10,000 points covering this operating range is
constructed and provided to the slipstream model, the output of the slipstream model is
then fit to the input using MATLAB's curve fitting toolbox. A good fit is observed with a

polynomial that is quadratic with respect to v, and linear with respect to n, given by
Va(Vooy 1) 2 0.040 + 0.744n + 0.528v4, + 0.002v,07 + 0.010 (va)” (3.8)

The fitted surface captures the slipstream model very well at location P, = [0.62 0.12] m across
our expected flight regime, with an R? value of 0.9998 and RM SE of 0.0420 m/s.
Now that the slipstream model is fit as a polynomial surface, Hj, can be assessed at the a

priori freestream velocity estimate ¢, using Eq. (3.8) as follows
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5[0.010 g2 + (0.528 + 0.002n) g + (0.744n + 0.040)]
5Qk K (39)
Hj, = 0.020 g, + 0.528 + 0.002n

Hy =

Since the ¢ is not directly dependent on ¢;_;, the state transition variable Fj_; is
forcibly set to 1 to ensure that the variance value does not drop to zero between itera-
tions of the estimator. This represents the assumption of a constant variance between
iterations. While a more sophisticated approach, accounting for the presence of the wind
estimator, such as the sigma point transformation approach used in [55], may provide
better performance, the simple approach used in this thesis it is shown to work well both
offline, and online in experimental flight tests.

The remainder of the filter is assembled using the steps detailed in Section 3.2.3. The
process and model noise variance, labelled () and R respectively, can be challenging to
measure for the physical system. The approach taken in this work is to tune the two
parameters using offline estimation tests on flight data. The initial value of R comes from
a measurement of noise in the airspeed sensor reading. This tuning is relatively simple
for the EKF-SAS since () and R are scalar, and while it is not ideal, we show that it leads
to a cascaded wind estimator that provides suitable performance for our wind rejection
needs.

Other implementations of the synthetic airspeed sensor have been shown to work well
both in offline and online testing. One alternative developed alongside the EKF-SAS is
based on an exponential filter and is denoted the EF-SAS. More details about the EF-SAS,
including experimental results, can be found in Appendix C, but that implementation

was not pursued further in the present work.

3.5 Results

Now that the synthetic airspeed sensor is developed, we proceed to examine its effective-
ness when used in the cascaded wind estimator architecture.

Two types of tests are conducted, offline tests and online tests, with the naming con-
vention referring to whether the cascaded wind estimator is run on the flight computer in
experiments or using experimental data after the flight test is complete. Offline tests offer

us the opportunity to easily tune the estimator and examine its performance, however



CHAPTER 3. SYNTHETIC AIRSPEED SENSING 45

<—Freestream
sensor

lipstream sensor

Figure 3.5: Agile fixed-wing UAV instrumented with wingtip and tail airspeed sensors

measuring freestream and slipstream respectively

online tests are still required to ensure that the cascaded estimator works well on flight
hardware. It should be noted that the offline test does not use any simulated sensors, all
measurements are experimental.

There is a critical difference between the offline and online tests, aside from whether
they are run during flight or post-flight, that is the wind estimator block they use. As
discussed in Section 3.2.1, the cascaded wind estimator is designed to be easily portable
between different systems, which may have premade wind estimators. Our chosen flight
computer autopilot, PX4, incorporates its own wind estimator which is tightly coupled to
its state estimator, since we assume this estimator is well-made, we wish to use it over our
basic wind estimator designed in Section 3.2.3. As such, the wind estimator block seen
in Figure 3.2 is occupied by the PX4 EKF2 wind estimator in online tests, and the basic
wind estimator in offline tests. The basic wind estimator is used for offline tests out of

necessity, as the PX4 estimator is not available in our offline testing environment.

3.5.1 Offline testing

Offline testing requires in-flight measurements of vy, v, and n, which are recorded in
flights similar to those conducted in Chapter 2 using the instrumented platform shown

in Figure 3.5. Since this testing also measures freestream, we are able to run the wind
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estimator block using both the synthetic airspeed sensor and the freestream sensor to
evaluate the performance of the synthetic sensor. Ideal performance would result in a
matching wind estimate between the freestream sensor and the synthetic airspeed sensor,
however, this is not expected. The offline estimator runs at an effective rate of 100 Hz.
Key parameters for the cascaded wind estimator in this configuration are given in Table
3.1.

Table 3.1: Cascaded wind estimator configuration parameters used in offline EKF-SAS

testing.
EKF parameters value
Q 0.1 m?/s?
R 0.25 m?/s?
Wind estimator parameters
Q diag(0.01,0.01,0.01) m?/s?
R 2 m? /s>

The results of this testing, including the slipstream measurement, freestream measure-
ment, and freestream estimate are overlaid in Figure 3.6, as is the estimated variance from
the EKF-based synthetic sensor.

Figure 3.6 shows that EKF-SAS estimates freestream reasonably well, with reasonable
noise performance compared to the slipstream measurement. However, there is an issue
with sudden drops in airspeed that is apparent when examining the test results. It is
expected that these sudden drops occur under oblique flow, when airflow may enter the
pitot probe’s static port. The estimate is affected as the sharp decrease in the airspeed
measurement under oblique flow is not modelled in the estimator.

Figure 3.7 shows the offline testing results for the cascaded estimator using the EKF-
SAS and the traditional wind estimator using the freestream measurement. Wind direc-
tion appears to match the traditional wind estimator reasonably well, but greater error is
seen in the magnitude. It is also clear that the wind estimate is affected by the oblique
flow airspeed sensor readings.

The performance of the EKF-SAS, while suffering from high noise, which is to be ex-
pected when using propeller slipstream measurements, appears to be adequate for our

expected wind estimation needs.
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Figure 3.6: The top plot shows measured v, and v, from outdoor flight test, compared to
U estimated using the EKF based synthetic airspeed sensor. The bottom plot shows the

estimated variance.

3.5.2 [Experiment

Now that reasonable performance is observed in offline tests, we proceed to test the cas-
caded wind estimator in experimental flight, with all estimation running online. This
flight test uses only a single airspeed sensor, placed in the slipstream at Py = [0.62 0.12] m.
The platform configuration can be seen in Figure 3.8. The synthetic airspeed sensor is im-
plemented inside of PX4 so that it requires a minimal amount of new firmware develop-
ment, and can share its freestream estimate with other stock firmware components. The
firmware implementation of the synthetic airspeed sensor is elaborated on in Appendix
B.
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Figure 3.7: Estimated wind magnitude and direction using the traditional wind estimator
(blue), and the cascaded wind estimator (orange). The traditional wind estimator relies
on the measured v, whereas the cascaded wind estimator uses the EKF based synthetic

wind estimator to estimate v.

3.5.2.1 Flight test results

This flight test uses the EKF-SAS, with @, R = 10 m?/s?, and the PX4 state estimator with
default settings to compose the cascaded wind estimator. The platform is piloted semi-
autonomously, in the same manner as the tests conducted in Chapter 2, and the cascaded
estimator is run completely online. Since this test is focused on the wind estimate, ag-
ile manoeuvring is avoided to prevent inaccurate airspeed readings under oblique flow
conditions.

This test does not include a separate wingtip freestream sensor, as such we focus on
the results of the wind estimator instead of the freestream estimate. We look for apparent
convergence in the wind estimate at a reasonable wind speed to indicate good perfor-

mance.
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Figure 3.8: Experimental platform configuration for on-line wind estimation flight test, a

single sensor, near the platform’s tail, at P, = [0.62 0.12] m, is used.

Figure 3.9 shows the slipstream measurement and estimated freestream speed from
the EKF-SAS after the platform was launched at ¢t ~ 0 s. The results in this figure show
that the freestream estimate is still noisy, particularly before ¢ ~ 40 s, but behaviour and
the average airspeed appears reasonable for this platform.

The wind estimate, shown in Figure 3.10, appears to show better performance when
compared to earlier offline tests. While no ground truth wind data was recorded, the wind
magnitude and direction estimates both appear to converge after approximately ¢ ~ 40 s.
The better behaviour compared to offline test results using the basic wind estimator is
expected to be due to the PX4 wind estimator. This estimator is both more sophisticated,
and fuses synthetic sideslip estimates to increase wind estimation performance. Synthetic
sideslip is not solely responsible for the good wind estimation performance, however.
Tests using no airspeed sensor and only synthetic sideslip were observed to be very noisy
and inconsistent with expected wind behaviour, featuring sharp magnitude and direction
changes. As such, it likely that this additional synthetic sensor only serves to increase the
performance of the estimate. We deem this to be acceptable performance of the online

cascaded wind estimator.
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Figure 3.9: Slipstream measurement and  Figure 3.10: Wind estimate results for on-
freestream estimate for online cascaded line cascaded wind estimation flight test.
wind estimation flight test. The platform  The platform is launched at ¢ ~ 0

is launched att ~ 0

Before proceeding to wind disturbance rejection, we also demonstrate a potential ad-
vantage from placement of the airspeed sensor inside the slipstream, the use of slipstream
in the control allocator.

3.6 Use of slipstream measurement in control allocation

Since our sensor location is inside the slipstream and near the tail of the platform, we also
demonstrate the ability to use the airspeed measurement for control allocation.

Control allocation on this platform involves the challenge of mapping a requested
moment from an attitude controller to deflections of the control surfaces. The primary
challenge here is that control surface effectiveness is dependent on airflow, meaning that
at low airspeeds, much higher control deflections are required to generate a given mo-
ment on the vehicle than at high airspeeds. Coupling this with the influence of propeller
slipstream on flow around the control surfaces and the correct relation between deflection
and moment can be challenging to compute.

In [56], this mapping is computed for an agile fixed-wing platform by first estimating
slipstream velocity, V;,, near the tail using momentum theory, and assuming complete

flow development (where +, introduced in Chapter 2, is v = 2)
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2T
pr 2

Vi = V2 + (3.10)

This V,, is then used to calculate the moment m, generated by the surface using the

deflection ¢, as

ms = Ly X ¢V} 8,d, (3.11)

Where c, is a coefficient measured in ground tests, d, is the direction of force generated by
the surface for a positive deflection, and [; is the distance from the surface’s aerodynamic
centre to the platform’s centre of mass.

We propose instead to use the measurement inside the slipstream, which is already be-
ing used for wind estimation, with Eq. (3.11) instead of Eq. (3.10). This is shown purely
as a demonstration, and more work must be undertaken to fully evaluate its performance
compared to the approach used in [56]. In addition, there are some important considera-
tions regarding this approach, firstly, the slipstream will change across the control surface
which isn’t accounted for, secondly the slipstream model is not used here, only direct
measurement, meaning we are not calculating the true flow velocity at the surface, only
measuring the velocity near it. Finally, this approach works due to the mounting location
chosen, as it is near the platform’s tail surfaces, and is not universal to all airspeed mea-
surements inside the slipstream. This method shows that needing to mount an airspeed
sensor inside the slipstream can be potentially beneficial, improving the platform’s atti-
tude tracking, and not only detrimental, requiring a synthetic airspeed sensor for practical
uses.

To demonstrate this approach we show the platform tracking an "aggressive turn
around’ (ATA) attitude maneuver, tracked by the attitude controller detailed in Section
4.1.3. The pitch reference can be seen in Figure 3.11 and the roll reference in Figure 3.12.
This maneuver consists of a pitch up to vertical where the platform then follows a gradual
180° roll maneuver with a pitch down. The result of this maneuver is that the platform
ends the maneuver with the same pitch and roll it started with, but at a 180° yaw differ-
ence. The measured pitch using both momentum theory and direct measurement control
allocation can be seen in Figure 3.11. The measured roll for both the momentum the-
ory and direct measurement approaches can be seen alongside the reference in Figure

3.12. It should be noted that this maneuver reaches an Euler angle singularity at a pitch



CHAPTER 3. SYNTHETIC AIRSPEED SENSING 52

of 90° causing discontinuities in roll. As such, the roll data in 3.12 required additional

post-processing.
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Figure 3.11: Pitch reference and measure-
ments for the ATA maneuver using mo-
mentum theory control allocation and slip-

stream measurement control allocation.
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Figure 3.12: Roll reference and measure-
ments for the ATA maneuver using mo-
mentum theory control allocation and slip-

stream measurement control allocation.

The maneuvers are also plotted in a 3-dimensional visualization, Figure 3.13 shows

the experimental flight test results of this maneuver using direct slipstream measurement,

and Figure 3.14 shows the results using the momentum theory method.

Figures 3.11 through 3.14 clearly show that performance is improved when using the

direct slipstream measurement, however to draw any conclusions, a tuning of attitude

gains would need to be carefully performed.
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Chapter 4
Wind rejection

Now that we have access to a well-performing, on-line wind estimator aboard the agile
tixed-wing platform, we continue on to use this estimate for wind disturbance rejection.

The scope of this chapter is restricted to wind rejection, and does not consider general
position control of an agile platform. Position tracking controllers for agile platforms are
already established and show good performance, such as the controllers developed in [57]
and [5], as such our objective in this section is to develop a wind rejection method that can
be easily integrated with these established position controllers. The controllers designed
in [57] and [5] use feedback control, i.e., using some function of error from the desired
state as the controller input. In contrast, the wind rejection approach we propose here
is based on feedforward control. The feedforward wind rejection controller directly aug-
ments the signals from the position controller based on a wind estimate, without explicit
consideration of error. Due to this design, we require a 'base’ position controller to run
alongside our wind rejection feedforward controller. The base-controller is responsible for
tracking a position reference, while the feedforward controller increases performance by
reducing the effect that wind disturbance has on flight. This feedforward approach must
be applied carefully, so that it does not reduce the performance of the base-controller or
make it unstable, but we show in this chapter that it is an effective approach to reject wind
disturbances.

The remainder of this chapter organized as follows: first we provide a brief descrip-
tion of the base-position controller, then the design of the feedforward wind rejection
controller will be detailed, finally, a series of simulation and experimental results will be

shown. Experimental results will be first shown using a completely stock wind estimator

54
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in PX4 before we show results using the synthetic airspeed sensor developed in Chapter
3.

4.1 Feedback position control

This section will summarize the trajectory tracking feedback controller developed in [57].
In this thesis we use this controller as the "base-controller” for both simulation and ex-
perimental flight tests. The base-controller is minimally modified from [57] for use in the
present work.

Fully autonomous control of agile fixed-wing vehicles presents considerable chal-
lenges for conventional fixed-wing UAV controllers. Traditional controllers are generally
designed for a single flight state, for example level-flight or hover, this imposes limitations
on agile vehicles which need to transition freely between hover and level flight [56]. To
combat this limitation, new control methods relying on thrust-pointing have been devel-
oped for trajectory tracking which are valid in all phases of flight from low speed hover
manoeuvres to acrobatics and level flight.

The trajectory tracking objective of these controllers is slightly different from the path-
following control objective presented in Chapter 1. In path-following, the control objec-
tive is to converge to a geometric path in space, while for trajectory tracking, the control
objective is to ‘chase’ after a time parametrized reference point. The main difference of
the latter approach is the time dependence, as the platform is commanded to reach a cer-
tain position at a certain time. While trajectory tracking is often used for multi-rotors,
such as in [58] and [59], it is less commonly used for fixed-wings which must maintain
a minimum airspeed to remain airborne. However, the unconventional abilities of agile
tixed-wing UAVs, particularly their ability to hover, enables the use of trajectory tracking.

The agile fixed-wing trajectory tracking controller used in this thesis, developed by
Herndndez and Nahon in [57], is selected since it has very good performance, does not
require attitude references, and was validated on the same West Michigan Park Flyers
platform used in the present work. The remainder of this section will summarize the
controller developed in [57], which is denoted the base-controller or feedback controller
in later sections of this thesis.

Before discussing the base-controller we first provide a summary of the vehicle dy-

namics derived in [57].
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Figure 4.1: Inertial, 7;, and body, F;, frame definitions. The inertial frame vectors are

aligned with the North, East, and Down vectors respectively.

4.1.1 Vehicle dynamics

For the inertial and body frames defined in Figure 4.1, the platform position and velocity
resolved in the inertial frame can be denoted as P; and V; respectively, and the transla-

tional dynamics of the platform can then be described as

Where, as in Chapter 2, T represents thrust from the platform’s single propeller, ¢ is
the acceleration due to gravity and m is the mass of the aircraft. Since the dynamics of the
platform are assumed to be dominated by the thruster, aerodynamic forces are excluded
from Eq. (4.1) [57].

The rotation from F; to F, is represented by the Direction Cosine Matrix (DCM) Cy;,
which can be composed using the unit vectors of F, as Cy; = [131 by Eg}T. Eq. (4.1) can then

be rewritten using Cy; as
T T o
P;= Ecbi 0| + gis (4.2)

4.1.2 Position controller

The errors used for position control in [57] to track a time varying position reference P,

and velocity reference P, are defined as follows
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e=V;—P, (4.4)

Herndndez and Nahon then propose a controller which outputs a reference attitude
C/? € SO(3) and thrust Ty, so that ¢ and ¢ converge. C] can be decomposed into a refer-
ence body frame defined by orthogonal unit vectors b i as Cfib = [#1* 70 #I0T,
The reference nose vector is 7/ while 7} points along the reference for the right wing,
and 7" represents the reference belly vector, which completes the right-handed frame.

The controller is defined using gains K, and K, as

T A
L' = Kye + Kaé — gis (45)
m
T T !
=L (Qﬂ-”) 0| = Kpe+ Kaé — gis (4.6)
m
0
The controller in Eq. (4.6) outputs the unit vector 7/ as the reference direction of

thrust, since the propeller is assumed to be aligned with the platform’s nose vector. /"

alone cannot be used to define a unique reference attitude, Cfib, so the authors of [57]
develop a vector projection method to allow a roll command to be used to complete the
attitude reference when the platform is flying as a conventional fixed-wing. Since much of
our focus in this chapter compares the performance of the base-controller running with
our feedforward to the base-controller running alone, we command roll to be zero to
ensure the most consistent comparison.

A slight modification from the original controller presented in [57] can be found in
Eq. (4.6). This modification removes a P, term that represents the acceleration of the
reference trajectory. This was done for two reasons: firstly many of the trajectories used
with this controller are steady, where P, would not affect the controller even if present,
and secondly, the inclusion of P, was seen to cause a slight increase in path relative error
for circular trajectories.

The base-controller does demonstrate impressive performance in all agile fixed-wing
flight regimes, however, since it is only error driven in the i; — i, (North-East) plane, rejec-
tion of wind disturbances will require the platform to take on additional error. Our goal
is to correct this using the feedforward controller developed and tested in the remainder

of this chapter.
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4.1.3 Attitude controller

To track the attitude reference, we use the geometric attitude controller developed in [57].
For reference, a brief overview of this controller is provided below.

The attitude error is defined geometrically by the authors of [57] as

€att =

(CpiCri™ — CriCi™)” (4.7)

N —

The operator (-)" is the inverse of the cross operator (+)*. In this case, ()" maps a skew
symmetric matrix in Skew(R)3*?® onto R®. A sample of the behaviour of the (-)* operator
is shown below [60] [54].

¢1
‘é = | P2
¢3

0 —03 b2
((_b) Y= ®3 0 —P1 (4-8)
— P1 0

b1
()" = | e
3

The control law below is then proposed in [57] to drive e, to zero and track the refer-
ence body rate w,, where m, € R? is the desired moment on the vehicle in the body frame,
K, and K,4 are symmetric gain matrices, and w is the platform’s current body rate.

mg = Kaantt + Kad (CbiCTiTCEr - CE) (49)

mq can then be mapped to the control surface deflections of the platform, ¢,,.

4.2 Feedforward wind rejection controller

The main objective of the feedforward wind rejection controller is to make the closed-
loop dynamics of the platform in a windy environment as close as possible to the closed-

loop dynamics in still air. Said another way, wind impacts the closed loop dynamics of
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Figure 4.2: Block diagram of feedforward/feedback controller. Feedback elements are

shown blue and feedforward elements are shown in green.

base-controller, so we supplement the base-controller with a feedforward wind rejection
controller to minimize this impact as much as possible.

The wind rejection controller, also referred to as the feedforward controller, is a mod-
ular controller using a wind estimate as an input. The input is then used to modify the
control commands from the base-controller in some way to minimize the effect of wind
on flight. In a sense, the feedforward controller acts as an intermediary between the base-
controller and either the platform’s actuators or the inner-loop attitude controller. When
the wind estimate is zero, it has no impact on the signals from the base-controller, but
when wind is present it will modify them to increase performance.

The feedforward controller is formed out of three elements, the first of which is an at-
titude feedforward which calculates a trim attitude to reject cross-path wind effects. The
trim attitude is then combined with the attitude signal from the base controller. The sec-
ond component is a feedforward acting on thrust, which coordinates an increased thrust
based on the rotation applied by the attitude feedforward. The final component is a sec-
ond feedforward on thrust, which compensates for wind disturbances along the aircraft’s
longitudinal axis.

The block diagram in Figure 4.2 shows the complete feedback/feedforward control ar-
chitecture. Elements in blue denote the feedback components and are developed in [57],
elements in green are feedforward components and are developed in this work. Elements
shown in white are either references, the plant, or abstracted components such as estima-

tors.
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Figure 4.3: Wing triangle definition

While the feedforward controller is only expected to be used experimentally with
wind estimators that do not provide a vertical wind estimate, we design all three com-
ponents so that they can easily be used to reject up or downdrafts if one is available.
Additionally, this wind rejection method is primarily intended for flight close to level,
with the motivation being to reject wind disturbances during the large amount of time an
agile fixed-wing may spend in level flight, travelling between destinations. A different
approach, more akin to multi-rotor or tailsitter wind rejection would likely be needed for

wind rejection of an agile platform near the hover state.

421 Attitude feedforward

The attitude feedforward’s objective is to output an attitude DCM, Ry, which allows
the platform to maintain a desired ground velocity direction when wind is present. The
efficacy of this method is most obvious in straight and level flight, but simulation and
experiments show it is effective even when the controller is following a more complex
trajectory.

Ry is calculated kinematically, using the wind triangle, meaning no aerodynamic
modelling of the vehicle is required. The wind triangle has been mentioned in previ-
ous chapters but will be detailed further here as it is critical to the feedforward controller.
The wind triangle represents the relationship between the three velocities: V., V;, and
Vwina. Figure 4.3 shows the interaction between vectors V., V;, and V ing. Vo can be

written as [50]
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Assuming that the platform is flying without sideslip, V. should be aligned with the

platform’s nose vector by. This restriction allows Eq. (4.10) to be rewritten as

[;1 _ (‘_/z - Kwind)
Vol

The attitude feedforward rotation, Ry, can now be built as a rotation that aligns the

(4.11)

unit vectors V; and V.. In this thesis, Ry is computed using the axis-angle formulation,
the calculation for which can be seen below [60] [54]. A similar approach is used by Liu
et al. in [16] where the authors incorporate pitch and yaw wind trim points into their

guidance controller.

Vi X Voo = sin(v,)a (4.12)
Ry = cos(¥p ) + (1 — cos(v.)) aa” + sin(vp.)a* (4.13)

1. represents the angle between 131 and V;, if we restrict V., V;, and V ;.4 to the
North-East plane, ). becomes what is known in aircraft mechanics as the crab angle.
The attitude reference from the base-controller C is then rotated by Ry to generate

the final reference attitude C,.;, which is sent to the attitude controller.

C,i=C/’Rgy (4.14)

. . ~ ~ A~ A~ ~ ~ 1T
C..; can be broken down into the orthogonal unit vectors 7y, 72, 75 as Cy; = [y 72 73] .

4.2.2 Thrust feedforward I

The objective of our first thrust feedforward, denoted T} , is to compensate for any effects
that the attitude feedforward may have on the dynamics of the base-controller.

Of course, it can be expected that changing the base-controller’s attitude reference
with an external component like Rs; can have unintended effects on performance. This
is because rotating the reference attitude changes the reference thrust vector #{” without
changing the reference thrust T%,. This causes the base-controller to not receive the thrust
that it requests in the direction it originally requested it, which is critical for tracking
performance. When the attitude feedforward is applied, instead of the base-controller
receiving a force 7', in direction f{ b, it will receive T, along 7;. The thrust along the

original direction, 7/” will be reduced by the attitude feedforward based on %,. To avoid
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Figure 4.4: Ty compensating for the change in thrust vector due to the attitude feedfor-

ward

this reduction, we introduce a thrust feedforward term Tjgcl which ensures that the final
thrust along /" is always equal to T}
The thrust reduction along #{°, and how T compensates, is visualized in Figure 4.4. To

satisfy the design goal of T}, it must satisfy the following relationship

Ty, = ((Tﬂ, + T]gcl)fl) oL (4.15)

Ty = ((Tpp + T4, ) (Rg "7 ) - 7" (4.16)
, 1

¢ = [—r R 1 4.17)

T = Th (4.18)

The constraint for T is shown in Eq. (4.15), with a T}, satisfying this condition being
solved for in Eq. (4.18). It is clearly seen that the equation for ¢’, Eq. (4.16), contains a
singularity. If #/” is orthogonal to 7, ¢’ is undefined. This is easily avoided by saturating
¢’ if it exceeds £(;,q,- When this saturation is employed, +(,,q, = sec(r/4) — 1, which is
rarely reached in simulation or experimental tests, and only activates when . > 45°.

The saturated (' is denoted ¢, and results in a saturated T} , similarly denoted Tj .

The calculation of T is as follows
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‘= ¢ 1’| < sec(m/4) —1 419)

sec(m/4) —1 || > sec(m/4) —1

Ty, = ¢ Th (4.20)

4.2.3 Thrust feedforward I1

Since the base-controller is error driven in the North-East plane, rejecting wind distur-
bances using it alone will always require a change in tracking error, where tracking error
is the distance between the platform and the reference point. Both the attitude feedfor-
ward and T}, alleviate some of this disturbance, but are most effective in a cross-wind,
with their wind rejection authority dropping to zero as V; becomes collinear with V4.
Many common flight paths, such as racetracks and circular holding patterns, are closed
loops and as such will at some point require flight directly up or down wind. This moti-
vates the development of an additional feedforward term to compensate for the effect of
wind in this flight condition, where wind disturbances align with the aircraft’s longitudi-
nal axis.

The base-controller is capable of tracking a constant inertial velocity while travelling
along the wind, however to do so it must settle on a greater tracking error compared to
a zero-wind case when flying upwind and a lower error while flying downwind. Even
though these effects are undesirable in straight and level flight, the errors are also primar-
ily contained to be along the reference track. Presuming the reference path is designed to
avoid obstacles, on-track errors such as these are less concerning than cross-track errors,
which cause the aircraft to fly in an environment of unknown safety. For a more complex
trajectory, however, which may contain a turn aligning the platform with the wind, the
time required to build up enough error to compensate for wind in the longitudinal direc-
tion can have a detrimental impact on flight performance and lead to cross-track error.

To compensate for longitudinal wind disturbances, we introduce another thrust feed-
forward term, denoted Tj,. T}, is purposefully structured similarly to the velocity com-
ponent of the base-controller in Eq. (4.6), where £, is an additional gain to tune the feed-

forward.

Ty, = mk, Ka(Voo — V) - 7] (4.21)
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While the platform is flying parallel to the wind, incorperating T, into Eq. (4.6) gen-
erates a combined feedback/feedforward controller where terms containing the velocity
error gain K4 can be grouped into a new pseudo-error rate ¢’ which has a dependence on
V « that is not present in Eq. (4.6). This dependence on airspeed is what helps compen-
sate for the longitudinal wind disturbance. The actual control law of the base-controller is
of course not modified, but examining T, using this approach provides some additional
insight into its behaviour.

¢ =Vi(l = ky) + b,V = Py (422)

As can be seen in Eq. (4.22) a gain of k£, = 1 will result in an ¢’ without a dependence
on V;, leaving only V... When £k, is set to zero, eliminating T, ¢’ = ¢é. k, can be chosen
relatively arbitrarily, and good results were observed for a wide range of values with a
very reliable gain being k., = 1. In the remainder of this thesis, excluding Section 4.3.1.1,
simulation tests use k., = 1. Experimental flights use either k, = 1 or k, = 1/0.45 = 1/m.
Further examination of k. will be discussed in Section 4.3.1.1.

After both Ty, and T}, are computed, they can simply be summed with T’ to generate

the final thrust reference T as follows,

T = be + Tﬁfl + Tﬁz (423)

4.3 Simulation results

This section will show a series of simulation tests which validate and examine the per-
formance of the wind rejection controller. Since the PX4 wind estimator, used for wind
estimation in experiments, only provides a horizontal wind estimate, most of the sim-
ulation tests presented here restrict the feedforward controller to two dimensions with
no vertical component. This is done by projecting vectors V., V;, and V,nq onto the
North-East plane. Simulation results for a three-dimensional wind rejection case will be
presented near the end of this section, but unless otherwise noted, the feedforward con-
troller is operating only on the North-East plane.

The simulation environment uses the agile fixed-wing dynamics model developed
throughout [6,61-63] to model the flight behaviour of a West Michigan Park Flyers Mc-

Foamy platform. This model consists of the slipstream and thruster models discussed
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Table 4.1: Feedforward configurations table used simulation tests

Configuration Base-controller | Attitude | Ty, Ty,
A X X

B X X X

C X X X
D X X X X

in Chapter 2, along with a component breakdown-based aerodynamics model capable of
predicting aerodynamic forces and moments on the aircraft in all flight regimes.

Since the feedforward controller is modular, part of our testing examines its perfor-
mance while some elements are deactivated. To prevent confusion when referring to
different feedforward controller configurations, we assign each configuration a character

from A—D. The feedforward elements active in each configuration are then denoted with
an x in Table 4.1.

Voo s

o

Figure 4.5: Visualization of on-track and cross-track errors, ¢ and e respectively.

Wind rejection performance is assessed by examining the errors along the reference

track, denoted ¢, and path relative errors e, . These errors essentially represent a decom-
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position of the tracking error e based on the reference trajectory. There are two primary
benefits to using e, and e over e. The first reason is that the base-controller is purely
error driven in the North-East plane, meaning if e = 0 no horizontal thrust force will be
requested, as such, some steady state error will always be required to track a reference
and overcome the drag disturbance. This steady state error can be substantial and is of-
ten largely in ¢, investigating ¢ and e, individually allows us to run test cases which can
determine which portion of error is due to wind and which portion is due to the nature
of the base-controller. Secondly, as mentioned earlier, for an agile platform which may fly
close to obstacles, e¢; and e; may not be equally undesirable as, provided that the refer-
ence path does not collide with obstacles, only e, poses additional risk of collision. These
error definitions are also shown in Figure 4.5.

It should be noted that in simulation tests, no wind estimation is used. Wind is known
precisely as we explicitly set it in the simulation environment. This exact wind value is

then passed to the feedforward controller.

4.3.1 Straight and level tracking

We begin our series of simulation tests by evaluating the performance of both the base-
controller and base-controller with feedforward while tracking a straight, level, and steady
reference in a windy environment. Feedforward configuration D is used for all tests in
this series.

The test series is composed of six simulation runs, to examine how effective the feed-
forward controller is at rejecting wind striking the platform in different directions. Each
simulation follows the same reference, which travels due North at 10 m/s, and has the
same wind magnitude, a constant V,,;,¢ = 5 m/s. Additionally, the wind field is uniform,
meaning it is the same at every point in the simulation space.

The wind direction is changed by 30° about i3 between each of the six simulation. The
tirst run in the series has the platform disturbed by a Southern 180° headwind, and the
final run applies a wind travelling 330° North-West. The wind directions applied in this
test series with respect to the reference track are visualized in Figure 4.6.

Each simulation begins with the platform flying at an equilibrium state in still air, after
which wind is instantaneously applied at ¢t = 5 s. Results for e; and e are shown in
Figures 4.7 and 4.8 respectively and demonstrate a substantial cross-track error reduction
due to the feedforward controller, with the largest steady state e, being 0.14 m when

teedforward is applied, compared to 3.3 m from the base controller operating alone.
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Figure 4.6: Visualizations of wind directions examined in straight and level simulations

where the platform is commanded to track the black dashed line. Vectors point along the

wind direction for each test.
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Performance improvements for on-track error, ¢, also seen in Figures 4.7 and 4.8, are
still notable, but clearly much smaller than for e, . This performance can be modified by
tuning of k,, however as mentioned above, errors in ¢ are considered less concerning

than e errors.

4.3.1.1 Tjy, tuning

Straight and level tracking tests are also used to explore how the tuning of k., and thus
Ty,, affects performance. In this thesis, outside this section, simulation tests with the
feedforward controller use k, = 1 to demonstrate the replacement of inertial velocity
with airspeed in the base-controller, detailed in Eq. (4.22), and experimental flight tests
use either k, = 1/0.45 or k, = 1. Other values of k, are interesting to study, however, and
indicate potential avenues for increased wind rejection performance.
Figures 4.9 to 4.12 show the straight and level tracking test for a variety of k., values from
k, = 0to k, = 3. The feedforward controller in configuration D is active for all tests in
this series, however it should be noted that the k, = 0 test forces Ty, = 0 and as such is
akin to configuration 5. Since conditions are the same as the previous straight and level
tracking test, the results shown in this section can be compared to the base controller and
feedforward controller with k., = 1 by referencing Figures 4.8 and 4.7

As can be seen in Figure 4.12, a gain of k, = 3 can lead to a large ¢| performance
increase. While the remainder of this thesis uses k, = 1 for simulation tests and either
k, =1/0.45 or k, = 1 for experimental flights, the results of this section show that further
improvements in the performance of the feedforward controller are available by tuning
k.. However, further work would be required to fully characterize the effect of higher £,

values, and identify any potential disadvantages.

4.3.2 Circular tracking

We now proceed to examine the performance of the feedforward controller while tracking
a more complex trajectory, a constant groundspeed circle. For this test case, the simulation
once again begins with the platform in equilibrium, tracking a straight and level Northern
reference at 10 m/s in still air. After 10 s of level equilibrium flight a constant and uniform
wind of 5 m/s due East is instantaneously applied. This condition is held for 10 s, al-
lowing transients from the application of wind to settle, after which the reference begins

to follow a circular trajectory with a 30 m radius at 10 m/s. Since the wind direction in
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Figure 4.9: Straight and level tracking
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Figure 4.11: Straight and level tracking

performance of the feedforward controller

with k, = 2ina 5 m/s wind field.
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performance of the feedforward controller
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this test is constant, and the platform tracks a circular trajectory, the platform must re-
ject a wind disturbance that is constantly changing relative to the platform’s body frame,
introducing an additional layer of complexity compared to straight and level tracking.
Simulation results showing the base-controller and feedforward configuration D can be

seen in Figure 4.13

| Base controller All feedforward elements = = Reference path

North (m)
[y (8} = W =
o o o o (o)

—
o
T

East (m)

Figure 4.13: Simulated flight of base-controller and feedforward tracking a 30 m radius
circle at a 10 m/s ground speed in a uniform 5 m/s wind field with a steady Eastern

direction. The reference trajectory in this figure travels clockwise.

As can be seen in Figure 4.13, the presence of wind causes the base-controller’s tra-
jectory to be offset from the reference. This disturbance is compensated for by the feed-
forward controller. We use this test case to examine the impact of deactivating some
components of the feedforward controller, re-running the simulation with feedforward
configurations A through C. We then examine the cross-track e, error for configurations:
A to D along with the base controller to assess performance. For this circular trajectory,
e, is defined at each time step as the minimum distance between the platform’s position
and the path. For each configuration, the RMS of e |, referred to as the RMSE, is listed in
Table 4.2.

Table 4.2 shows the clear performance improvement from the feedforward controller,

even in a complex trajectory. Additionally, it also shows that most of the increased perfor-
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Table 4.2: RMS of path relative errors for four controller configurations in simulated

tracking of a 30 m radius circle at 10 m/s in a 5 m/s wind-field.

Configuration || Base-controller | A B C D
RMSE (m) 2.54 1.00 0.94 0.89 0.84

mance comes from the attitude feedforward, with small improvements arising from both
Tﬂl and Tﬁ 9

4.3.3 Frequency tests

Previous tests have only considered flight in a constant wind. This is unrealistic and un-
representative of the outdoor environment, so we conduct a series of tests with a variable
wind at a variety of frequencies to further validate the feedforward controller.

The frequency tests are preformed in batches which measure the errors e; and ¢ as
the frequency of the wind is changed through some series of values. There are two ver-
sions of these tests, one labelled ‘'magnitude variation” and the other labelled "direction
variation’. In the magnitude variation tests, the platform tracks a straight and level trajec-
tory due North at 10 m/s and is disturbed by a constant direction wind with a sinusoidal
magnitude. The direction variation test tracks the same reference, however, in this case,
the wind magnitude is constant and the vector’s direction changes. Essentially, the wind
direction in this test case rotates about i3 at some frequency. For both test cases, the wind
tield is uniform in space.

All frequency tests use the feedforward controller in configuration D.

4.3.3.1 Magnitude variation

In the magnitude variation case, the wind direction is constant, and the magnitude changes
sinusoidally. The entire wind magnitude does not change sinusoidally, as the rapid wind
reversals this would present are not physical and as such are less interesting to investi-
gate. Instead, the wind magnitude consists of some constant component V,,;,q and some
variable component with a peak-to-peak amplitude of 2V?, .. V?° . varies sinusoidally
at a frequency f, and is always directed Eastward, allowing the wind velocity to be ex-

pressed as
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Vind = [Viinasin (27ft) + Vipina] - i (4.24)

w

Since V inq always points due East, and the platform tracks a Northern reference, this
test case represents a cross-wind scenario. Simulations are run at a linearly spaced series
of frequencies f generated from a minimum and maximum frequency target. At each

frequency, the peak-to-peak amplitudes of e, and ¢ are logged.
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Figure 4.14: Sample data segment from the oscillating wind test where f = 0.1 Hz, ampli-

tude and mean of base-controller and feedforward e signals are shown.

A sample of the measurement of e, and ¢ can be found in Figure 4.14, which shows
the two error signals over time at a frequency f = 0.1 Hz. The configuration for the

magnitude variation tests shown here is summarized in Table 4.3.

Table 4.3: Magnitude variation test configuration

Property | f(Hz) Vo,a(m/s) Vima(m/s)
Value 0.0 -1 3 5
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The results from the test series are assembled to form a Bode-like chart where ¢, and
e| are shown with respect to f. Results relating to e, are shown in Figure 4.15 and results

for ¢ can be found in Figure 4.16
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Figure 4.15: ¢, as a function of wind fre-  Figure 4.16: ¢ as a function of wind fre-
quency for the magnitude variation simu-  quency for the magnitude variation simu-

lation configuration in Table 4.3 lation configuration in Table 4.3

The results of this testing shows that the feedforward controller substantially attenu-
ates cross-track wind disturbances when compared to the base-controller. This is partic-
ularly true at low frequencies where the difference is greatest, at higher frequencies both
e, amplitudes shrink, likely due to the platform’s inertia limiting its response to high fre-
quencies. The results for on-track error, ¢, shows that the frequency response of the base-
controller is negligibly impacted by the feedforward controller in a direction undisturbed
by the wind, which is desirable. This essentially shows that the feedforward controller is
effective at reducing changing wind disturbances while minimizing any impacts on the
tracking ability of the base-controller, satisfying one of our core design objectives. T, is
mainly responsible for the similarity seen between the base-controller’s response and the
teedforward in Figure 4.16.

4.3.3.2 Direction variation

Direction variation tests follow a similar procedure to the magnitude variation tests, but

instead, hold magnitude constant and rotate the wind direction about i3 at a certain fre-
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quency. These tests are not performed to examine the effect that a spiralling wind has
on the vehicle, but instead serve as a way of examining how the changing wind direc-
tion (relative to the aircraft) seen in circular flight impacts both the base-controller and
the feedforward controller. This test is performed at a variety of frequencies to model
the platform tracking small circles, where the wind vector changes quickly relative to the
body frame, and large circles with a slowly changing wind vector relative to the body
frame. To perform this test, the wind velocity is calculated as a function of f and time, ¢,

as follows

cos (2mft)
Vwind = Viina | sin (21ft) (4.25)
0

The configuration parameters of the direction variation test case, including the max-
imum and minimum values for f, are summarized in Table 4.4. For reference to the
case of circular flight, while traveling at a 10 m/s groundspeed, the maximum frequency
f = 0.3183 Hz would be encountered while tracking a 5 m radius circle, and the minimum
frequency f = 0.0159 Hz would be encountered while tracking a circle of 100 m radius.
The remainder of the process for each test, including measurement of the amplitudes of e
and ¢ is carried out the same as the magnitude test case. Peak-to-peak error amplitudes

at each recorded virtual radius is shown for e, in 4.17 and for ¢ in 4.18.

Table 4.4: Direction variation test configuration

Property f(Hz) Viina( m/8)
Value | 0.0159 — 0.3183 5

Results for this test case show much improved performance compared to the base-
controller, once again particularly in e, but the improvement is less dramatic than was
seen in the magnitude variation case. We do see substantial improvements in ¢ in this
test case, as the wind vector is rotating and does occasionally align with the platform’s
longitudinal axis. These results are promising and do suggest that the feedforward con-
troller is able to reject a wind vector disturbing the platform at a varying angle reasonably

well. While the oscillations in the e; and e; mean values for the base-controller case are
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slightly unusual, since its magnitude is small we assume that this is a complex interaction

between the base-controller and the rapidly changing wind vector.

4.3.4 Wind rejection in 3-dimensions

We now demonstrate the ability of the feedforward controller to reject an arbitrary wind
vector, which may contain up or down drafts. No changes are required to the feedfor-
ward controller, we simply do not restrict V., V;, and V,nq to the North-East plane.
This is possible in simulation, as the true wind is known by the feedforward controller,
but would require an advanced wind estimator capable of estimating vertical winds to
demonstrate experimentally.

It is worth noting that strong vertical winds disturbances are not expected for flights of
agile fixed-wing platforms. These platforms normally fly very low to the ground, where
the vertical component of wind turbulence is significantly lower than its horizontal coun-
terpart [64]. As such, this test case is shown less for its practical applications, and more
as a demonstration of the capabilities of the feedforward controller.

Here, we show a simulation where the platform is tracking the same reference de-
scribed in Section 4.3.2, but instead of a constant and uniform wind due East, the platform

is disturbed by the following wind vector, resolved in the NED inertial frame



CHAPTER 4. WIND REJECTION 76

0
Kwind =15 m/s
5
Base-controller = Fecedforward = —Rcfcrcncc‘
T T T T . 1 T T T T T
Or — 1
g 20F Still air«—Wind enabled -
g :
M 40 - g
60 ; : -
I | Hl | |

(3]
1

o

Z-distance (m)

o

Roll (deg)
Ig oo

0 5 | IlOH | ‘15‘ | “2‘0I N ‘2|5H | I30‘ | ”35‘ ‘40” | ‘45

Time (s)
Figure 4.19: Simulation tracking a circular trajectory under a wind with an eastern com-
ponent and a downdraft component. The top plot shows trajectories in the North-East
plane, and the middle plot shows the vertical errors. The bottom plot shows the recorded
roll angle. The platform begins on the left side of the figure and travels right, the circular

reference rotates clockwise.

The results of this simulation can be seen in Figure 4.19 which displays the North-East
trajectory in the top sub-figure, altitude in the middle sub-figure, and roll in the bottom
sub-figure. The results show good performance rejecting the vertical wind component,
as, after wind is applied, the platform travels at essentially the same altitude it did when
wind was not present. The altitude error even with feedforward doesn’t converge to
zero, however. This is expected as aerodynamics are neglected in the base-controller, Eq.
(4.6), causing the lift from the platform’s wings to be a disturbance upward (a negative
disturbance in the plot as the inertial frame is aligned to NED). Horizontal wind rejection

also appears very good in the straight section before the circle. The circular tracking while
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rejecting vertical wind is notably worse however when compared to the tests conducted
in Figure 4.13. This appears to be due to the attitude feedforward imparting unintentional
roll on the platform. When the commanded roll is zero, the base-controller ensures that
C/? has no roll, it appears that when the wind vector has a vertical component, Ry can
induce some roll in the final attitude reference C,.;. This issue, and potential fixes, require
further study. One solution to removing roll from the final attitude reference would be to
use the geometric vector projection method proposed in [57], however a solution on Ry
may be preferred. It should be noted that this issue does not arise in the two-dimensional
tests, when the elements of the wind triangle are restricted to the horizontal plane.
Three-dimensional wind tests demonstrate reasonable wind rejection performance,
but further work is needed to fix some of the remaining issues with rejection of an arbi-

trary wind.

4.4 Experiments

With good performance observed in simulation, we now proceed to evaluate the perfor-
mance of the wind rejection feedforward in experimental flight tests. Since these flight
tests are outdoors, and a 'true’ wind value is not known, we must utilize a wind estima-
tor to provide a wind estimate to the feedforward controller. We first use the stock wind
estimator in PX4 for this task with an airspeed sensor far outside of the slipstream. This
is done before advancing to use of the synthetic airspeed sensor to isolate the results of
the feedforward controller from the synthetic airspeed sensor. Since this airspeed sensor
placement effects the agile performance of the platform, we then utilize the synthetic air-
speed sensor developed in Chapter 3 to enable wind estimation from a sensor mounted
close to the aircraft’s body. We demonstrate wind rejection using this wind estimation
set-up.

Both experiments, using direct freestream measurement and the synthetic airspeed
sensor, use a West Michigan Park Flyers McFoamy platform and the SDP33 sensor for
airspeed measurement. They also both use a PixHawk 4 flight computer running PX4,
with the native controller replaced by the feedback/feedforward controller described ear-
lier in this chapter. The launch procedure is the same for both experiments. First the
platform is launched, and flown semi-autonomously in a circle for a brief time to build
up the wind estimate, after which full control of the platform is transferred to the feed-

back/feedforward controller.
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In some experimental tests, a coordinate system, x — y — z, is defined relative to the
reference path for easier visualization of performance. In this case, the x-direction is de-
tined instantly when the feedback/feedforward controller is engaged along the aircraft’s
heading at that time. The z-direction aligns with i3 and the y-direction completes the right-

handed frame.

4.4.1 Direct freestream measurement

The test presented here is designed only to assess the performance of the wind rejection
feedforward controller, as such an airspeed sensor placed outside of the slipstream is used
for wind estimation. This essentially uses all stock processes in PX4 for wind estimation.
While sensor placement in this location will impact agile performance, the tests shown
here do not require any aggressive maneuvering. The airspeed sensor location can be
seen in Figure 4.20. Feedforward configuration D, with k, = 1, was used for this flight

test.

Figure 4.20: Sample of wind rejection setup showing airspeed sensor location

The reference path that the platform is commanded to track is very similar to the path
used in Section 4.3.2, beginning with straight and level flight before the reference transi-
tions into a circle. The primary difference here is the diameter of the circle, in this case it is
25 m instead of the 30 m used in simulation. The platform begins following the reference
as soon as it is switched into its fully autonomous mode, where the feedback/feedforward

controller is fully responsible for the platform’s actuators. The feedforward controller is
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enabled until the platform completes approximately 1.5 laps of the circular reference, after
which it is deactivated, leaving only the base-controller to track the reference.

The wind estimate during this experiment can be seen in Figure 4.21, and the plat-
form’s measured trajectory relative to the reference, both when the feedforward is active

and when the base-controller alone is used, can be seen in Figures 4.22 and 4.23
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Figure 4.21: The wind estimate for experimental flight test. A dashed line separates wind
estimates logged before the feedforward elements are disabled. The wind direction is
defined similar to a compass rose, but with the y-axis replacing North and the x-axis

replacing East.

The results of this flight test show good performance for the feedforward controller,
especially compared to the base-controller alone. While the average estimated wind mag-
nitude during the section of the test where the feedforward was disabled was slightly
higher than the section with feedforward enabled, the difference is very unlikely to have
caused the performance increase observed in the results, especially since the feedforward

results appear to show it rejects most offset due to the wind.

4.4.2 Synthetic airspeed sensor

The experimental flight test using the synthetic airspeed sensor is largely similar to the
previous flight test with direct freestream measurement, but with a different reference
trajectory. For this test, a 'racetrack’ type flight path is used here instead of the circu-
lar flight path shown previously, the straight segments of the racetrack have a vertical

component and are set at an angle of 22° to demonstrate the vertical flight aspects of the
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platform. This reference trajectory can be seen in Figure 4.24. The same airspeed sensor

location and synthetic airspeed sensor settings as used in Section 3.5.2.1 are used here,

the sensor location is once again shown in Figure 4.25. Feedforward configuration C,

with k, = 1/0.45, is used for this flight test.
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Figure 4.24: Racetrack reference trajectory.
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Figure 4.25: Wind rejection setup showing airspeed senor location for use with synthetic

airspeed sensor

The autonomous flight mode is once again initialized with the feedforward active,
with it being disabled after one lap of the racetrack. The reference trajectory using only
the base-controller, and trajectory using the feedforward can be seen in Figure 4.26 and
the wind estimate can be seen in Figure 4.27.

An interesting feature can be noted near the bottom right side of the flight trajecto-
ries shown in Figure 4.26. This feature appears to occur due to loss of control authority
while travelling downwind. On the right downwind leg, the platform requires very little
throttle to match the velocity of the reference point, as propeller RPM drops substantially
during this leg so does airflow over the control surfaces, reducing control authority. Con-
trol authority only returns once the target begins moving along the lower straight path
and the tracking error increases substantially, rapidly increasing the throttle command.
As it occurs both with the feedforward active and inactive, it is not of substantial concern
for evaluating the feedforward controller’s performance, however it is clearly a complex
disturbance on the base controller due to wind that the feedforward controller is not fully
capable of compensating for. This phenomenon will be revisited in the future work sec-
tion of Chapter 5 as it is an interesting effect to correct.

The downwind disturbance aside, we do see good performance of the wind rejection

teedforward controller here, even when the wind estimate is computed using measure-
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ments from inside the propeller slipstream. It can be seen in Figure 4.26 that the feed-
forward controller prevents the offset in trajectory along the wind direction that is ob-
served when the base-controller is operating alone. Future flight tests will be performed
to validate the feedforward controller using synthetic airspeed sensing in configuration

D, though the performance differences from this are expected to be relatively minor.



Chapter 5
Conclusion

We conclude this thesis by first providing an overview of its key conclusions, before dis-

cussing potential opportunities for future work.

5.1 Summary of Conclusions

This thesis presents a method for wind rejection on agile fixed-wing platforms which
only requires the addition of a standard airspeed sensor and is minimally disruptive to
the platform’s agility.

The approach used for wind disturbance rejection in this thesis relies on an explicit
wind estimate to reject wind. As such, the first two objectives of this thesis investigate
how wind can be estimated on a platform which is aerodynamically dominated by pro-
peller flow. Wind estimation is performed with minimal effects on maneuverability by
directly compensating for airflow disturbances due to the propeller by through a model-
based approach. This wind estimate is then used to reject the wind disturbance.

The first objective of this thesis was to validate the propeller slipstream model to en-
sure its accuracy before using it to estimate wind from an airspeed sensor inside the
slipstream. A series of validation test flights were conducted to assess accuracy of the
slipstream model at a variety of locations within the slipstream. The results of this test
campaign showed very good accuracy of the slipstream model at most locations tested,
both under constant and varying propeller speeds. Particularly good accuracy was ob-
served near the tail of the aircraft.

After the model was validated, the second objective of this thesis, estimation of wind

from an airspeed sensor immersed in slipstream, was investigated. To achieve this ob-

84
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jective, a model-based synthetic airspeed sensor was designed to remove the effect of
propeller flow from an airspeed measurement, to obtain only freestream velocity. To do
this, we first presented an observability analysis to select a location for the airspeed sen-
sor that would balance freestream observability and the maneuverability of the platform.
We then designed a synthetic airspeed sensor based on the Extended Kalman Filter. The
synthetic airspeed sensor was cascaded with a conventional wind estimator, to provide si-
multaneous estimates of freestream velocity and wind speed. Freestream estimates were
validated using in-flight measurements, and we showed that the wind estimate converges
when run on-line in experimental testing. In addition to demonstrating the estimation of
freestream velocity from an airspeed sensor located inside the slipstream, we also showed
the potential for improved attitude control by using the unfiltered slipstream measure-
ment to better allocate the platform’s control surfaces during agile flight.

Once a wind estimate was available onboard the agile fixed-wing platform, the final
objective of this thesis, was pursued, which focused on the rejection of wind disturbances
using a wind estimate. A modular, feedforward, wind disturbance rejection controller
was developed, which was designed to work in tandem with an existing agile fixed-wing
trajectory tracking controller to improve its performance in windy conditions. The wind
rejection controller works on attitude and thrust references to reject wind disturbances
impacting the platform in an arbitrary direction. The wind rejection controller was tested
extensively in simulation, showing very good performance rejecting both constant and
oscillating wind while tracking straight and circular references. Experimental flight tests
were also conducted to validate the performance of this controller, both using a conven-
tional wind estimator with wingtip freestream measurement, and also using the synthetic
airspeed sensor with an airspeed sensor placed inside the slipstream. Wind rejection per-
formance was assessed to be very good for both tests.

In the process of meeting the objectives of this thesis, several interesting opportunities

for future research were identified.

5.2 Suggestions for future work

Potential topics for future work are listed below, these involve both improvements to the

experiments conducted in this work, and avenues for new projects.

* To better validate the slipstream model, it may be of interest to perform additional

in-flight measurements inside the slipstream. These measurements should focus on
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investigating the readings observed at location B1, and may involve changing the
direction of the propeller to see if swirl is the cause of the low recordings at this

location.

¢ Further development could be carried out for the synthetic airspeed sensor, partic-
ularly the EKF-SAS, to improve performance when the airspeed sensor experiences
oblique flow. An interesting approach may be to couple oblique flow angle estima-
tion into the EKF-SAS to account for the loss of airspeed sensor accuracy at high

oblique flow angles.

* The use of direct slipstream measurement for control allocation on agile fixed-wing
platforms was only partially explored in Section 3.6. While a substantial perfor-
mance increase was observed when using this method when compared to tradi-
tional momentum theory control allocation methods, further work should be under-
taken to fully characterize the performance of direct measurement control allocation

in a wide variety of agile maneuvers.

* To more completely validate the wind rejection controller, feedforward configura-
tion D should be tested experimentally for the EKF-SAS based wind estimator case.
Additionally, it may be of interest to evaluate the performance of the wind rejection

controller with a greater variety of reference trajectories.

¢ All tests for the wind rejection controller in Chapter 4 command a zero roll angle
in the base-controller for consistency. It may be of interest to examine how a sepa-
rate wind rejection roll controller could be used to provide additional performance

improvements in the presence of wind disturbances.

¢ The attitude feedforward controller was seen to induce undesired roll when reject-
ing a wind vector with a vertical component. Developing a method of eliminating
this roll could drastically increase performance under this wind condition, and as

such may be worth additional investigation.

¢ The wind rejection controller presented in this thesis is mainly intended for level
flight, when sideslip and angle of attack are small. This could be extended to more
agile maneuvers using sideslip and angle of attack estimates, to increase the useful

operating range of the wind rejection controller.
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* To avoid the downwind performance issue discussed at the end of Chapter 4, it
may be interesting to use a predictive approach for the wind rejection controller.
As an example of why this may be useful, when tracking a downwind trajectory,
a conventional feedback position controller can easily reduce propeller speed low
enough that propeller slipstream is insufficient to maintain attitude control. While
the controller may see this reduction in thrust as beneficial for minimizing tracking
error at a given moment, over the long term, the loss in attitude control often results
in substantial tracking errors. A predictive approach may be able to avoid the large
jumps in tracking error described in Chapter 4, by accepting increases in downwind
tracking error in the short term, to maintain attitude control and prevent more se-
vere increases in tracking error in the long term. This would require a reference that
is known ahead of time, which may not always be available if the platform is being

sent commands remotely or piloted semi-autonomously.
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Appendix A

Sensor validation and calibration

This Appendix presents a validation and, when necessary, calibration of the sensors used
for the in-flight slipstream model validation shown in Chapter 2. First validation and
calibration results for the two airspeed sensors, the SDP33 and MS4525D0, are shown,

followed by validation results for the RPM sensor.

A.1 Airspeed sensors

A.1.1 Airspeed reference

In order to validate the measurements from the airspeed sensors, we require an accurate
and trusted airspeed source to serve as a base-line reference. In this thesis, the trusted
airspeed source we used is a calibration tool which can provide an accurate and constant
airspeed by ducting airflow from a blower fan into an instrumented venturi tube. Each
end of the venturi tube contains a pressure tap leading to a Furness Control FCO432
differential pressure sensor, which is used to calculate the flow velocity at the outlet of
the venturi tube. A diagram of this apparatus can be seen in Figure A.1, and an image of

the apparatus being used to calibrate an airspeed sensor is shown in A.2.

95



APPENDIX A. SENSOR VALIDATION AND CALIBRATION 96

Blower fan

Upstream
pressure tap

Downstream
pressure tap

Airspeed
sensar

Figure A.1: Schematic of the airspeed source used for sensor calibration. Dy, represents
the tube diameter at the downstream pressure tap and D,,, represents the tube diameter

at the upstream pressure tap.

Flow velocity at the exit of the venturi tube can be calculated using the differential pres-
sure between the upstream and downstream taps, Ap, and the air density, p, as fol-
lows [65]

2Ap
p (1 (B)1)

Eq. (A.1) relies on the known diameter at the downstream and upstream pressure taps,

‘/dum =

(A1)

D gy, and D, respectively, which are measured using calipers to be Dy, = 10.53 mm and
D,, = 27.06 mm. When validating an airspeed sensor, the pitot probe is placed in the
centre of the outlet of the venturi constriction, so that the air velocity entering the pitot is
equal to V.

The speed of the outlet flow is controlled manually by changing the voltage of the
blower fan’s power supply, and the FCO432 differential pressure sensor provides a dig-
ital readout which is logged manually by the operator. Of course, since the operator
cannot record all readings displayed by the FCO432 during a given time frame, only the
maximum and minimum Ap readings from the FCO432 are recorded, denoted Ap;” and

Ap; respectively. Using Eq. (A.1), Ap)” and Ap;” can be converted to airspeed values,
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Figure A.2: Venturi constriction device being used to validate the MS4525 sensor.

which are denoted similarly as V" and V, . For a given measurement period V" ~and
V..., essentially provide bounds on the reference airspeed, when validating an airspeed
sensor, the measurements from the sensor should fall within these bounds if the sensor
is accurate. It should be noted that the gap between V' ~and V,  is quite narrow, gen-
erally no more than 0.1 m/s and often around 0.05 m/s. As it is used for calibration of
the SDP33, the reference airspeed in the middle of these bounds is denoted V, , and is

calculated as the average of V.7 and V, . The trusted airspeed source is limited to a

!
maximum output airspeed of approximately 14 m/s, due to the maximum speed of the

blower fan.

A.1.2 MS4525D0 validation

The MS4525DO0 sensor used for freestream measurement is a digital, factory-calibrated,
membrane-style differential pressure sensor. Since it is a membrane-type sensor, there
is no route for flow to travel between the static and dynamic ports of the pitot probe,
and, as we are not concerned about measuring high-frequency transients in the flow, we
can reasonably assume that the mass flow in the tubing section, between the pitot probe
and differential pressure sensor, is negligible for this sensor. Since the mass flow is neg-
ligible, we can also assume that tube pressure loss in the tubing assembly is likewise
negligible, meaning we do not need to calibrate this airspeed sensor. We do still validate

it against the trusted airspeed source at six reference airspeeds from 0 m/s to 12 m/s to
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ensure it is functioning correctly. Reference airspeeds are approximately evenly spread
out throughout the range of 0 m/s to 12 m/s, and each airspeed reference is held for 15 s.
During this validation test, the readings from the FCO432 are logged manually by the
operator, and the measurements from the MS4525DO are recorded electronically by the
PixRacer flight computer, in the same configuration as is used for flight tests in Chapter
2. Results for this validation will be shown in the airspeed sensor results section of this
appendix, alongside the results for the SDP33 sensor. Although only the results of one
test are shown, two validation tests were conducted for the MS4525DO, both confirming

similar levels of performance.

A.1.3 SDP33 calibration

The SDP33 microthermal differential pressure sensor, used to measure slipstream, is more
sophisticated than the MS4525DO, with zero-drift and low noise being advertised by the
manufacturer, but does require calibration. This sensor uses a different mechanism to
measure differential pressure: instead of employing a membrane which blocks flow, it
uses a small amount of flow through the sensor to measure differential pressure [66].
This poses an issue when connecting the sensor to tubing for use with a pitot probe, as
the flow in the tubing will cause a small pressure drop between the pitot and the sensor.
While the SDP33 may accurately measure differential pressure, the pressure drop in the
tubing means that this differential pressure at the sensor will be slightly less than at the

pitot probe. The manufacturer recommends compensating for this loss using [66]

Apeff — Apsensov‘ (A.Za)

1+e
— 764[] C SA sSensor
€ = vy sl (14 B 1) (A2b)

In Eq. (A.2), Apsensor is the differential pressure measured by the sensor, Ap,; is the
differential pressure that would be measured if there were no tube pressure loss, and v,
is the kinematic viscosity of air. The objective of this correction is to determine the dif-
ferential pressure that would be measured by the SDP33 if tube pressure loss were not
present, Ap. s, as some function of the actual differential pressure measured by the sen-
SO, ADsensor- In Eq. (A.2b), the parameters: L, D, m. and Ap,. are all constants relating to
the flow characteristics of the tubing and sensor. The manufacturer lists nominal values

for these parameters, however since we have access to a trusted airspeed source, we in-
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stead perform a calibration so that the relation between € and Aps.,s.- is accurate for our
particular tubing and pitot configuration. To do this, we note that ¢ can be written as an
arbitrary function of Apsepsor, denoted S(Apsensor), that is multiplied by v,;,. This allows

us to rewrite € as

€= Vairﬁ(Apsensor) (A3)

We then fit the function 5(Apsensor) using experimental data. Given experimental mea-

surements of V. Apess can be calculated using the following equation for measuring

Gref’

airspeed with a pitot-static probe [65]

1

Apess = 50V, (A4)

Substituting Eq. (A.4) into (A.2a) then yields

1 T2 o Apsensm"

- A5
oV ares = Tl 1 e (A.5)

Using the relation shown in Eq. (A.3), S(Apsensor) can be solved for as a function of ex-

perimental measurements Apg,s,r and V% ; as follows

Vair

1 A sensor
B(Apsensor) - < p_2 - 1) (A6)

1
§pva'ref

To summarize, Eq. (A.6) provides the results of 5(Apsensor) as a function of measurements
from the SDP33 sensor and the trusted airspeed source. This enables us to fit 5(Apsensor)
using experimental results specific to our SDP33 sensor and related tubing. To increase
the accuracy of the calibration, four runs were performed, gathering data for calibration
in an airspeed range of 0 m/s to 12 m/s.

The measurements showing 5(Apsensor) @s a function of Apg.,,so can be seen in Figure
A.3 for all four calibration runs of the SDP33. We find that 3(Apsensor) is reasonably well
represented by a reciprocal function of Apge,s.r, estimated using MATLAB, and resulting

in the following relationship

1
—5.018 X 107" Apsensor — 4.372 x 1075

B(Apsensor) ~ (A7)
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Figure A.3: 3(Apsensor) measurements compared with Ap;e,sor, used for calibration of the

SDP33 airspeed sensor

Substituting Eq. (A.7) into (A.2) yields the following equation, where Ap, s can then

be calculated using only Apgepsor and v, as

A sensor
Ape ff = P (AS)

1+ —5.018x% 10—7ApZ;ZZSOTf4.372x1o—5

Once Ap.y is calculated, it can then be used with Eq. (A.4) to calculate airspeed from
a pitot-based differential pressure measurement using the SDP33. This calibration allows
us to accurately account for the tube pressure loss when using the SDP33 to measure
airspeed, using only the differential pressure measurement from the SDP33.

After the SDP33 sensor is calibrated, we perform the same validation test on it as
was done for the MS4525D0 sensor. In this case, however, four validation tests were
performed using the SDP33 sensor, with all tests once again yielding similar results. The

results of the validation testing are shown in the following section.

A.14 Airspeed sensor results

Now that the SDP33 sensor is calibrated, validation using the trusted airspeed source can

be conducted for both sensors. The reference airspeed, from the trusted airspeed source,
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for the SDP33 validation test can be seen in Table A.1. Likewise, the reference airspeed

data recorded during the MS4525DO test can be found in Table A.2.

Table A.1: True airspeed source data for the SDP33 validation test shown in Figure A.4

Table A.2: True airspeed source data for the MS4525DO validation test shown in Figure

Apf (Pa) | Ap; (Pa) | VT (m/s) |V, (m/s)
0 0 0 0
2.5 2.3 2.1 2.0
0.8 9.6 4.1 41
21.4 21.0 6.1 6.0
39.7 39.3 8.3 8.3
61.0 60.3 10.3 10.2
86.1 85.3 12.2 12.2
112.3 111.3 14.0 13.9

A5
Apf (Pa) | Ap; (Pa) | VI (m/s) |V, (m/s)
0 0 0 0
2.7 2.4 2.2 2.0
10.7 10.4 4.3 4.3
22.2 21.7 6.2 6.1
38.7 38.0 8.2 8.1
60.0 59.1 10.2 10.1
86.3 85.2 12.2 12.2
108.6 107.3 13.7 13.7

Figure A.4 shows the results of the validation run for the SDP33 sensor. The validation
results for the MS4525DO sensor can be seen in Figure A.5. The plots in Figures A.4
and A.5 show the bounds V" ;and V.~ of the trusted airspeed reference at the six test
velocities, and the average airspeed measurement from the SDP33 and the MS4525DO,
respectively. For ideal airspeed sensor performance, the average airspeed measurement

should be inside the bounds created by Vatef and V.
Since taking the mean value of our airspeed sensor readings hides sensor noise, we

also show the standard deviation over the 15 s sample duration at each interval in Figure

A.6. This is shown for both airspeed sensors.
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Figure A.4: Validation tests results for the
calibrated SDP33 sensor. Green and blue
lines indicate the bounds on the airspeed
reference and the dashed black line indi-
cates the average measurement from the

airspeed sensor.

Figure A.5: Validation tests results for the
MS4525DO0 sensor. Red and yellow lines
indicate the bounds on the airspeed refer-
ence and the dashed black line indicates
the average measurement from the air-

speed sensor.
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Figure A.6: Standard deviation of airspeed from pitot sensors as a function of average
calculated airspeed they record. Results are shown for the MS4525DO based airspeed

sensor and the SDP33 based airspeed sensor.



APPENDIX A. SENSOR VALIDATION AND CALIBRATION 103

As can be seen in Figures A.4 and A.5, the airspeed measurements from the pitot-
based sensors match the reference airspeed well, with large error at lower airspeeds for
the MS4525DO sensor. At higher airspeeds, above 6 m/s the error of the MS4525DO be-
comes relatively small, below 0.4 m/s. While the SDP33 requires calibration, it is also
capable of exceptional performance, remaining within the reference airspeed bounds at
nearly all airspeeds tested. The SDP33 also has far better noise performance than the
MS4525DO0 sensor, due to its more precise differential pressure sensor, even at low air-
speeds, though, at higher airspeeds the noise of the MS4525DO does decrease. The lower
noise at high airspeed is an expected result of the conversion between differential pres-
sure and airspeed. Even if a differential pressure sensor has no change in measurement
noise as Ap increases, since V,, o< /Ap, small changes in Ap when Ap is large lead only to

minor changes in V.

A.2 RPM sensor

The Kotleta20 measures RPM explicitly as it drives the BLDC motor. Since propeller RPM
has a profound effect on slipstream, it is necessary to confirm that this RPM measurement
is accurate. For this validation, we mount the motor and propeller on a RCbenchmark Se-
ries 1580 test stand and use an optical RPM probe to serve a reference RPM measurement.
The motor is controlled by the Kotleta20 ESC in the same configuration as is used in flight,
RPM is recorded by the PX4 flight computer, and motor speed commanded manually by
an operator. The motor validation test examines a steady RPM increase, and results can
be seen in Figure A.7.

Optical RPM data is recorded by a personal computer connected to the thrust stand,
whereas ESC RPM data is logged by the Pixracer flight computer. This does present a
challenge when comparing the two curves as the data is not synchronized and is recorded
at slightly different rates. The Kotleta20 data is logged at approximately, 50 Hz whereas
the optical data is logged at 42.3 Hz. To synchronize the two sets of RPM data, the operator
commands a series of sharp throttle increases and decreases, the peaks of which are used
in post-processing to synchronize the two datasets. It should be noted that this approach
still cannot determine if the ESC based data lags the true propeller speed, but this effect
is assumed to be negligible. The primary goal of this sensor validation was to confirm
that the Kotleta20 sensor produced readings of the same magnitude as the optical sensor.

Analysis of error also requires us to account for the different logging rates, to do so the
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Kotleta20 data is linearly interpolated so that every data point in the optical dataset has a

unique associate in the interpolated Kotleta20 dataset.
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Figure A.7: Kotleta20 RPM validation test showing ESC measurements and optical mea-
surements (top). The error between these two measurements is shown in the bottom

subfigure.

Results of the RPM validation show that the embedded ESC measurements match
well with the test stand’s optical sensor. The root mean squared error (RMSE) between
the Kotleta20 and optical RPM curves is 30.32 RPM.



Appendix B

PX4 implementation of synthetic

airspeed sensor

Our implementation of the cascaded wind estimator inside the flight computer has the
benefit of providing wind and airspeed to all programs running on the system without
additional modification. Since it may be of interest for future work, we provide a brief
description of the software implementation in this appendix.

The experimental test flight uses a flight computer running PX4 for state estimation,
process management, and control of actuators. The PX4 state estimator estimates wind
and is used in experimental flights as part of the cascaded wind estimator. Essentially,
to build the cascaded estimator, the synthetic airspeed estimator is added to the PX4
tirmware, and its output is directed to the default PX4 wind estimator, which does not
require modification. This demonstrates the rationale for using a cascaded estimator, as
the synthetic airspeed sensor can be developed once and easily ported to different plat-
forms using different native wind estimators.

PX4 is separated into multiple layers to facilitate high-speed sensor communication
and actuator outputs at a low-level, while also providing a convenient node based struc-
ture for high-level applications [67]. Two layers are most relevant to the cascaded wind es-
timator, one which contains the sensor drivers and the other which contains applications
on the system, also known as modules in PX4. Modules can be isolated processes that
communicate between each other using the publish/subscribe message broker known as
#ORB. Modules are often non-blocking, allowing high-speed applications, such as an
attitude controller, to work in tandem with low-speed applications such as a waypoint

manager. tORB manages message communication between applications running on the

105
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system at different speeds. The sensor driver layer operates at a lower-level and a high
frequency, they also directly control the interfaces of the flight computer, communicating
with sensors over SPI, I?C, or UART. Sensor drivers publish their data to applications in
the module layer through a yfORB message.

Limiting the scope of PX4 to the components used in the cascaded wind estimator

narrows our focus to a few key processes, which are visualized in Figure B.1.

‘ Vwrind

PX4 wind
estimator

Synthetic
airspeed sensor

Vwind

Conversion to

airspeed
T Module layer
Sensor driver layer
AP y

SDP-33 sensor
driver

Figure B.1: High-level overview of cascaded estimator as it is implemented in PX4. Com-

ponents unchanged from PX4 are coloured blue and our additions are highlighted in red.

In the stock PX4 firmware, the flow of information leading to the wind estimate is as

follows

1. Sensor driver communicates with differential pressure sensor over I*C’
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Sensor driver publishes differential pressure to system

. An application in the module layer listens to the differential pressure topic and con-

verts it to airspeed

This application then publishes the calculated airspeed to the system

. The PX4 state estimator listens to the airspeed topic and, if available, fuses it to

generate a wind estimate

The wind estimate is published to the system by the PX4 state estimator

To transform this into the cascaded wind estimator, which can estimate wind from

a measurement inside the slipstream, a new module, the synthetic airspeed sensor, is

created. This module listens to a new airspeed topic related to the slipstream, and a wind

estimate if one is available. It fuses this information into a freestream estimate using
either the EKF-SAS, described in Chapter 3, or the EF-SAS, designed in Appendix C.

The freestream estimate is then published to the system under the stock airspeed topic,

which is natively listened to by the PX4 state estimator. The flow of data for implemented

cascaded estimator is as follows

1.

2.

Sensor driver communicates with differential pressure sensor over I*C
Sensor driver publishes differential pressure to system

An application in the module layer listens to the differential pressure topic and con-

verts it to airspeed

The application publishes the calculated airspeed to the system under a new topic

name

The synthetic airspeed estimator listens to the new topic as well as the wind esti-

mate, if both are available it fuses them into a freestream estimate
The freestream estimate is then published to the system under the airspeed topic

The PX4 state estimator listens to the airspeed topic and, if available, fuses it to

generate a wind estimate

The wind estimate is published to the system by the PX4 state estimator
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Since the synthetic airspeed sensor is published to the system under the general air-
speed topic, all other applications which listen to airspeed will use the results of the syn-
thetic airspeed sensor without further modification. While other uses of freestream on
agile platforms are out of the scope of this work, it further highlights the advantage of the
cascaded approach. Though it is not measured in flight, ground tests showed a freestream
estimate publication rate of ~ 100 Hz on a PixHawk 4 flight computer, which was deemed

sufficiently fast for use in this work.



Appendix C

Alternative synthetic airspeed sensor

(exponential filter)

One potential alternative to the EKF-SAS, designed in Chapter 3, uses a simple expo-
nential filter to estimate freestream speed. This implementation of the synthetic airspeed
sensor is covered in this appendix.

The exponential-type filter implementation of the synthetic airspeed sensor (EF-SAS)
requires a measurement inside the slipstream v,, location of the measurement P,, the
platform’s longitudinal vector 131, inertial velocity V;, and wind estimate V ;4. The moti-
vation behind the EF-SAS is that, provided a wind estimate, freestream can be calculated
using either the slipstream model or a wind estimate. While the freestream velocity cal-
culated through the wind estimate is expected to produce low noise results, they are also
expected to have poor accuracy, suffering from drift over time. Conversely, the freestream
velocity estimate from the slipstream model is expected to be noisy but have good accu-
racy. The EF-SAS is composed by low-pass filtering the freestream velocity calculated
through the slipstream model. Traditionally the exponential filter uses the results from
the previous filter output, instead we use the wind triangle based freestream calculation
in its place. This is done for two reasons, firstly, wind is expected to be much more con-
stant than airspeed, secondly, it is also expected to be more consistent as the platform
changes heading. The wind estimate and freestream estimate develop simultaneously.

The first step in the exponential-type filter approach is to calculate v, using both the

wind triangle and slipstream model, labelled v%, and v7 respectively.

109
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vy can be calculated from the wind triangle as

Calculation of v} requires more careful consideration, since the slipstream model
must be inverted. For this, we once again use the polynomial fit of the slipstream model
generated in Chapter 3. Inversion of Eq. (3.8) is done relatively easily as n is assumed to
be known exactly from an RPM sensor, reducing (3.8) to a quadratic function of v7. The

solution for v} given v; and n is then expressed as

\/(0.528 +0.002n)% — 0.04 (0.744n + 0.04 — vy)

m=—(0.52 .002n) +
v (0.528 4+ 0.002n) 003

o0

(C.2)

Eq. (C.2) does usually generate two solutions, however for v4,n > 0 only one of them
is positive which is the solution we use. In the event a solution does not exist, which may
occur briefly during agile manoeuvring where measurements of v, can be inaccurate, it is
straightforward to find the closest solution or set v, to a constant value.

Once v and v7 are calculated, the filtered airspeed estimated, v, can be computed
using the following equation, where « is a tuning parameter of the filter [68]

Voo = - Ve + (1 —a) -0 (C.3)

o)

When « is set high, v, is heavily filtered by the wind triangle, reducing noise but mak-
ing it more prone to drift and slower to respond to the true freestream value. Decreasing
a has the opposite effect, increasing the noise in the v, estimate, but also making it more
reactive to the true freestream. To avoid poor slipstream measurements from the airspeed
sensor under oblique flow conditions from adversely impacting our wind estimate, we in-
crease « if the oblique flow angle is detected to be past a certain critical angle. A heuristic
approach based-on the oblique flow angle @ is used for this, and ® can be calculated as
follows, assuming the sensor’s measurement axis is aligned with the platform’s longitu-
dinal axis 51

Va

=cos™! [ b] = 4
® = cos (bl ||KGH) (C4)

The heuristic function mapping ® to « is proposed to keep a at a nominal value, o,

when @ is low, then quickly increase it to some high value, a,,,,, when the oblique flow
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a”)!‘lﬁ,‘

QXmin

Figure C.1: Relationship between o(®), amin, Qmaz, and, @i, for Eq. (C.5).

angle is high. This switching from a;,,;,, to @4, begins at a value ®,,,;,,. Essentially, when
an airspeed measurement dropout is expected due to oblique flow, the impact of v; on
the freestream estimate is diminished by rapidly increasing «. The heuristic function is
visualized in Figure C.1 and is defined as follows

a(®) = = (1 — tanh(® — @5 — 2)) * (Qnin — Xmaz) + Vmaz (C.5)

N | —

The parameters: ayin, ez, and, @i, are chosen based-on offline estimator tuning.
The initial and final values for « are chosen to balance noise and responsiveness in the
freestream estimate, and ®,,;, is chosen experimentally based on the observed oblique
flow performance of the airspeed sensor. When the EF-SAS is used for testing, the values
of (min, maz, and, P;, will be listed.

The EF-SAS is also tested offline, identically to the offline EKF-SAS tests performed in
Section 3.5.1. Key parameters for the cascaded wind estimator in this configuration can
be seen in Table C.1.

The freestream and slipstream measurements, along with the estimated freestream
from the EF-SAS can be seen in the top subplot of Figure C.2. The a parameter of the

exponential filter can also be seen in Figure C.2, occupying the bottom plot.
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Table C.1: Cascaded wind estimator configuration parameters used in offline EF-SAS

testing.

EF-SAS parameters value
Amin 0.1
Qmaz 0.9
®,.in 22°
Wind estimator parameters
Q diag(0.01,0.01,0.01) m?/s?
R 2 m? /s>
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Figure C.2: The top plot shows measured v, and v, from outdoor flight test, compared

to estimated freestream using the EF-SAS. The bottom plot shows the value of «; spikes

in a attempt to reject inaccurate airspeed measurements under oblique flow conditions.

Figure C.2 shows that the synthetic airspeed sensor is reasonably effective at estimat-

ing freestream however there is a high level of noise. Airspeed measurement dropouts,

likely due to oblique flow, can be clearly seen in this figure at approximately ¢ = 55, 75,

and 90 s. During these oblique flow events « increases rapidly to ., based on Eq. (C.5)

to reduce the influence of the slipstream sensor on the freestream estimate. The reaction
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Figure C.3: Estimated wind magnitude and direction using the traditional wind estimator
(blue), and the cascaded wind estimator (orange). The traditional wind estimator relies

on the measured v.,, whereas the cascaded wind estimator uses the EF-SAS to estimate

Voo

from « is not fast enough to completely mitigate the oblique airspeed sensor readings,
but is sufficient for the scope of this work. Better detection of oblique flow conditions and
associated airspeed measurement dropout may be an interesting topic for future study.

The two wind estimates, one using the EF-SAS and the other using the freestream mea-
surement, can be seen in Figure C.3. The result of the wind estimator using the freestream
measurement is labelled the "traditional” wind estimator, and the estimator using the EF-
SAS is labelled the cascaded wind estimator.

As can be seen in Figure C.3, the cascaded wind estimator yields a qualitatively simi-
lar result to the traditional wind estimator, particularly in terms of wind direction, how-
ever the magnitude estimate is substantially noisier than the baseline. Additionally, the
oblique flow dropouts can be seen to affect the wind estimate, with sharp changes in the

estimate apparent at the instants of high oblique flow. While the wind estimate using the
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synthetic sensor does not provide an excellent match with the base-line, it is still seen to

provide reasonable performance.
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