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Abstract

Wolfe, Sean. M.A.Sc. Royal Military College of Canada, November, 2019. Coopera-
tive Multi Model State Estimation and Control for Target Tracking UAVs. Supervised by

Dr. Sidney Givigi and Dr. Camille-Alain Rabbath.

In this thesis, the idea of using teams of Unmanned Aerial Vehicles (UAVs) to track a
ground vehicle and exploiting the benefits of multiple UAVs is considered. First, a novel
state estimation algorithm is developed using the standard Extended Kalman filter (EKF).
This filter is distributed over a team of three UAVs, each adopting a different model for
the target’s motion. The Distributed EKF (DEKF) is then paired with the T Test model
selection criteria, which decides which UAV has the best estimate at each iteration. The
algorithm is validated in a real-time indoor flight environment and compared against the
single model equivalents, as well as compared to other multi model variants. Furthermore,
an analysis of different selection methods to use in times of occlusions is done. The second
part of the thesis involves the design and testing of a multiple model Distributed Model
Predictive Controller (DMPC) for tracking in formation flight. Using information from
state estimation about which target model is performing best, the DMPC changes its target
motion model accordingly. The MPC controller is first implemented for a single UAV, then
tested in both a real-time simulation environment and in an indoor flight. This MPC is
then expanded to the multi-UAV scenario, which is tested in the same real-time simulation

environment.

Keywords: State Estimation, Extended Kalman Filter, Distributed, T Test, Multiple Mod-

els, Target Tracking, Unmanned Aerial Vehicle, Control, Model Predictive Control.



Resumé

Wolfe, Sean. M.Sc.A. College militaire royal du Canada, Novembre, 2019. Estimation
de ’état utilisant divers modeéles et commande en coopération pour drones effectuant un

suivi de cible. These dirigée par Sidney Givigi, Ph.D. et Camille-Alain Rabbath, Ph. D

La these considere utiliser une équipe de drones dans le but de suivre une cible mobile au
sol. Tout d’abord, un nouvel algorithme est développé avec I’EKF standard comme systéme
de base. Cet EKF est distribué parmi une équipe de trois drones, chacun utilisant un modele
différent pour prédire le mouvement de la cible. Ensuite, I’EKF distribué est combiné avec
une méthode de sélection, le test T, qui décide quel drone a la meilleure estimation de la
cible. L’algorithme au complet est valide expérimentalement contre I’ algorithme équivalent
avec un seul modele dans un environnement intérieur et avec de véritables drones. De
plus, une comparaison de performance avec différents algorithmes et plusieurs modeles
est effectuée. Finalement, une analyse de différentes solutions en temps qu’aucun des
drones détectent la cible est faite. La deuxieme partie de la these consiste en un contrdle
de I’équipe de drones pour suivre la cible d’une maniere efficace. Pour accomplir cet
objectif, un controleur MPC distribué utilisant plusieurs modeles pour le mouvement de la
cible est développé et validé. Le controleur pour un seul drone est premierement validé en
simulation et dans des essais en vol intérieur. Ensuite, des contraintes de coopération sont

ajoutées pour que les drones suivent la cible en formation, ce qui est validé en simulation.

Mots clés : Estimation, EKF, Distribution, Test T, Modeles, Suivi de Cible, Drones,

Controle, MPC.
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Notation

acy - When (-) is x, y or 2, a is acceleration. Otherwise a,; represents entry ij of

Matrix A

d(k) - Gaussian noise present in prediction process

¢ - normalization factor

d(k) - Gaussian noise present in measurement process
f(+) - Prediction function

fa - Drag force acting on UAV

fq - Weight UAV

fi - Thrust from motor %

far - Thrust force acting on UAV

f;,+ - Sum of forces acting on UAV

g(+) - Function represent unmodeled dynamics

g - Cost function representing a two player zero sum game
h - Horizon

h(-) - The measurement function transforming the state vector into the measurement

basis

14 - Anchor current



i and j- When superscripted as (-), refers to UAV i and its neighbour UAV ;. Note
7 is the UAV running the algrorithms and it has neighbours described by the set 7.

The set of all UAVs is the set Z. The size of Z is N, the total number of UAVs
J() - Moments of inertia in the direction of ()

(k) - Any variable with (k) appended, such as x(k) represents the evaluation of the

variable at time step (k)

k¢ - Final time of an experiment or simulation

1 - Vector of outputs used for system identification
l,, - Distance between a rotor and the base frame of UAV
m - Mass of the quadrotor

m, - Moment induced from drag on UAV

m. - Electromagnetic moment on UAV

m; - Moment of motor ¢

m,, - Mechanical moment on UAV

m,, - Total moment from thrust of UAV's

m,,,; - Total moment of UAV

n - Size of residual window

o - Number of states in the target model

p - Number of states in UAV model

p - Refers to a three dimensional position vector

X1



q - number of measurements made at time step &

r - Distance or when specified radius of a circle

r - Relative position. For example “r is the relative position of UAV j to UAV ¢
- iy, - Separation for UAV i to maintain with respect to UAV j

r, - Collision avoidance distance

r. - Communication maintenance distance

5 - Number of inputs in UAV model

s(y and c(. - sin(-) and cos()

t - Continuous time

t - Translation vector

tr(-) - Trace of (-)

tstat - Metric of how well proposed model is doing

tt - Thrust of a UAV motor

u - Vector of inputs over horizon

u(k) - Input vector at time step k

uy - Thrust input of UAV from first principles

Upnin aNd Uy,q, - Maximum and minimum inputs allowable for stable UAV flight
u, - x input derived by MPC controller

u,, - y input derived by MPC controller

up Roll input of UAV from first principles

Xii



ug - Pitch input of UAV from first principles

uy - Yaw input of UAV from first principles

M - Overall propagated input vector

v(.y - Speed in the (-) direction. v is velocity.

v, - UAV velocity vector in body frame

“v;, - Wind velocity vector in the body frame

v’ - Velocity with obstacles

v” - Velocity calculated from LGVF method

w - Vector of unknowns to be identified through system identification
x, y or z - Position in z, y and z, or z, vy, 2, axis depending on context
x - State vector

x, (k) - Reference states at time step k

‘jx4(k) - Distance separation term for UAV pair i, j

§ - Overall propagated state vector over the horizon

z - Measurement vector

A - Overall propagated A matrix

B - Overall propagated B matrix

C' - Rotation matrix. For example, C'?’ is the rotation matrix going from the world

frame to the camera frame

Xiii



C¢(0) - Rotation matrix in the frame defined by ¢ about the axis defined by x accord-

ing to the angle defined by 6

C.zis - Rotation matrix associated with a change of axis
Dg s - Matrix of drag coefficients

Dy nr - Matrix of drag coefficients for torques
E - Sum of all residuals

E[(+)] - Expectation value of (-)

F' - Linearised Prediction function matrix
FIT - FIT percentage for model identification
G - Matrix of inputs for system identification
H - Linearised measurement matrix

I - Identity matrix

J - Overall cost function

K - Kalman gain

K™ - Kalman gain from combining a posteriori estimates in maximum likelihood

method

L - Moving horizon look back size
N - Number of UAVs

P - EKF overall covariance matrix

X1V



* () - In the context of state estimation () is the process noise covariance matrix. In the
context of control, () is a weighting matrix used in the objective function of an MPC

controller
* ()5 - Weighting matrix for maintaining separation between neighboring UAV's
* R - Measurement noise matrix
* S - Projection matrix
e Sy - Standard deviation

e T - Transformation matrix. For example, T? refers to the transformation necessary

in going from world frame to the body frame
e T, - Sample time
* (. - Angular acceleration in the (-)
* (3 - Phase angle
* 7 - Discount Factor
* 7(-) - Likelihood function
* ¢ - Velocity correction coefficient
* ¢ - Vector of residuals
* 0, ¢ and ¥ - Roll, pitch and yaw angles
* k- Ideal mean of residuals
* \nae - Largest eigenvalue

* 1(k|k) - Model probability

XV



p - Model switching matrix with elements p;;

v - Residual vector

T - Innovation Covariance

U - Flux

w(.y - Angular velocity in the (-) direction

w® - Angular velocity vector of UAV in body frame
7 - Number of measurements made at time step k

CV(.) - () is using the CV model. Similarly, “4(-) is for the CA model and “7(-) for

the coordinated turn model.
¢(+) - When superscripted, refers to the ground target.
(-)~! - The inverse of (-)

()T and (-)~ - When superscripted, represents an a posteriori and a priori value,

respectively, in context to the EKF.

«(+) - The subscript ¢ when seen in front of (-) represents combined UAV and target

information. For example, .x is a state vector containing both UAV and target states
74(+) - Final target value
(+)zy.- - Represents the x, y or z component of (-)

(+)p - The subscript or superscript p refers to the PTU unit. For example, ¢, refers to

the roll angle of the PTU unit.

|| - || - Buclidean norm operator

~

(+) - An estimate of (-)
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* (-) - Mean of ()
* (-)* - Optimal value of (-)
* Boldface - Any symbol in boldface represents a vector

* Fractal Font - Represents a general cost function
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Chapter 1

Introduction

The world of Unmanned Aerial Vehicles (UAVs) is rapidly expanding with the presence
of new technologies, software and cutting-edge research. Furthermore, the areas and do-
mains in which UAVs are being deployed are broadening, spanning not only the military
but also the civilian and consumer markets. UAVs were a $6 billion industry in 2016 with
growth still projected in future years [1].

Current military applications can be divided into the military component in which they
are employed [2]: in the navy, current uses of UAVs include fleet detection and shadowing,
anti-submarine warfare, port protection and maritime surveillance, among many others; in
the army, the primary applications are covert reconnaissance, target designation by laser
and landmine detection; in the air force, there is target tracking, interception, anti-aircraft
system’s counter and airfield security. In the civilian and commercial areas, domains such
as aerial photography, agriculture, search and rescue, fire services are just a few of the many
industries in which UAVs are used [3]. As can be seen from these applications, most uses
of UAVs involve dangerous environments where human lives are taken out of risk through
their deployment (mostly military) or tasks that can be automated and are carried out by
UAVs for efficiency reasons (commercial). These are two of the primary advantages UAV's
offer and explain their increased presence over the past years [4].

Even more recent is the idea of using teams of individual UAV's to accomplish missions
[5]. Militaries around the world are currently developing new swarming and cooperation
strategies for a variety of applications and environments, as in the U.S. Army’s plan to use
teams of micro-drones in Intelligence, Surveillance, Target Acquisition and Reconnais-

sance (ISTAR) missions [6].



Of the aforementioned applications, of particular importance to the thesis is target track-
ing, the action of determining a target’s, such as a person’s or car’s, position and following
said target. Further investigation into the techniques and strategies currently employed for
multi UAV target tracking leads to Kalman Filtering (KF') for state estimation and to Model

Predictive Control (MPC) theory for control.

1.1 Thesis Statement

This thesis represents research done in a variety of fields. The main ones being robotics,
state estimation and control. The thesis aims to show through the cooperative target track-
ing of a mobile ground target that using multiple models to represent target motion in a
distributed way improves target estimation over conventional methods of estimation and
distribution of information. Furthermore, the thesis aims to use this method of state esti-
mation for the cooperative control of a team of UAVs, once again in a distributed manner,
for tracking in formation flight with the goal of improving the UAVs collective response to

an evasive target, while at the same time accounting for the possibility of occlusions.

1.2 Objectives

The main goal of the research aims to develop, implement and test novel algorithms
in state estimation and control necessary for a team of UAVs to track an evasive ground
target. As a result, three objectives can be made. The first objective is to configure a real
time testing platform using UAVs for indoor and outdoor flights. The second objective is
to implement a state estimation algorithm that combines information from different UAV's
using multiple models to describe the target motion and is incorporated into a distributed
extended Kalman filter. The final objective is to use the estimate and info generated from

the state estimation algorithm for control. This control objective requires the UAVs to



follow the target while at the same time maintaining a formation and avoiding collisions

with each other, through the use of a distributed model predictive controller.

1.3 Contributions

There are three main contributions presented here. The first pertains to the RMC lab
and the field of robotics. It is the ground up implementation and configuration of the three
AscTec Pelicans, and all the subsystems which make it a reliable testing ground for novel
research algorithms.

The second contribution is to the field of state estimation, where a novel algorithm
is presented in Chapter 4. The algorithm incorporates the EKF with the use of multiple
models in a distributed network of UAVs, for the purpose of target tracking. It is shown
through indoor tests that the algorithm improves the state estimation accuracy of the single
model equivalents as well as other commonly used multi model approaches.

The third contribution is a novel multiple model MPC, where once again a distributed
network of UAVs tracks a target. The use of multiple models for MPC in this context and
for the tests done, shows that the algorithm does not significantly improve performance.
However, more testing is needed to validate these results. This validation is carried out

through both simulation and indoor flights.

1.4 Outline

The remainder of the thesis is divided as follows: relevant terminology, the area of re-
search and general mathematical formulations are found in Chapter 2, the methods used
are discussed in Chapter 3, the Multiple Model Distributed EKF (MMDEKF) is presented
in Chapter 4, the Multiple Model Distributed MPC (MMDMPC) in Chapter 5, and a con-

clusion of the thesis is done in Chapter 6.



Chapter 2

Background

In this chapter, the general terminology and definitions employed in this research do-
main are identified and explained. In Section 2.1, the various types of UAVs will be ex-
plained. In Section 2.2, the different strategies and distributions used for cooperating UAV's
are discussed. In Section 2.3, the general concepts of target tracking are expanded upon. In
Section 2.4, the equations and theory behind the conventional EKF are presented. In Sec-
tion 2.5, theory behind modelling and system identification are discussed. In Section 2.6,
equations and theory of MPC are presented. Finally, in Section 2.7, the intended research

area and scope of the thesis is specified.

2.1 UAV Classes

UAVs can be found in a variety of sizes and configurations. For the purpose of the
thesis it is important to make the distinction between two main divisions of UAVs. That is,
fixed wing UAVs and rotary wing UAVs. Depending on the UAV chosen, there are different
flight characteristics available to the user. This thesis focuses on rotary wing UAVs, which
are also known as Vertical Take Off and Landing (VTOL) UAVs [7]. By focusing on VTOL
UAVz, it is assumed throughout the formulations presented here that the UAVs can hover
and that the direction the UAV is facing can change without affecting its direction of travel.
Therefore, although the algorithms presented here can be easily altered for the fixed-wing

case, they should be considered for use with VTOL UAVs primarily.



2.2 Cooperative UAVs

The general idea behind cooperative UAVs is to have multiple UAVs share relevant
information through a network in accomplishing one or more tasks [8]. For example, in a
tracking scenario, UAVs can share estimate’s of the target’s position in order to track it more
effectively. Furthermore, cooperative strategies incur less cost because many UAVs with
inexpensive equipment that can be easily reproduced outperforms a single more expensive
UAV with the best sensors [9]. Moreover, having multiple UAV's allows the mission to be
completed regardless of if one of the UAVs malfunction or get taken out [10], due to the
redundancies inherent in having multiple UAVs. Another advantage is improved efficiency
in tasks where having multiple UAVs reduces the mission time, such as a search mission.
Lastly, in any mission where there are multiple tasks that can be completed simultaneously,
for example, tracking multiple targets, UAV cooperation becomes an asset [11].

The way information is distributed among the UAV's determines the type of cooperation
they will have with each other. There are three main types of information distributions of
UAVs: centralized, decentralized and distributed; as shown in Figure 2.1 [12]. Distribu-
tions are also commonly referred to in the literature as communication topologies. The
first type of distribution is known as a centralized approach. This is where information
flow is directed between one main UAV or a Ground Control Station (GCS) and the other
UAVs. Consequently, the follower UAVs only obtain information about other followers
through the leader or the GCS [13]. Advantages of this type of distribution are that it is
easily manageable and is coherent. However these distributions are not really scalable or
fault-tolerant. In the decentralized approach there is no leader or main hub through which
information is passed through first. In fact, in completely decentralized network, UAVs
do not share any information at all. A decentralized distribution is easily extensible and
fault-tolerant. It can also be scaled better than a centralized approach, as it does not depend
on the capacities of the leader [14]. For a distributed topology, as in Figure 2.1(c), agents

can share information and measurements between one another. Other types of distribu-
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Figure 2.1: (a) A centralized topology (b) A decentralized topology (c) A distributed topol-
ogy

tions, such as ring or hierarchical [15], they essentially represent different degrees of the
distributions presented here.

In UAV cooperation there are also the notions of flocking, as seen in the real world from
schools of fish or flocks of birds, formation flying and standoff tracking. A group of agents
is said to be flocking when three rules are met [16]. The first is known as cohesion and refers
to flockmates attempting to remain nearby other flockmates. The second is separation,
which is essentially represented as collision avoidance. The last rule is alignment, where
flockmates attempt to match velocity with nearby flockmates. Thus, the only restrictions on

a flockmate’s relative position to other flockmates is that it remains near the flock without



collision. This in turn implies that a flockmate’s neighbors can continuously be changing.
This is the main differentation with formation flight, where agents have a specific position
in the formation and must maintain that position [17]. Standoff tracking is when the team
of UAVs has certain constraints put on their movements. Common examples of this include
ensuring that the camera is always fixed onto the target or ensuring that the UAV's maintain

a specified distance from the target [18].

2.3 Target Tracking

Target tracking refers to the attempt of maintaining an estimate of the target’s position
at all times [19]. Target tracking can be divided by whether it is mobile target tracking or
mobile multi-target tracking. Thus, the distinguishing feature between the two groups is
the number of targets. As the thesis aims to put more emphasis on the cooperative state
estimation cooperative control aspect of the UAV target tracking problem, it will focus on
implementations using a single target, as implementations with multiple targets generally
become a task assignment problem [20]. In other words, with multiple targets, the major
problem addressed in research is deciding which UAV will track which target(s). In UAV
target tracking, there is also distinctions made between tracking a ground target and an
aerial target.

Successfully implementing cooperative UAV target tracking is dependent on the imple-
mentation of two sub-tasks. They are state estimation and flight coordination [21], both of

which require some form of sensing (see Figure 2.2).

2.3.1 Sensing

The ability to track a target well relies heavily upon the sensor suite available on each
UAV. The solution presented here makes use of a vision sensor (i.e. camera) oriented

towards the target. Using a vision sensor necessitates some form of computer vision in
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Figure 2.2: Dependencies among the three main sub-problems involved in cooperative
UAV target tracking.

order to extract relevant information from video frames, such as identifying and positioning

the target in each frame.

2.3.2 State Estimation

Information on both the target and UAV states, usually consisting of some combination
of orientation and position, are obtained from sensing data. Final estimates of the states are
then obtained from what is known as a sensor fusion algorithm. These algorithms usually
consist of some form of vehicle modelling and subsequent integration with sensor data and
filtering [22]. The state estimates are then sent to a flight controller or planner for use in

flight coordination.

2.3.3 Flight Coordination

With state estimates, flight coordination attempts to determine a flight path that adheres
to some predefined constraints. These might include coverage problems, where the UAVs

could for example attempt to maintain the largest field of view collectively as possible. Or



they might include problems like the controls involved in ensuring that at least one UAV
always has a line of sight with the target. In other words, the process of flight coordination
involves controlling the UAVs, as a group or individually, in order to obtain a desired
objective. Flight coordination implementations depend heavily on the type of cooperation

adopted (distributed, decentralized and centralized).

2.4 Kalman Filtering

There are a variety of possible state estimation algorithms to choose from. For the
typical Global Navigation Satellite System (GNSS) and Inertial Measurements Unit (/MU)
fusion, the KF and its derivatives are a common example [23]. On the other hand, when
cameras are involved, state estimation implementations other that a KF could include Image
Based Navigation (IBN) [24], Visual Odometry (VO) [25], optic-flow based algorithms [26]
or even Terrain Relative Navigation (TRN) [27]. Lastly, state estimation based off of range
sensors, like LIDAR or ultrasonic are also possibilities [28].

The thesis focuses on Kalman Filter based approaches because for a linear system,
the Kalman Filter is the optimal estimator [29], making it one of the more popular state
estimation approaches. However, as many applications are not linear, two major derivatives
of the Kalman Filter have been produced: the Extended Kalman Filter (EKF) [30] and
the Unscented Kalman Filter (UKF) [31], where more information can be found in their
respective references. Both these derivatives aim to approximate nonlinear models, but
in different ways. The EKF uses linearization through the use of Jacobians whereas the
UKF uses what is known as the Unscented Transform. There have been many studies
comparing the performance of the two methods [32] [33] [34] [35]. Although the field of
state estimation is still undecided as to which method is the best there are several advantages
associated with each. For example, the EKF only provides a first order approximation of

the linear system while the UKF provides a second order approximation. On the other



10

hand, the EKF is much older and has a lot of flavours present in the literature for robust
implementations of specific applications, while the UKF does not. This is the main reason

for using the EKF as the basis of the state estimation algorithm developed in this thesis.

2.4.1 The Extended Kalman Filter

The formulation is taken from [36]. It begins with the definition of a state space model

as

x(k) = f(x(k—1)) +b(k), (2.1)

z(k) = h(x(k)) + d(k), (2.2)

where the function f predicts future states based on a model and the function / takes the
states to the measurement space. Both b(k) and d(k) are Gaussian noise with covariance
matrices () and R, respectively. Furthermore, in this case, the initial state is determined

from the measurement z(k) of the target as

x(0) = h™'(2(0)) (2.3)

P(k) = P(0). (2.4)

Then following equations are carried out in sequence

x(k)” = f(x"(k=1)) (2.5)

P~ (k)= FE)PT (k- 1)Fk)"+Q. (2.6)



11

Equations (2.5) and (2.6) form what is know as the prediction or a priori step of the filter.

Furthermore, F'(k) can be found by taking the Jacobian of f(-) as

_of

F(k) = Ox |x(k-1)

2.7)

Next is the measurement update step (also called the a posteriori step), after receiving a

measurement z (k). The relevant equations are

K(k)= P~ (k)H(k)" (H(k)P~(k)HT (k) + R(k)) ", (2.8)
H(k) = g—i e 2.9)

XF(k) =% (k) + K (k) (2(k) — h(x(k))) (2.10)
P(k)t = (I — K(k)H(k)) P(k)". @.11)

Equations (2.5)-(2.11) are repeated for each time step k.

2.5 Dynamic Modelling and System Identification

In the case of traditional MPC (more info in Section 2.6), how well the model represents
the vehicle it models impacts the performance of the controller, as MPC uses this model
to predict future control inputs needed [37]. There are several different methods that can
be used to identify a model but three of the main ones are first principles techniques, ex-
perimental and system identification. This report will proceed to explain all three methods

and subsequently go into further detail with the first principles and system identification



12

techniques.

In the first principles domain, the ranges of models vary from nonlinear fully coupled
to nonlinear decoupled to linear decoupled and everything in between. Use of a model
based on first principles is common. For example, references [38], [39], [40], have all used
models derived solely from first principles techniques for control of VTOL vehicles.

The experimental method is a mix of first principles and the determination of physical
parameters through experimentation (like drag coefficients for example). VTOL research
that has used this type of modelling can be observed in [41], where a nonlinear model for a
helicopter was experimentally determined. Another example can be found in [42], where a
linear-parameter-varying model was developed for an unmanned helicopter.

The last method to consider is that of system identification, where the model of the
vehicle is determined from a desired fit based on the input output relations of the vehicle.
Methods for system identification in UAVs differ between time domain and frequency do-
main techniques. An example of the former is the Matlab System Identification Toolbox,
which was used in [43], and approximates a linear model. In the latter, one of the more
common tools for VTOL vehicles is the Comprehensive Identification from Frequency Re-

sponses (CIFER) tool developed by NASA’s rotorcraft division [44] [45].

2.5.1 The UAV Model

2.5.1.1 Deriving From First Principles

There are many ways to achieve an accurate dynamic model of quadcopter dynamics.
This report will attempt to derive a state space representation for the angular and linear
accelerations of the quadrotor in terms of some inputs to be defined. The derivation of
the quadcopter dynamics begins with the work presented in [46]. The commonly used

quadrotor conventions are depicted in Figure 2.3.
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v
3

Figure 2.3: The direction of rotation of the individual motors of the UAV. Also the com-
monly used naming convention of said rotors.

In rigid body dynamics, the motion of the vehicle is defined by the sum of its forces f;;
and that of its torques m,,;. For the sum of forces, the drag component is identified as fq,
the thrust component fas and the gravitational component f,. They are given by equations

(2.12)-(2.14) respectively.

fao=—Dar-CP"|Jv" —“v"||(v — “v) (2.12)
T
fv = [0 0 -4, fi] (2.13)
T
fo=m-Cy - [0 0 g] (2.14)

where v and v are the linear velocities of the quadrotor and the wind respectively. f; refers
to the individual thrust forces of the quadrotor motors. Lastly, m and g are the mass of the
quadrotor and the gravitational constant, respectively. D, r is a matrix of drag coefficients

for the force and C}" is the transformation matrix between the quadcopter base frame b and
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some global frame w. From [47], this transformation matrix is given by:

T
CoCyy  SpSeCpsi — CpSyy  ChpSHCy + S¢Sy

Cy = CoSy  SpSeSpsi T CpCy  CySeSy — SeCy (2.15)

—Sp S¢Co CypCo

where ¢ and sy are the sin(-) and cos(-) functions. Furthermore angles 6, ¢ and 1) are
the Roll, Pitch and Yaw (RPY) angles of the quadrotor, respectively. Next, using Newton’s

second law

frot =m Qy :fg+fm+fd

Qa
_0 0
=m 0| + 0 — Dy - Gy - [[o° = 0’| (v — “v)
E —Xi1fi
Qg 0 0
S| = lo[+a | 0 | =2t — o) @16
a, g _E?:lfi/m

where a,, a, and a represent the , y and z accelerations of the quadrotor. Similarly, the
torques can be further subdivided into the drag moment m, the electromagnetic moment

m., the mechanical moment m,,, and the moment due to the thrust of the motors 1m,,. They
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are given by equations (2.17)-(2.20).

mg = —Dar - |||’ (2.17)

me = Wiy (2.18)

M = kp - by (2.19)
(fa—f2) -l

mj, = (fi—f3) - lu (2.20)

—M1 + Mo — M3 + My

where Dy j/ 1s the matrix of drag coefficients for torques, w is the angular velocities of the
quadrotor, the flux is W, the thrust of a motor is ¢7, [, is the distance between a rotor and
the base frame, 7 4 is the anchor current and m; is the moment of motor ¢. For the derivation
in this thesis only the moments due to the thrust of the motors are considered because they
represent the major components of the total moment acting on the vehicle. Also, we have

from [47] that the overall moments can be given by

je 0 0| |wh 6° j. 0 0] |6
mi, =10 j, 0| |t + |6t x |0 4, 0] ]|¢ 2.21)
0 0 j.| |« o 0 0 g [¢

where m;,, is the moments in the UAV frame or reference. j.) are the moments of inertia in
their respective directions. Similarly, 6°, ¢* and 1/ are the euler angles in the robot frame.

Neglecting drag equation (2.17) and equating equation (2.20) and (2.21) yields

(fa—f2) " Im jr 0 0] |wh 0 j. 0 0] |6
(fi=f3) b =10 g, Of [Wh| +[0"| X |0 4, O] [¢
—MmM1 —+ Mo — M3 + my O O jz wé’, ¢b 0 0 jz ¢b

(2.22)
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Rearranging,
o | | Uy = 32)0"¢" (fo= f2) - ln/Ja
wg | = | Gz = 3)0"" /gy | + (fr = fs) - lm/dy : (2.23)
Wzbﬁ (Je — jy)9b¢/jz (=my +mg —mgz +my)/J.

For the next step, the small angle approximation is used, which holds true in a nominal
range around hovering and which is suitable for most quadrotor flights. With this approxi-
mation, the angular accelerations in the body and inertial frames can be equated to finalize

our model

Qg (Jy — J=)wowy/ jx (fa— f2) " lm/Jo
ag | (jz o jx)W¢OJ¢/jy + (fl - f3) : lm/]y (224)
Qg (Jo — Jy)wowe/j- (—my +mg —ms +my)/j.

Next the inputs to the quadrotor are defined. Traditionally, u, is defined as the pitch force
resulting from f; — f2, ug as the roll force f1 — f3, uy is the yawing moment —m; + mg —
ms + my. The final input is the sum of the upwards thrust produced by the quadrotor,
uy. Substituting these new inputs into equations (2.16) and (2.24), the final first principles

model is obtained

Qg 0 0
a,| = 0] +CY 0
a, g ur/m
D
el CY - v° —“o’|(v — "v) (2.25)
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and for the angular accelerations

Qg (]y - jz)weww/jx Uy - lm/]a:
ag | B | (Js — Je)wewe/dy | + | e - lm/dy | - (2.26)
Qy (]x - jy)w¢w9/jz uw/jz

2.5.1.2 Using System Identification

In reality, identifying inertial and mass parameters is a difficult process and dependant
on the quadrotor being used. For that reason, researchers also use system identification
to develop a model of the quadrotor. For proper identification, one must first have the
quadrotor fly over a range of inputs so that the identified model can accurately identify
parameters over the desired flight ranges. Thus, for a position controller, having the UAV
fly according to step inputs in = and y would suffice. For this flight, the input at time
k would be recorded, denoted w(k), and similarly the measured outputs, denoted z(k).
Additionally, the states of the system are written as @ (k). This derivation is done only in
the x coordinate, but a similar procedure is used to identify y coordinate, assuming there is

no correlation between the two. Thus, a state-space representation exists as follows

x(k) = Ax(k — 1) + Bu(k — 1) (2.27)

z(k) = Hx(k) (2.28)

where A and B are the dynamic matrix and input matrix, respectively. H is the measure-

ment matrix. The input vector (k) is defined as
T
u(k) = {um uy} (2.29)

where x and y are the positions the UAV should fly to, in the global frame, as determined

from an MPC controller in this case. For position control in z, two states are identified: the
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x position, and its speed v,. Therefore, equation (2.27) can be expanded as

X ajl ai12 X bl
= + up(k —1). (2.30)

Vg Q21 22 Vg by
k k—1

In this case, a;; and b; represent the 7" and j'" entries of the matrices A and B, respectively.
There exists different ways to identify these parameters, but this thesis explains the method
of linear least squares [48] to find the best fits for the matrices A and B. The algorithm
functions by essentially minimizing the error between the model and the outputs. That is,
given a matrix of states and inputs, denoted Gz, a vector of the parameters to be identified
w, and a vector of outputs to the system in question, I, the algorithm attempts to find the

optimal w for the optimization problem
1 2
argm1n§|]Gw—lH2. (2.31)

For the identification procedure, the UAV flies at step input in x, that is for example from
0 m to 1 m in the global frame. Also, assume that n input-output samples are gathered
for the flight. Next, for simplicity the identification is split into two sub-problems. More
specifically, consider solely the first row of equation (2.30), that is the parameters a1, a2
and b;. A symmetrical problem can be solved for the second row of equation (2.30). With n
samples, starting at sample n = 1, the output x positions are obtained by simply truncating

the first sample

L=12(2) 23) 2(4) ... 2(n—1) z(n) : (2.32)

1x(n—1)
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Similarly, the matrix G is obtained by truncation of the n'" sample

G = . _ . . (2.33)

x(n—2) vy(n—2) uy(n—2)

_:B(n —1) ve(n—1) ug(n— 1)_ )3

With these definitions, a vector of unknowns for the first row of the problem is given by

T
w; = |:CL11 ai2 b1:| ) (234)
1x3
yielding the final equation
l(nfl)xl = E(n71)><3w3><1 . (2.35)

The process is then repeated for the second vector of unknowns,

T

wo = |:CL21 a9 b2:| . (236)

1x3

2.5.2 Target Model

For the target model, only first principles methods are discussed in the thesis, as using
multiple target models to match the motion of a single target is one of the major premises
of this work. Note however that if there is a priori knowledge of target, as in what type
of vehicle it is, then it is possible to use similar system identification methods described
in Section 2.5.1.2. In this thesis, there are three models that will be used consistently

because they appear most often in target tracking literature. They are the Constant Velocity
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(CV) [49], Constant Acceleration (CA) [50] and Coordinated Turn (CT) [51] models. The

constant velocity model of a vehicle has the following discrete state space:

T T+ v, Ty
Y y+uv s
Vx(k) = = !
Vg Uy
A7 PR T O P
T 1 01, 0 T
Y 01 0 T Y
= —
Vg 00 1 0 Vg
Uy i _O 0 0 1 I Uy | 1

=0 x(k) £ OV IV x(k ~ 1)), @37

where T} represents the sample time, = and y represent position and v, is the speed in the
appropriate direction. The subscript g refers to the target.
The second UAV will adopt the CA model, which with similar manipulations to equa-

tion (2.37), is given by

Cx(k) = SUF(k — 1D)Sx(k — 1)

g g

= Chx(k) 2 4 (k= 1)), 238)

g g
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with
x 10T, 0 T2/2 0
y 01 0 T, 0 T2
Vg 001 0 T, 0
Clx = SAFP(k—1) = ,
vy 000 1 0 T,
g 000 0 1 0
ay 000 0 0 1

where a (. is the vehicle’s acceleration in the respective direction.
Lastly, the CT model will be used by the third UAV. Namely, with a turn rate w, the
model is described as follows

ng(k’) = ?TF(w, k— 1)gCTx(k - 1)

=x(k) £ T F(x(k - 1)), (2.39)

g g

with

T
CTy _
gx—{x Y Vg Uy w}

1 sin w7 0 _1—coswTys O

0 coswiy 0 —sinwily 0
cT _ —cos wTs sin wT

0 sinwl, 0 coswT, 0

- - k-1

where the value for w used is that at time step £ — 1. Note that in this case the prediction

matrix is nonlinear.
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2.6 Model Predictive Control

MPC is has become a popular choice as a practial control scheme [52]. In the general
discussion of MPC, a dynamic model is used to predict the future behaviour of the target
according to its current state. These states and inputs are propagated through the model
over a certain number of time steps, usually called the prediction horizon. Having the
desired end-states of the vehicle and the aforementioned predicted states allows for the
optimization of a trajectory to have the UAVs follow. Thus, the MPC problem is also
commonly viewed as an optimization problem where the inputs needed to reach the desired
end-states are minimizers over the entire horizon. Furthermore, by formulating the control
as an optimization problem, the solution can be constrained to achieve certain performance
standards. A common example could be to constrain the distance of a UAV to the target,
known as standoff tracking. There are some drawbacks to MPC however, which relate to
the computation time required for an optimal input and the need for a model. One major
problem is the nature of the objective (or cost) function being minimized. If the objective
function is not convex, it may take longer for the optimization to achieve a globally optimal
estimate and in some cases, depending on the type of optimization algorithm used and the
nature of the objective function, only local optimality might be guaranteed. On the contrary,
if the objective function is convex, it can be guaranteed that there is indeed a single global
maximum or minimum [53]. Furthermore, the traditional MPC controller needs a model
of the vehicle motion in order to accurately predict the impact of current control decisions.
Thus, the control relies heavily on the accuracy of the model and if not identified properly
can worsen the controller performance. It should be noted that recent advances in MPC
have led to a derivative known as robust MPC, where model and plant mismatch are dealt
with through the consideration of process and model uncertainties, resulting in a more
stable response [54]. However due to its simplicity of implementation and the amount of

previous research done on traditional MPC, its formulation is presented here.
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2.6.1 Problem Formulation

The typical optimization based approach consists of N UAVs tracking a target over
time. Furthermore, the target has a dynamic model, typically used in the optimization of a
cost function, which is denoted here as JJ and which uses the current states of the target and
UAVs as well as the inputs to the UAVs to optimize the future inputs of the UAVs over a

specified horizon, denoted h. Thus,

u*(k) = argmin J (2.40)

u

where
T
A

u=uk) uk+1) --- ulk+h) (2.41)

contains the inputs over the horizon required for the UAVs, beginning from time step k

2.6.2 Cost Function

In reality, there are a variety of cost functions currently employed in the literature,
depending on the criteria being optimized, as will be seen in Section 5.2. In this section
however, a sample MPC implementation for a target tracking UAV is expanded into much
greater detail. Although the controller is identified for a single UAV here, it can easily
by scaled for the N UAVs in a distributed network. This section has the sole intent of
informing the reader of the basics of MPC.

First, assume that the UAV is trying to maintain its position over the target at a constant
altitude. This simplifying assumption allows the MPC controller to use the current estimate
of the target’s xy position as the UAVs desired xy position. Next, a linear model is adopted

for the target dynamics, which determines the reference trajectory, as in the following state
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space representation

oX(k) = Ax(k - 1), (2.42)

where recall that the subscript g refers to the ground target, x(k) is state vector of the target,
and can vary depending on which model has been adopted (i.e. CV, CA or CT), all at time
step k, respectively. Then, given an initial measurement (from an EKF for example) of the

ground target, ;X" (0), with a horizon over which to optimize, &, there exists the following

relationship
o8 = gAX"(0) (2.43)
where
T T
S5 x(1) x(2) - x(h) GAE A A2 A :
1x(o-h) ox(o-h)

where o is the number of states in the target model. Thus with equation (2.43), the state
of the target and consequently the desired position of the UAV can be predicted at each
iteration. For the UAV, similarly a linear model is adopted, as in the one that was adopted

through system identification (see Section 2.5.1.2)

x(k) = Ax(k — 1)+ Bu(k — 1) (2.44)

where a similar relationship exists

§ = Ax(0) + B (2.45)



where

1x(p-h)
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B 0
AB B 0
A1 AP2R B
- 4 (s:-h)x(s-h)
T
M2 lu(0) u(1) u(h)
1x(s-h)

where p and s represent the number of states and inputs respectively for the UAV model.

With the UAV states and target states over the entire horizon, the cost function to be mini-

mized can be defined accordingly. Defining the reference sequence for the UAV to follow

as x,(k) £ ,x(k). The cost function at time step k over horizon  is defined as [55]

I(x(k), u(k), x(k)) = (§ — 4§)" Q(§ — %§) + M"RM

B Rt
x(k+1) — x(k+1) 0

0
x(k+h) — gx(k+h)] | 0
L | (R 0 o
u(k +2) 0 R(2) 0

0 0

u(k+h)| [0 0 0

| x(k+h) — gx(k+h)

(u(k +h)

(k) — x(b+ 1)
x(k+2) — jx(k+2)

(2.46)

where u(k) is the inputs to the UAV at time step k. The weighting matrices Q and R
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associate a cost with certain time steps and parameters as follows

R(shyx(sh) = diag {R(l) R(2) R(h)]
where
Q(k)pxp =diag [Ch G2 - Qp}
R(k)mxm =diag {7’1 To - Ts:|

for a UAV with s inputs to optimize and p states. The diagonal elements of these matrices
are positive real constants. In most cases however, and as will be the case of this example,

the individual weight matrices are usually equal to one another, that is

Q) =Q2)=-=Qh) =£Q,

Finally, using the above simplification, the final form of the cost function can be written as

J(x(k), u(k), gx(k)) = [(x(1) = x,(1))"Q(x(1) = %(1)) + u(l)" Ru(1)]
= Z D) Q(x(l) — gx(I)) + u()"Ru(l)].  (2.47)

To form the optimization problem with this cost function, note that the optimizer is the

inputs to the system, u. We would like to minimize these inputs over the horizon according
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to the states x. Thus the problem may be posed as

u* =argmin J(x(k), u(k), ,x(k))

u

subjectto x(k) = Ax(k —1) + Bu(k — 1) (2.48)

Umin S u S Umaz

where ,,;, and u,,,, form the range of allowable inputs [47]. Typically, at each time step,
the first optimized input, that is uj € u* is used as the control input and the optimization
process begins once more.

The above formulation is for a single UAV tracking for a target. This formulation is
expanded to a Distributed MPC (DMPC) for the multi-UAV case in Chapter 5, where now

a team of UAVs capable of sharing information track a mobile ground target.

2.7 Intended Research Area

Now that that an overview of the major theoretical areas of the thesis have been speci-
fied, this section will narrow the scope of the project accordingly. The general background
concepts introduced in this Chapter are listed and the chosen approach is identified in Table
2.1.

Thus, the general area of research can be expressed precisely as: Distributed EKF esti-
mation and MPC of VTOL UAVs for formation tracking of a mobile ground target through
use of both system identification and first principles techniques.

Although the targeted area has been defined above, based on the resources available
there are several more specific constraints and simplifications that were imposed on the
developed solutions, for the intention of narrowing the scope of the thesis. Many of these
constraints involve the type and the number of UAVs employed. Other constraints may

include geometric constraints imposed by sensor placement, such as the camera location
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Table 2.1: Problem Summary and Specifications

Sup-problem Approaches Chosen

UAV VTOL, Fixed-wing VTOL
Distribution Centralized, Decentralized, Distributed Distributed
Cooperation Flocking, Formation, Standoff Tracking Formation
Target Type Ground, Air vehicle Ground Vehicle
Target Number Single, Multiple Single
Estimation KF, EKF, UKEF, VO, etc... EKF

UAV Model First Principles, System Identification System Identification
Target Model  First Principles, System Identification First Principles
Control MPC, Game Theory, etc... MPC

and orientation and whether or not these aspects can be varied [56]. Computation power

constrains the complexity of algorithms capable of being performed on-line [57]. The

airspeeds at which the vehicle is allowed to fly at could be a constraint as well [58]. Con-

straints imposed by the target should also be considered and is why modelling target motion

is a field of research in itself [59]. For example, whether or not the target is evasive can

have impacts on the type of solution chosen. These constraints are all addressed in the final

solutions.



Chapter 3

Methodologies

This chapter details the specifics of the final implementation details used in this work.
Note that as is detailed in Chapter 1, one of the overall aims of the thesis is to provide a
comprehensive outdoor multi-UAV testing environment. Although this objective was not
achieved, as no outdoor flights were conducted, there were several steps taken in order to

progress towards the objective, which are detailed here.

3.1 Implementation
3.1.1  VTOL UAV Choice

A standard VTOL UAV used in the literature is the AscTec Pelican. The reason being
that it comes ready to use with the Robot Operating System (ROS), a commonly used
middleware for robotics. Furthermore, both the hardware and the software can be easily
customized to meet the needs of the thesis. Three of these quadrotors were used in both

simulation and live experiments.

3.1.2 Software

As the thesis aims to develop primarily a new state estimation algorithm and a new
control law for UAV cooperation, there were several other software requirements necessary

in order to achieve a fully functioning experimental test bed.

29
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3.1.2.1 UAV Attitude Control

The AscTec Pelican comes pre-installed with a Proportional Derivative (PD) attitude
controller on the Low Level Processor (LLP). This will be the lowest level of control present

on the final implementation.

3.1.2.2 UAV Position Control

For individual UAV position control, existing software known as the AscTec Mav
Framework will be used. The framework includes a high level position controller which
uses input-output linearization accompanied with separate Proportional Integral Derivative

(PID) control for the longitudinal, lateral and vertical axes of the UAV [60].

3.1.2.3 UAV State Estimation

A 25 state Extended Kalman Filter will be used for on board state estimation. The filter
is compatible with the position controller. More information can be found in [61]. The
filter performs fusion of the Pelican IMU data with various types of sensors, depending on
the application. For example, this thesis performs Optitrack/IMU fusion for indoor flight

and GNSS/IMU fusion for outdoor flight.

3.1.2.4 Computer Vision

The aspect requiring computer vision was the identification and interpretation of target
camera data. As this thesis does not focus on computer vision, generic algorithms and
libraries were used. The library is known as Aruco ROS, and it functions by identifying an
Aruco marker of a known type and dimension. From this information it returns the relative

position of the marker in the camera frame [62].
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3.1.2.5 Target State Estimation

This is one of the two main contributions of the thesis. The target state estimation will

be carried out through a multi model DEKEF, as detailed in Chapter 4.

3.1.2.6 UAV Trajectory Generation

The UAV trajectories are the second major contribution of the thesis. Through the use
of a multi model DMPC, separate UAV trajectories are computed in real time, as detailed

in Chapter 5.

3.1.2.7 Ground Control Software

For indoor flights, no particular software was used. In outdoor flights, a readily avail-
able software for managing outdoor flights is QGroundControl. However the outdoor im-

plementation never made as far as the implementation of this software.

3.1.2.8 Communication

For distributed estimation and control, a key concept is communication, both how in-
formation is communicated and what information should be communicated. Here, only
the former is discussed. For indoor flights a wireless network, accompanied with the multi
master framework were used. In outdoor flights, each pelican and the ground station were
given XBEE modules. The appropriate wrappers for the modules were coded and tested
[63]. Note that for the final implementations of the algorithms presented here, each iteration

resulted in a UAV sending out on the order of 50 bytes of information.

3.1.3 Hardware

Having experiments implies a need for several hardware components, listed below.
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3.1.3.1 Target Choice

For indoor experiments, the Turtlebot was programmed to follow several different
paths. For outdoor experimetns, a Remote Controlled (RC) Clearpath Husky was prepared.

Both robots are compatible with ROS.

3.1.3.2 Sensing

For the Pelican, there are a variety of on-board sensors available for use and integrated
into the previously mentioned software packages. More specifically, the Pelican is outfitted
with an IMU, a camera and barometer for indoor flights. For outdoor flights, GPS was

integrated.

3.1.3.3 Optitrack

Since indoor flights represent a GNSS-denied environment, in order to replicate outdoor
flights a positioning system known as Optitrack was used, providing accurate pose data of
the Pelican in real-time. The Optitrack system consists of 24 infrared cameras that detect
markers attached to the UAVs and target. Through calibration of the system and different
marker placement arrangements, each UAV’s position and orientation is streamed over a
wifi network. The system is able to keep track of the different UAVs based on a marker
arrangement of 4-6 markers per UAV, which is defined by the user and differs from UAV
to UAV. From the marker arrangement the Optitrack system returns the center of gravity of

the UAV, to an accuracy on the order of millimeters [64].

3.1.3.4 Ground Control Station

For indoor flights, a GCS has been added in the form of a laptop with SSH capabilities
through a wireless network to which the Pelican automatically connects to. For outdoor

flights, a similar laptop was outfitted with an XBEE module for serial communication.
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3.2 Validation

The resultant algorithms, written in a combination of C, C++, Python and XML un-
derwent various levels of validation, be it simulation or indoor experiments, with the final

intention of an outdoor experiment.

3.2.1 Simulation

The simulation environment used is known as VREP [65], which is compatible with
both MATLAB and ROS. Together they form a comprehensive real-time simulation envi-

ronment.

3.2.2 Experimental Setups

This subsection overviews the different experimental setups used to validate the differ-

ent algorithms present in this work.

3.2.2.1 Indoor Setup

Indoor flights held at Royal Military College of Canada’s (RMC) robotics lab. An
overview of the different systems involved are given in Figure 3.1 and the actual imple-

mentation is shown in Figure 3.2.
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Figure 3.1: Hardware and software implementations for the indoor experimental setup.
Each Pelican has two main locations where computation is done, the HLP/LLP unit and
the AscTec Mastermind. There is also a ground control station which monitors the UAV's
through SSH protocols. The optitrack computer and the inter UAV communications use a
multicast interface.
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Figure 3.2: On the left, the main hardware components of the AscTec Pelican. The on
board computer (AscTec Mastermind) runs the ROS framework and algorithms (Computer
Vision, State Estimation, Transform Tree, Multi-Master Framework, Position Control),
whereas the High Level and Low Level Processors (HLP and LLP respectively) handle
the attitude control and gimbal orientation.

3.2.2.2 State Estimation Experimental Setup

In this particular problem, a team of 3 VTOL UAVs was considered. The UAVs are
equipped with a global positioning sensor, such as GNSS or in the indoor case Optitrack.
To detect the target, each UAV has an on-board monocular camera with accompanying
computer vision software, capable of determining the relative position of the target in the
camera frame. At a height of 1.5m off the ground, looking straight down the field of view
of the camera is approximately 1.2m going front to back (x in the body frame) for the UAV
and 0.9m going side to side (y in the body frame) for the UAV. Additionally, the camera
can be oriented towards the target in both pitch and roll, through use of a Pan-Tilt Unit
(PTU) (see Section 3.3). Lastly, the UAVs can communicate with each other any necessary
information, however lossless communication is not assumed.

The target being tracked is an evasive mobile ground target capable of acceleration, with
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a maximum speed not exceeding that of the UAVs. Furthermore, it is assumed that there is
a single target of interest to track. The systems and their interactions for a single Pelican are
shown in Figure 3.3. All modules are interfaced through ROS. Furthermore, the transform
tree node transmits relevant rotation matrices and translation vectors between predefined
coordinate frames of interest, like between the UAV frame and the camera frame. Further-

more, the indoor experimental set-up is shown in Figure 3.2

Onboard AscTec Pelican

S Y
Optitrack/GPS Pan Tilt Unit Computer Vision 1A
. ruco
—_— ‘-—\—J \—7 Measurement
—_— ,—’—\ —_— Send and Receive
UAV State 1.  Measurement Update
Estimator > Transform Tree 3 > Multi Model DEKF a. Aruco Data
b. Transform Data
S — —
2.  Model Selection
a. State Estimate
b. Residuals
1. Pose Data

./"‘\‘
Other ]
\ UAVs
.

Multi Master/XBEE

Figure 3.3: System overview for an AscTec Pelican. In indoor tests, Optitrack and the
Multi Master framework are used for UAV position data and inter-UAV communication
respectively, transmitted through a local wifi network in the lab. GNSS and the XBEE
module are the outdoor equivalents.

3.2.2.3 Control Experimental Setup

There are only a few changes between the state estimation and control indoor experi-

mental setups. The resultant system overview is shown in Figure 3.4.
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Figure 3.4: For the control setup, the controller being tested, that is the multi model MPC
has been added. Furthermore, UAVs now share their own position and velocity estimates.

Now that there is a controller, the UAVs are no longer hanging from the ceiling. Another
change to the setup is that UAVs now share their position and velocity estimates as well,

for reasons that will be seen in Chapter 5.

3.2.2.4 Simulation Setup

To test the controller with multiple UAVs, VREP in coordination with MATLAB was
used. The corresponding simulation setup is shown in Figure 3.5. Furthermore, the general
appearance of the simulation environment is shown in Figure 3.6. VREP is a real-time
simulation environment where models of UAVs can be imported and flown by specifying
attitude commands. Furthermore, these models are represented fully in 3D and can there-

fore be subject to collisions should they occur.
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Figure 3.5: In simulation, there is no sensing being done, all relevant information is directly
accessible. The simulation takes place on one physical machine running Windows with a
Virtual Machine running Ubuntu (for ROS).

Figure 3.6: The general appearance of the quadrotors and target (blue ball) for the VREP
simulation is shown here.

3.3 Pan-Tilt Unit

This section explains the functionality and algorithms in the Pelican’s PTU, otherwise

known as a 2-axis gimbal. More precisely, the AscTec Pelican has an attachment with
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two servo motors whereby the Pelican’s camera can be stabilized. Given a desired orien-
tation for the camera, the HLP of the Pelican will attempt to maintain this orientation by
accounting for the UAV’s pitch and roll. For the purposes of target tracking, it is desirable
to keep the target in the center of the frame, in order to minimize occlusions arising from
any sudden deviations in the target’s trajectory.

In the following formulation, a UAV equipped with a PTU is tracking a target. It detects
the target via an on board camera and an accompanying computer vision algorithm which
returns the position of the target relative to the camera. These target estimates are then
combined in an EKF to obtain the target’s position in the world frame. Furthermore, the
UAV has access to its own position in the world frame through a separate on-board EKF.
Given this information, the gimbal should attempt to ensure that the target remains in the
center of the camera frame. To accomplish this, the inputs to the gimbal that should be

specified are its roll and pitch, denoted as ¢,, and ¢,, respectively.

3.3.1 Coordinate Frames

For the purpose of this formulation, the Pelican’s frames are organized as shown in
Figure 3.7 below.

The translation vectors, that is tJ and tg, are vectors that represent the necessary trans-
lation needed to go from one coordinate frame to the other. They are resolved in the final

coordinate frame and depend on the current roll and pitch angles of the gimbal.

3.3.2 Transformation Matrices

The overall equation relating the position of the target in the world frame to that in the

camera frame is given by

o0 =T TT) p" (3.1)
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Figure 3.7: The world (w), body (b), PTU (p) and camera (c) frames of reference. Also,
the angles of rotation of the gimbal (6, and ¢,) and associated translation vectors between
frames. Note that the gimbal frame (g) is set to a link on the Pelican from which the gimbal
rolls. Furthermore, the body frame is not presented in right hand figure; it is set to the

centre of gravity of the Pelican, which is right below the battery placement (see Figure
3.2).

where the vector ,p refers to the position of the target in the respective frame. Note that
from the on-board EKF estimating the position of the UAV, T7 is readily available and does
not depend on the gimbal’s roll and pitch angles. Thus 77 ,p® is known and will be defined

as
P’ =Typ", (3.2)
simplifying equation (3.1) to

P = T;T,fgpb. (3.3)
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As the vector ,p© is also known, it is the measurement from CV, all that remains to identify

are the transformation matrices 77 and T}/

3321 T¢

Going from the gimbal from to the camera frame is a combination of three operations.
That is, a change of axis, a rotation and a translation. The corresponding transformation

matrix is

e —t
Te=| 7 7). (3.4)
0 1

Note that O represents the corresponding zero vector. The rotational aspect Cy of the trans-
formation matrix consists of a change in axis followed by a rotation about the x axis of the
camera frame or in other words, the pitch of the camera. The rotation matrix associated
with the axis transformation, in accordance with Figure 3.7, is derived from the fact that
Te = —Yg, Yo = —x4 and 2z, = —z,4. Therefore, the consequent rotation matrix is written as

follows

Cg = C7(¢p)Caais

1 0 0 0 -1 0
=10 Co, Sy —1 0 0

0 —S¢p C¢p 0 0 —1

0 -1 0
= | —¢Cy, 0 —S¢, | - (3.5)

S¢p 0 —C¢p

The rotation matrix C¢(¢,) refers to a rotation in the camera frame about the x axis ac-

cording to the angle ¢,, as detailed in Figure 3.7. The C,,;, rotation matrix represents the
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rotation to change axis according to Figure 3.7. The translation vector t; must be resolved
in the camera frame and therefore depends on the current pitch of the camera. In order to

do so, first an original translation vector is defined as

tg2 ()| - (3.6)

This vector of constants represents the distances in z, y and z required to go from the
gimbal frame’s origin to that of the camera frame. The distances are measured according
to the camera’s original frame of reference (¢, = 0) and are constants. With t, defined, the

final translation vector is written as

te = C(¢p)t, - 3.7)

Using the information from equations (3.5) and (3.7), the closed form representation of

equation (3.4) is given as

cc —t¢
c g g
T, =
0 1
0 -1 0 —(t,)"

—C 0 -—s —(ty)¢cy. — (t.)Cs
_ dp Pp (y>g ®p ( )g Pp ) (38)

Sg, 0 —cg,  (ty)586, — (t2)5Co,

0 0 0 1
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3322 T

Using the same procedure as in Section 3.3.2.1, the transformation matrix in going from

the body frame to the gimbal frame is given by

CQ —tg
Tg;q _ b b
0 1
1 0 0 —(ts)
0 Cgp Sgp —(ny)ZCgp — (tZ)ZSQP

= . 3.9)
0 —S¢, Co, (ty)ZSGp_ (tz)zc%

0 0 0 1

3.323 T¢

With equations (3.8) and (3.9), a closed form representation for equation (3.1) can be

obtained. First, a final transformation matrix is defined

Ty =TT

0 —Cgp —Sgp (ty)gCgp + (tz)gSQP — (tx)g
_C¢p S¢p$0p _S¢pcep (tx)chﬁp _I_ (tz)'ZCgp5¢p - (ty)gs%sqbp - (ty)zc% - (tZ)quﬁp
S¢p ngpSgp —C¢p09p —(tx)gS¢p + (tz)gCQPC(bp — (ty>gS¢9pC¢p + (ty)28¢p — (t2)26¢p

0 0 0 1

(3.10)
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3.3.3 Solving for PTU Roll and Pitch

Now that 7 has been obtained, equation (3.1) is simplified to

gP° =T ¢p"

o] [0 e, e, () cop+(t)]50,—(02); |awer]
_ g(py)© _ —Chp  SepSep  —SépCoyp (tx)gc(;)p-I—(tz)gcepsd)p—(ty)gsapsqu—(ty)§c¢p—(tz)§s¢p g(py)? ’
9(pz)° Sop  CopSop  —CopCop —(ta)fse,t(t2)]ca, Cop—(ty)hso,copt(ty)gse,—(t2)5c, | | o(P2)
] Lo 0 0 1 N

(3.11)

where a 1 is appended to the position vectors in order to carry out the transformation.

3.3.3.1  Simplifications

With the above system of equations, the desired roll and pitch angles to keep the cam-
era frame centered can be determined accordingly. However, there are some simplifications
that can be made based on the physical constraints of the system at hand. First, note that
both the components of ;p® and gpb are either measured or fixed to a desired value and can
therefore be treated as known constants. More specifically, ,p® is obtained from a combi-
nation of separate EKF estimates for the UAV’s pose and the target’s position, respectively.

For ,p¢, however, setting it as

T
gp° = [0 0 g(pz)c} (3.12)

ensures that the target will be centered in the camera frame. In other words, the desired
position of the target in the camera frame is fixed to zero in = and y. For ,(p,)¢, this is
known once again through EKF estimates.

A second set of simplifications exist with vectors t, and t,. As these are specific to the
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system, they are subject to change from Pelican to Pelican. However, they will take the

following forms

T
t, = lo 0 (tz)c} (3.13)

T
t = [0 0 (tz)g} , (3.14)

signifying the fact that essentially the camera is located directly under the center of mass

of the Pelican.

3.3.3.2 The Desired Roll

In order to solve for the desired roll angle to center the camera on the target, the first

equation in the system of equations depicted in equation (3.11) is used

g(pz)" = _g<py)b09p - g(pz)bsﬁp + (ty)gcﬁp + (tZ)gSf)p - (tz)f;
= 0= _g<py)b09p + (_g(pz)b + (t2>g)) 56,
= g(py)bCGp = (_g(pz)b + (tZ)Z) S0,

_ -1 g<py)b )
= 0, = tan <_g<pz)b ) (3.15)

coupled with the aforementioned simplifications (i.e. 9(p,)¢ = 0).
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3.3.3.3 The Desired Pitch

For the desired pitch, the following two equations in equation (3.11) are used and sim-

plified similarly. For the second equation

9(Py) ==g(p2)Pcy,+9(Py) 56y 50, =g (=) sy, o, +(ta) ] cop+(t2)] Cop 56, — (ty)i S0p S0, —(ty)ss, —(t2) 550,
b b b
= 0 = _g(pﬂf) C¢p + g(py) S¢p89p - g(pz) S¢pcep + (tz)gceps¢p - (t2)38¢p

= 0= _g(px)bc% + (g(py)b59p - g<pZ)bC9p + (tz)icep - (tZ)gc;)S% (3.16)

and similarly for the third equation

Up=)* = 2(pa)"s0, + ((py)" 56, — *(p2) s, + (L:)ics, — (t2)g)c, - (3.17)

Combining equations (3.16) and (3.17) into their own system of equations yields the fol-

lowing

g(py)bs¢p7g(p2)bc¢p+(tz)gc¢p7(tz)g7 7g(pz)b Sgp O

9(pz)® 9(py)*s0p =9 (P=)"cop +(t2)jco, —(t2)5 | | cop 9(p2)*

which gives a solution for sin ¢, and cos ¢,, as

g<pz)b ’ g(pz)c
(o(Py)"s0, — o(p2)Pes, + ()fcs,)” + (4(pa)?)?
(g(py)bsl% - g(pZ)bcep + (tZ)ZC9p) ) g(pz)c
(5(py)sa, — o(p2)bco, + (t)0ca,)” + (o(p2)?)?

(3.19)

sin ¢, =

(3.20)

Ccos ¢, =

Solving equations (3.19) and (3.20) for ¢, yields the following solution

¢, = tan’ ( o(P2)’ ) . (3.21)
g g(py)bSOp - g(pZ)bcep + (tZ)ZCGP
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3.3.4 Yaw Control

As the gimbal only has control over roll and pitch angles concerning the orientation
of the camera, it is therefore limited in yaw. In a fixed wing UAV scenario, yawing the
UAV such that the camera faces the target would mean a deviation from the UAVs desired
trajectory, which is undesirable. However, this is not the case for VTOL UAV, which
theoretically can yaw in any direction while maintaining the intended course. Thus, having
this capability available, it is desirable to have the gimbal control the roll and the pitch

while the UAV itself can control the yaw.

3.3.4.1 Coordinate Frame

Figure 3.8 shows the relevant transformation necessary to point the camera to the target.

Zp @ yb>

Figure 3.8: Orienting the quadrotor frame so that the camera points at the target, through
changes in the yaw angle, 1.

3.3.5 Transformation Matrices

The overall equation relating the position of the target in the world frame to that of the

quadrotor frame is given by

o0’ =Top", (3.22)
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where T? is given by

. |Ch
Ty = : (3.23)
0 1

The consequent rotation matrix is written as follows

C¢ —Sw 0
Ch= s, ¢, 0. (3.24)
0 0 1

The translation vector t?, must be resolved in the body frame and therefore depends on the
current yaw of the vehicle. In order to do so, first an original translation vector is defined

as

tw = [ (t,)] - (3.25)

This vector is a vector of constants representing the distances in x, y and z required to
go from the world frame’s origin to that of the body frame. Or, in other words, the current

position of the UAV. Thus, the final translation vector is written as

ty, = CL(¥)tw - (3.26)

Using the information from equations (3.24) and (3.26), the closed form representation to

equation (3.23) is given as
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Cb —tb
Tb: w w
0 1
cp —sy 0 —((ta)ocy — (ty)osw)
sy ¢y 0 —((to)lsy+ (L)
s o ((ta)usy + (ty)ucy) ' (3.27)
0 0 1 —(t.)8
0O 0 0 1
3.3.6 Solving for Yaw
Now that 7 has been obtained, equation (3.22) is simplified to
P’ =Ty gp"
g(pas)b cy —syp 0 _((tﬂc)z;czb_(ty)fuszb) g(pz)w
b sy ey 0 —((ta)2sy + (t,)0c v
N o)’ e ((t)osy + (B)oes) | |o(py) | (3.28)
o(p2)" 0 0 1 —(t:)u g(p:)"
1 0 0 0 1 1

where a 1 is appended to the position vectors in order to carry out the transformation. For
the desired yaw, the first two equations in equation (3.28) are used and simplified similarly.

For the first equation

g(pw)b = g(Px)" ey — 4(Py) "5y — (tx)l{u% + (ty)fusw ) (3.29)

and similarly for the third equation

o(0y)" = g(D2)"sy 4 (Dy) " c — (ta)ysy — (ty)oCy - (3.30)
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The only simplification being that since the target should be directly in front of the UAV,
which is the direction in which the camera faces, g(py)b = 0. Thus, combining equations

(3.29) and (3.30) into their own system of equations yields the following

o) = (t2)l o(py)" = (L)% | |50 _ 0 3.31)
—g(Py)" + ()0 o(p2)” = ()| |cw o(p2)’
which gives a solution for ¢ as
_ -1 g(py)w - (ty)fu
o=t (R0 32



Chapter 4

Distributed Multi Model EKF Using T Test

4.1 Opening Remarks

In the world of UAVs, one application that has been thoroughly researched is that of
target tracking, where a single UAV or team of UAVs attempt to maintain an estimate
of where the target of interest is located. In order to accomplish this, a common technique
used is Kalman filtering, where a model of how the target moves is fused with measurement
information on the target’s location. Therefore, one problem that degrades the estimation
is when the target moves in a way that does not fit the model accurately. To combat this,
in the single UAV case, some implementations use different models at different times,
depending on the target’s motion. Presented here is the first attempt of using multiple
models in a scenario where a team of UAVs is tracking a target. It combines the T Test
method for multiple model estimation with the traditional Distributed Extended Kalman
Filtering (DEKF) used in multi-UAV scenarios. The algorithm is validated in both indoor
and outdoor flights. First, it is shown that having multiple models improves estimation over
having a single model. Next, a performance comparison of various methods shows that the
T Test provides the best results.

The remainder of the report is divided as follows: Related Works in Section 4.2, Multi
Model Distributed Extended Kalman Filter in Section 4.3, Other Fusion Methods in Section

4.4, Occlusions in Section 4.5, Results in Section 4.6, Conclusion in Section 4.7.

51
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4.2 Related Works

This report explores multi-UAV state estimation in a novel manner, through the use
of the EKF. Each UAV in the network will use an EKF with a separate model to predict
the target’s motion, after which their respective estimates will be shared and the best one
chosen according to the T Test. Thus, this Multi Model Distributed EKF utilizes ideas
from two main areas of research. The first is single agent target tracking using multiple
models in bank of EKF filters. The second is a multi agent DEKF using a single model. It

is therefore of interest to examine previous works in both of these areas.

4.2.1 Single Agent Multiple Model Estimation

Multiple model estimation that pertains to target tracking with a UAV has several main
approaches. One of the more common approaches thus far is the Interchanging Multiple
Model approach (IMM), which was first introduced in [66]. In this approach, generally
at each iteration the probability of each possible model is calculated and final estimate of
the target is generated based on these probabilities. The IMM algorithm has been paired
with various forms of filters for the purpose of target tracking. For example, in [67], the
IMM technique was used in conjunction with the Curbature Kalman Filter (CKF) for target
tracking purposes. It has also been paired with the UKF for target tracking UAVs [68]. An-
other common technique used in multiple model scenarios is hypothesis testing, of which
the T Test is a variant. One example of hypothesis testing is [69], where a controller is
designed to switch models based on a performance index. In [70], a similar hypothesis
testing algorithm is paired with a KF. One last method for multiple model estimation, gain-
ing in popularity is the Variable Structure Multiple Model (VSMM), where one example is
[71]. The idea behind VSMM is to have a varying amount of models to choose from, based
on the situation, or to adaptively change the models themselves. For more information on

multiple model estimation, a comprehensive survey is done in [72], specifically for target
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tracking purposes.

4.2.2 Multi UAV Estimation

In situations where there are multiple agents making observations of the target, several
methods as to how to combine these estimates have arisen. One of the more popular being
the distributed Kalman filter, where multiple sensors or agents make observations on the
same target and come to a consensus on a global estimate [73]. As the DKF is a building
block of more complex distributed filters, a formulation adapted from [21], where a team
of three ground robots use the DKF to track a mobile ground target, is shown here. The
DKEF filter attempts to use neighbour estimates to better estimate the target’s position. For
the formulation, let the set of all robots be defined as Z, with UAV (¢ € Z. Furthermore,
let 7 represent the set of neighbours to UAV i € Z,as j € J. Notethat ZNJ =
and that Z , 7 C Z. Like the standard KF, the DKF uses an Linear Time-Invariant (LT7)

representation of the target dynamics, namely, as
oX(k) = ;Fyx(k—1)+b(k) 4.1)

where ;x(k) is the state vector, ,F" is the prediction matrix and b(k) is the noise associated
with the prediction and is drawn from a covariance matrix. For the measurement model,
complexity is added when fusing measurements from different robots. Say the DKF of a
single robot is examined, the measurement equation of said DKF is

va(k) =", Hyx(k) + d(k) (4.2)

g
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where

4oz(k) = [;z(k) gz(k)]T
}QH:{;H gH]T VieJ.

In this case jcgz(k:) is the overall vector of measurements for robot ¢. It consists of robot
©’s own estimate of the target gz(k) and its set of neighbours’ () measurements, gz(k).
Similarly, ?E gH is the overall measurement matrix of robot ¢, being a combination of its own
measurement matrix gH and its neighbours’, ;H . The prediction step being the same as a

traditional KF, the measurement update step is altered from the traditional KF as

;;gfﬁ(k;) = }gfc’(k) + zP’(k);gHTéch*l(}gz(k) — ;;gH;;gff(k))
=4 % (k) + P (k) Y SHTSR™(Sa(k) — SHiX(K)) (4.3)

eJguz

Updating the a priori covariance is computed as

PR = PR 4 H R H
=P (k)™ + ) SHYSRT'SH (4.4)
ceJuz

The second term in equation (4.3) is where cooperation between robots is taking place. In
the second term, robot : is using the neighbours’ measurements of the target state for its own
estimate of the target position. Other examples of distributed filtering technique include a
distributed curbature information filter paired with the IMM for UAV target tracking [74],
a distributed IMM UKEF used in a microphone array [75] or even a distributed information
filter for target tacking UAVs, where selection criteria determines which UAVs participate
in the estimate fusion [76]. A overview of some common distributed filters for multi agent

systems is given in [77].
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4.3 Multi-Model Distributed Extended Kalman Filter
4.3.1 Distributed Extended Kalman Filter

This subsection addresses the DEKF used on each UAV. The DEKF relies on raw
measurements and transform data from the neighbour UAVs within communication range.

Thus, the equations presented here are ran simultaneously by each UAV.

4.3.1.1 Filter Equations

Once again, the set of all UAVs be defined as Z, with UAV ( € Z. Furthermore, let
J represent the set of neighbours to UAV i € Z, as j € J. Note that Z N J = () and that
Z,J C Z. Thus, the equations for the EKF of UAV ¢ are formulated below. The EKFs
for subsequent UAVs can be similarly abstracted. The filter begins with the initialization

of the state and covariance matrix as

(k) = b ((0) 4.5)

1 P(k)=1P(0). (4.6)

In this case, the initial state is determined from the initial measurement gz(O) of the target.
Furthermore, the function / : x — z takes the states from the absolute coordinate frame to
the measurement space, which in this case is the camera frame. Next, a prediction is made

using UAV 7’s model of the target motion (see Section 4.3.2), as
X (k) = f(x" (k= 1)) 4.7)
and for the covariance matrix

'P(k) ="F(k),PT(k—1)F (k) +.Q, (4.8)
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where ;Q is the respective covariance matrix for the process noise, which is dependent on
the adopted model. Moreover, ! F'(k) can be found by taking the Jacobian of /, f(-) as

_0f

dix izt (k1)

o' (k)

4.9)

Next is the update step, after receiving a measurement ;z(k:) of the target relative to
the camera frame, as well as gz(k:) of the neighbouring UAVS, for j € J. First comes

calculation of the Kalman gain as

i i p—(1.)i i i p—(1.)i i -1
VK (k) =P (k),H" (k) (CH(K), P~ (k). H (k) + 5, R(k)) (4.10)
where the covariance matrix ;R(k) represents the measurement uncertainty. Note that it

changes size based on the measurements available from the other UAVs and from itself.

Also, the first order approximation of the measurement function is defined as

"H(k) = Ol 4.11
o1 (k) = dix lis=(k) @11

For the update of the state
() = 5 () + 5K (R) (5,m() — b, b3 (4) @12

GPR)T = (1 — K (k),H (k) s P(k)~. (4.13)

4.31.2 Measurement Model

Recall that at each time-step k the UAV 1 receives either a measurement ;z(k) from the

camera of the relative position of the target and/or either one or two measurements gz(k;)
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from the other UAVs of the target’s position in the respective UAVs camera frame, as well
as the associated transform in going from the camera to the world frame at the time of

measurement. Thus, the measurement function h should map x — z as
vz(k) =h ((x* (k) (4.14)
and thus for }z(k) can be defined as follows

ih ((x(k)) £ 18 (L0 (k)ypw(k) + yte (k) 4.15)

where C' is a rotation matrix from the world to the camera frame, p,, is the position of
the target in the world frame (,p(k) C {%(k)") and t? is the translation from the world to
the camera frame. S is a projection onto the first two coordinates. Given these definitions
and assuming a flat terrain for the vehicle (i.e. target height is negligible), (4.14) can be

expanded as

g2(k) =4S (,C (k)ypu(k) + ' ()

i i1 Ci2 13| | Tw te
w®| 100

= = c1 C2 Cas| |Yw| T |1y )
ye(k) 010
- C31 C32 C33 Zw t,
T C11Tyw + C12Yw + C1320w + Ts

= = :
Ye C21Ty + C22Yw + Co32yw + ty
mc(k) C11 T + C12Yw + tx

Zw = 0= = . (4.16)

ye(k) C21 Ty + C22Yw + Ty
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For measurements coming from the cooperating UAVs, the measurement model is the same

=18 (O (k)gpu (k) +It2 (k) VieJ. (4.17)

With this information, and given the number of measurements made and received at

time step k to be 7, the final observation is
z

b2 (F)mx1 & | for 1=0,...,n (4.18)

where z; depends on which UAV ( € Z the observation belongs to, and is defined as

p

p2(k), CeI
7 = ;ZU{:)? Ce J - (419)
0, n=0

A similar definition of the final measurement function is
h(,x* (k)

(X (k) mx1 : for [=0,...,n (4.20)

where

WX (k) = Qi (ixH(k), CeJ - (4.21)




59

Furthermore, the overall measurement covariance matrix } ,I2(k) is expanded from R,

which is for a single observation, 7 times as

bR (k) 22y = : (4.22)

4.3.2 Multi-UAV Predictions Models

To achieve a better estimate of the target, each UAV will adopt a different prediction
model, similar to an IMM EKF for a single UAV, except in this case the computation is
distributed over the team of UAVs. In the end, each UAV will produce a slightly different
estimate of the target and the best estimate will be chosen to match the target’s actual
motion. The prediction models are discussed in 2.5.2, and are the CV, CA and CT models.

In a team of three UAVs each adopts a different one.

4.3.3 T Test Selection

In order to select which model is providing the best estimate among the UAVs, the T
Test selection method is adapted from [78]. In this method, the residual of each UAV’s
DEKEF is compared and the DEKF that returns the lowest T Test value is then used by all
UAVs as the estimate of the target’s states for that timestep.

To begin the formulation, imagine that at time step £ UAV 7 may or may not receive
UAV j’s current target state estimate and the past n residuals from UAV j, spanning time
steps [k — n, k[. Then in the case of N UAVs, the result of the T Test, 't is given by

‘e(k) — R (k)

torar(k) = SR (4.23)
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where the mean of the residuals for UAV ¢, ‘€, is given by

Sipnll1g2(1) = 5 hGXTD)II3
n

E(k) = (4.24)

and the ideal mean of the residual (k) = 0. The standard deviation of the samples S;(k)

is given by

E;\[:l (Eéﬁ:k_n(E(Z) _ j€(l))2)

Sa(k) = o : (4.25)
with the mean of all residuals
E(k) = 5(2 (4.26)
and finally the sum of all residuals is given by
E(k) =S, 51 el), 4.27)
with the norm of the residual
Te(k) = |[3,2(k) = 4, h 0% ()3 (4.28)

Thus, at each iteration, UAV ¢ produces at most N t4,; values, each associated with the
estimate using either the CV, CA or CT models, and the estimate corresponding to the
lowest ¢4, value, termed gc gfﬁ(k;), is used by the UAV as its current estimate, in UAV

control for example.

4.3.4 Overall Multi-Model Distributed EKF Architecture

The overall flow of information is depicted in Figure 4.1. There are essentially three

processes running on each UAV. The first and second are the prediction and update of the
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DEKEF, where individual UAVs send and receive measurement and transform data and fuse
it with its prediction model. The third process involves the sharing of the a posteriori
estimate and past residuals. For each set of set of estimates and residuals the UAV receives,
it computes the corresponding t,; value. The estimate with the lowest value is then used
as that UAVs final estimate. Note that the estimate used in the next iteration is not the final
estimate corresponding to the T Test but rather the UAVs respective a posteriori estimate,

for reasons that are explained in Section 4.6.

4.4 Other Fusion Methods

In this Section, we begin the formulation for a performance comparison between three
commonly used data fusion methods for EKFs. The first is the T Test method that was
previously explained. The other two, a probability based IMM EKF and a covariance-

based ellipse fusion method, are explained here.

441 IMM-EKF

The goal of this method is to determine how much each model should be trusted at
given timestep and operates in essence as a weighted average of the estimates from each
model. It is adapted from its single UAV counterpart [79]. This method consists of three
main steps: computation of the likelihood function, probability update and state estimate

combination.

4411 Likelihood Function

The likelihood function is the density function using the residual and innovation covari-

ance information of UAV 7’s DEKF. Given the residual

vo(k) £ Y z(k) — 5 h(x (k) (4.29)
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Figure 4.1: Information flow of the multi model dekf with T Test selection. The (-) repre-
sents the prediction phase, each UAV using their respective model. The (-) represents the
measurement update phase, where each UAV shares their measurements and updates their
estimate. Finally, (-) represents the selection phase, through the T Test, where based on the
residuals received, a final estimate for the iteration is chosen.
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and the innovation covariance

H(k):P~(k) H(K)T + ' R(k), (4.30)

the likelihood function is computed as

exp {—%;U(k)T;T*1 (k)gv(k)} ‘

vy (k) = :
(2m)n/2, /i T (k)

(4.31)

4.41.2 Probability Update

With the likelihood functions from each UAYV, the next step is to normalize the values in
order to determine which model has the highest probability of being correct for the current

timestep. Thus, the model probability is calculated as

. 1 . .

Lu(klk) = - LulklkE — 1)~ (k 4.32

JOIR) = ik = D) 432)
with the normalization factor

gc(k) = S35, p(klk — 1)) (k). (4.33)

The predicted model probability { u(k|k — 1) is given by
skl — 1) =33 psd p(k — 1]k — 1) (4.34)

where the entry p;; in the matrix ; p 1s a coefficient representing the switching probability,
modelled as a Markov Process, essentially representing the probability that we will switch

models in the next iteration.
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441.3 State Combination

The last process consists of combining the state estimates from the different models

according to their computed model probabilities. This is accomplished as

X (k) = 2 (k| k)% (k). (4.35)

J

441.4 IMM-EKF Information Flow

The flow of information between UAVs for this method can be seen in Figure 4.2.
Note that once again each UAV uses its respective a posteriori estimate as its current state

estimate in the next time step.

Figure 4.2: Information flow of the IMM DEKF. The (-) and (-) of Figure 4.1 remain
unchanged. The (-) represents the weighted phase, where based on the likelihoods received,
a final estimate for the iteration is chosen.
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442 Maximum Likelihood Estimation

Another common method commonly used for fusing estimates is what is known as the
maximum likelihood estimation, where covariance ellipses are fused together to generate
an overall better estimate. The algorithm in this case starts after each UAV has generated
their respective estimate (with their respective model), and the estimates are combined
along with the covariances. Therefore, models producing better estimates will supposedly

have smaller covariances and be trusted more.

4421 Formulation

The formulation is taken from [80]. It begins with the calculation of a second Kalman
gain, termed K*. Given the respective covariance matrices of UAVs 1 and 2 as ;P* (k) and
2P (), for the state estimates ;x (k) and >x*(k), this second Kalman gain is calculated

as
LKT(k) =15 1Pt (k) - (LSLPF (k) + 252PF (k) (4.36)

The matrices ;S and ES project the appropriate covariance matrix to contain the only com-

mon states (i.e. position and velocity). The updated estimate is given as
1 X (k) = LS x T (k) 4+ JK T (k) - CS2%T (k) — ,Syx* (k). (4.37)

Note that in the case that multiple estimates are received from multiple UAVs, equations

(4.36)-(4.37) are evaluated iteratively for each estimate.

4422 Maximum Likelihood Information Flow

The first two processes in Figure 4.1 remain unchanged. However in the weighted

process (-) maximum likelihood estimation is performed through a second Kalman gain
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calculation. Note once again that the next state used in the DEKF is that made before the

maximum likelihood update. The general flow is shown in Figure 4.3.

LxT (k) = LSixt (k) + Vj - j

GPT (k) % (k)

Figure 4.3: Information flow of the maximum likelihood DEKF. The (-) and (-) from Fig-
ure 4.1 remain unchanged. The (-) represents the weighted phase, where based on the
covariance matrices received, a final estimate for the iteration is chosen.

4.5 Occlusions

An advantage of multi-UAV scenarios is that a UAV need not necessarily rely on its
sensors to perform observations. Observations can come from other UAVs within commu-
nication range. However, there are still instances when none of the UAVs in the scenario
make an observation. In these instances, solely the prediction step in the DEKF is run.
Furthermore, in these cases the T Test is invalid because the norm of the residual is not
available. Therefore, this thesis explores and contrasts several different selection methods
for which model to use for the prediction step in times when no detections are made.

The first selection method is to use the last model at the time of the occlusion. The idea

is to keep the estimate with the associated model which was performing best according to
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the T Test at the time of the occlusion. This can be formulated as
itstat(k) - itstat(k - ]-) Vi. (438)

The second selection method is to use the estimate associated with the model that had
the least uncertainty at the time of the occlusion. More precisely, this is achieved by com-
paring the trace of the covariance matrices in z and y, choosing the model with the lowest

trace. This is done through
"tarar(K) = tr(,Sy P (k) Vi, (4.39)

and choosing gfﬁ(k) that corresponds to the lowest ¢4, value. The trace operation is
represented by ¢r(-).

The last selection method tested was computing the eigenvalues of the covariance ma-
trices and choosing the model with the smallest maximum eigenvalue, representing a co-
variance matrix diverging the slowest, which is the case in times of occlusions. This can be

formulated as
“torar (k) = "Nnax(k) Vi, (4.40)

where “Apq. (k) is the largest eigenvalue of } P*(k). Once again, the estimate with the

smallest t,;,; value is chosen.

4.6 Results

The results are split into four main sections. The first section aims to show that using a
multi model approach improves estimation over using a single model. The second section

aims to show that using the T Test as a model selection criteria results is less estimation
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error over the other methods presented in this thesis. The third section aims to show that
in times of occlusions, choosing to stay with the last identified model leads to the smallest

estimate error.

4.6.1 Experimental Set-Up

Indoor tests were conducted in the robotics lab at the Royal Military College of Canada.
The lab is equipped with a motion capture system for pose data with millimetre precision.
The quadrotors used in the experiments are the AscTec Pelicans, all three of which were
hung from the ceiling, in order to decouple the state estimation and control. Furthermore,
each quadrotor is equipped with a PTU and an onboard camera, capable of centering the
target in the camera frame. The target used is the Turtlebot with an Aruco code (see Figure
3.2) used for identification. Using the Optitrack system, the actual position of the target

was compared against the UAV estimates.

4.6.2 Multi-Model vs. Single Model

To compare the performance of the multi model DEKEF, the target was made to experi-
ence all three of the models in question (CV, CA and CT) for a prolonged period of time.
Measurement data of five trials was gathered and both the multi model DEKFs and single
model DEKFs were ran using this data. For brevity, we will show the data relevant to one
of the trials. The general initialization parameters of the algorithm are presented in Table
4.1. The resultant estimates of the target in the zy plane are shown in Figure 4.4. Figure
4.5 shows the corresponding trial over time. The switching behaviour via the T Test of the

multi model DEKEF is shown in Figure 4.6.



Table 4.1: Multi Model DEKF Initialization

UAV 1(CV) UAV 2 (CA) UAV 3 (CT)
Rate (hz) 30 30 30
B 0.514%4 0.51x6 0.51545
h_l (QZO) —1(g
h1 (gzo) 0 h ( ZO)
N 0
Xp 0 0 0
0 0 le™®
0
n 10 10 10
15 T T T T T T T T T
= Actual Path
Overall Estimate
ey - ‘“-'5-"-'0'=H°.r=‘-:'.‘.'.:" CV Estimate
1r o CA Estimate ]
] C'I: Estimate
05F '5"':-::-.,‘ .
05 zg._.' _
_.,;-"
1 L ..:8“:““ )
_15 Il Il Il Il Il Il Il Il Il

1 08 06 -04 02 0 02 04 06 08 1
X [m]

Figure 4.4: Estimates of the multi model DEKF. All UAVs make the same overall estimate
of the target, shown as a solid line. Dots represent the estimates made by the individual
UAVs.
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Y [m]

Tls]
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Figure 4.5: x and y estimates of the single model and multi model DEKFs. Solid line is the
overall estimate made by each UAV (they all have the same overall estimate), dots represent
the estimate made by each UAV, using their respective model.
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Figure 4.6: T Test results for a target in various states of motion. The first moments of each
trial are for initialization and are not considered in the test. The model being trusted by the
UAVs is shown by a value of one.

As can be seen in Figure 4.6, the T Test selects the correct model at the correct time.
When the target is in a coordinated turn, the multi model DEKF is trusting the CT model
estimates over the other two models. Similarly, during purely linear accelerations (pur-
ple in the Figure), the CA model is trusted. Furthermore, switches between model occur
primarily between changes of motion in the target, which is expected as the multi model
DEKEF is converging towards the correct model in those times. The only problem arises in
distinguishing between the CV and CA models. This could be attributed to the fact that in
times of constant speed, acceleration estimates are near zero, in which case the CA model

approximates the CV model. To evaluate the performance of the multi model DEKEF, the
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data was run and compared against when all three UAVs adopted the same model. The
error, calculated as the mean error over the five trials, is given by the distance off the esti-
mate is from the Optitrack measurement, and is shown in Table 4.2. To calculate this error,

equation (4.41) is used.

1 . o
Mean Error = Z \/(}g:ﬁ(k))2 + (4,01 (k))? (4.41)

Table 4.2: Mean Estimate Error in Meters.

CVCVCV CACACA CTCTCT CVCACT

Trial 1 0.169 0.163 0.162 0.153
Trial 2 0.166 0.190 0.175 0.165
Trial 3 0.160 0.166 0.159 0.154
Trial 4 0.259 0.244 0.252 0.241
Trial 5 0.171 0.175 0.169 0.164
Average 0.185 0.187 0.184 0.175

The notation“CVCVCV” indicates that each UAV was using the CV model, whereas
“CVCACT” indicates that each UAV used a different model during the test. As is seen in
the table, the multi model DEKF experienced less error over the single model equivalents
over the trials. Although the improvement is small, it is still significant, as the “CVCACT”
algorithm performed best overall and in every individual trial. Furthermore, the fact that
the experiments were conducted indoors implies an area for the target to move in of ap-
proximately 4 m? while the UAVs are constrained to a maximum height of 1.5 m. This
small scale of the experiment puts limitations on the degree of improvement that can be
observed from one algorithm to the next. Consequently, it is believed that outdoor experi-
ments with maneuvering areas and maximum heights several magnitudes larger will induce
larger errors and thus larger differences in errors between the different algorithms presented

here.
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4.6.3 Performance Comparison

The multi model DEKF relies heavily on fusing the estimates in such a manner that
emphasis is put on the estimate with the model that best represents the target’s motion.
In order to do so, two alternatives have been presented here, namely the IMM-EKF and
the maximum likelihood methods. It should be noted that these are the first attempts at
using these algorithms for multi-UAV scenarios. For this test, similar to Section 4.6.2, 5
trials were run and the algorithms run with the associated measurements from the UAV
cameras. However, in this series of tests the target’s motion was evasive in nature. The
corresponding estimates are shown in Figure 4.7. Furthermore, the relevant initializations
are shown in Table 4.3. And the corresponding estimates over time are shown in Figure

4.8. The corresponding T Test results are shown in Figure 4.9.

Table 4.3: Initialization of DEKFs for Various Methods

Maximum Likelihood IMM-DEKF T Test

Rate (hz) 30 30 30
Q 0.051 0.051 0.051

R 101 101 101
Py 0.51 0.51 0.51

S O B O

0.99 0.01 0.009
Method Specific None p = [0.001 0.99 0.009 n = 10
0.005 0.005 0.99




74

l T T T T T
05 b
0 = -
E
>
-05 B
Actual Path
Single Model DEKF
Least Likelihood
ir IMM-DEKF 1
T Test
-
-15 1 1 1 1 1
-1 -0.5 0 0.5 1 1.5 2
X [m]

Figure 4.7: Estimates of target position for various methods of estimation.
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Figure 4.8: Position estimates of the maximum likelihood, IMM-DEKF and T Test methods
for fusing estimates. For the single model DEKEF, the plot shows the estimates using the
CA model.
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Figure 4.9: T Test model switching over time. The path followed by the target evasive in
nature, with multiple changes in its motion over time.

For maximum likelihood estimation, it is relevant to observe the covariance over time
(Figure 4.10), which is the primary factor in determining the weight of estimates from
different models.

Last, the IMM DEKF model probabilities are shown in Figure 4.11. The values shown
in the Figure indicate how much weight is put onto each model when constructing the final
estimate.

The error in the estimates, once again calculated as the distance the estimate is from the

Optitrack measurements, is shown in Table 4.4.
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Figure 4.10: Covariances over time of the various models using the maximum likelihood

estimation method.

Table 4.4: Mean Estimate Error in meters.

maximum likelihood IMM-DEKF T Test

Trial 1
Trial 2
Trial 3
Trial 4
Trial 5
Average

0.161
0.169
0.180
0.162
0.298
0.194

0.164
0.168
0.189
0.167
0.306
0.199

0.157
0.158
0.171
0.157
0.270
0183

The T Test method does indeed improve the estimation accuracy over the other pro-

posed methods. First, if we examine Figure 4.9, it is seen that that are 36 transitions,

showing that the T Test is constantly adapting to what it believes to be the best model.
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Figure 4.11: Model probabilities over time of the various models using the adpated IMM
method. Note that the first 100 samples are used for initialization and for the individual
filter to converge before sharing of measurements.

There are advantages and disadvantages to this. The advantage means it can react promptly
to a change in target motion. The disadvantage being that the estimates lose smoothness,
especially in times when the T Test cannot converge to a model, causing it to switch back
and forth between estimates. If we next take a look at Figure 4.10, this is the primary deci-
sion factor in weighing the different estimates prior to combining them. The Figure shows
that all the covariances move similarly and that in reality they are all close to one another,
essentially representing equal weights. Although it does show decent results, there is not
enough emphasis on one model at one particular time, which is not desired since this does

not represent the optimal estimate made using the optimal model at that time but rather a
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weighted average of the different model estimates. Whereas, the T Test will always come
to a decision as to which model it believes is performing best, maximum likelihood estima-
tion averages the values of the three models, providing good results over the entire run, but
rarely the best result possible at a particular iteration. For the IMM technique the relevant
figure is Figure 4.11, where the weights of each model over time are shown. Once again,
there are changes in model weights (especially at the beginning while the algorithm con-
verges), but the changes over time are not particularly significant. Recall that these weights
are determined primarily from the likelihood function, which in turn depends heavily on
the process noise covariance matrix (). This means that if not accurately initialized, as is
the case in practice, it will be harder for the algorithm to converge and react to changes in

the likelihood function.

4.6.4 Occlusions

In Section 4.6.2 and Section 4.6.3, the paths followed by the target had no instances
where none of the three UAVs were detecting the target. The purpose of this section is to
show that keeping the last model chosen by the T Test provides the least amount of estimate
error over the other selection methods presented in Section 4.5, that is, a comparison of the
trace of the covariance matrix and a comparison of the smallest eigenvalue.

For this particular set of experiments, the target drove a path where for an extended
period of time, the target was not detectable by any of the UAVs. Furthermore, the target’s
motion was similar to Section 4.6.2, where motion was predetermined to follow a specific
model for a designated time interval. The initialization is the same as in Table 4.1. The

results over 5 trials are shown in Table 4.5.

Table 4.5: Mean Estimate Error in Meters.

Last Model Slowest Eigenvalue Trace of Covariance

Average (During Occlusions) 0.740 0.765 0.765
Average (Entire Path) 0.280 0.281 0.281
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The results show that for the most part the three selection methods perform similarly,
especially the slowest eigenvalue selection method and the trace of the covariance selection
method. Keeping the last model showed the best results over periods of full occlusions. In

the end, however, this resulted in only a minor improvement over the entire path.

4.7 Closing Remarks

The Multi Model Distributed EKF is a novel approach to the target tracking problem in
general. It links two previously unlinked domains in target tracking. The first is traditional
single UAV multi model approaches, where the UAV has banks of filters and all computa-
tion is done by the UAV. The second is traditional multi UAV estimation, namely distributed
EKFs, where the UAVs share their measurements. Coupled with the T Test selection crite-
ria, the approach presented here distributes the multi model approach, which is traditionally
done all on a single UAYV, over the various UAVs, having each UAV perform the necessary
computation for a single model. At the same time, the UAVs are capable of combining
their own target measurements with any measurements received from neighbouring UAVs.

There were three main stages of validation presented here. First, we showed that for a
team of three UAVs, the multi model DEKF using the CV, CA and CT models had better
estimation over the single model equivalents. Second, the T Test method was shown to
best fuse the estimates from different models and UAVs. Third, it was shown that trusting
the last model chosen in a time of occlusion will lead to slightly less estimate error. These
series of tests show that the Distributed Multi Model approaches, with the appropriate
selection criteria, are a valid approach to the multi UAV state estimation. Furthermore,
since the models are distributed over the team of UAVs, the computational and memory
overhead is minimal as compared to the traditional DEKF. Next steps would be to perform
tests where the control is not decoupled from the estimation. Namely, having the target

follow a path that forces the UAVs to follow in some capacity, representing a more realistic



tracking scenario.
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Chapter 5

Multiple Model Distributed MPC

5.1 Opening Remarks

In this chapter, a DMPC controller is presented for formation flight, using a convex
objective, a linear target model and a linear UAV model. The goal of the controller is such
that based on which type of motion the target is following, the UAV will choose a model that
best fits this motion to propagate down the horizon. The idea is that having a better model
for the target will result in a smaller tracking error for the team of UAVs. However, it is
shown through a real-time simulation that there is no significant improvement, as compared
to the single model equivalent. This MPC controller is then tested and validated in indoor
flights. Finally, the controller is adapted to handle the multi-UAV case for formation flight
and tested in a real-time simulation. Furthermore, the effects of occlusions on the DMPC
controller are investigated.

The remainder of the report is divided as follows: Related Works in Section 5.2, Multi
Model Distributed Model Predictive Controller in Section 5.3, Results in Section 5.4, Clos-

ing Remarks in Section 5.5.

5.2 Related Works

This section presents the current literature on cooperative control for target tracking
UAVs. First, a brief overview of non-optimization based methods is presented. Then, a

more in depth summary of current optimization based methods is done.
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5.2.1 Non-Optimization Based Cooperative Control

Continuing on their work in [81], Ma and Hovakimyan published [9], a paper that out-
lined a distributed control strategy for formation flying over a moving ground target. In this
implementation, the UAVs have the same linear velocity and maintain a circular formation
with the target at the center, through the derivation of a control law. This control is done
via the yaw rate of the UAV's and the proposed law consists of two main components. That
is, a term for tracking the target and a term for maintaining separation. The tracking term,
which has been adapted from [81] to enable a time-varying formation radius, depends on
several parameters, including the target and UAV dynamics and desired formation radius.
The separation term is given explicitly as well, except for three separate intra-vehicle com-
munication topologies: all-to-all, ring and cyclic pursuit. However, despite the changes in
topology, the control law reduces to be proportional to a subset of the UAVs’ (depending on
the topology) bearings, essentially creating a repellent force between UAVs. The algorithm
is tested in simulation for a target with a constant velocity and shown to track the target
while at the same time maintaining the formation, which itself is varying.

Another common method employed for general tracking problems is pursuer-evader
game theory based approaches. In [82] for example, multi-pursuer single evader distributed
control is developed. The evader is assumed to follow closed loop Nash strategies with the
Ricatti differential equations approach. The pursuers attempt to follow Nash strategies as
well, however since the cooperation between UAVs is distributed, the pursuers are only
able to sense within a certain radius and thus do not always have access to required in-
formation for guaranteeing a Nash Equilibrium. To overcome this issue, best achievable
performance indices are computed through the minimization of a multi-objective function
including dependencies on both the pursuer and evader gain matrices, input matrices and
the solution to the Ricatti differential equations. The algorithm is tested with three pursuers
and an evader in simulation, where the pursuers capture in all tested scenarios.

In [83], a tracking algorithm consisting of coordinated vision based tracking is im-
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plemented and tested. Assumptions include constant speed UAVs and that the difference
between the commanded and actual yaw rates is bounded. The UAVs attempt to maintain
a circular formation around a moving ground vehicle by sharing of only the Line Of Sight
(LOS) angle between neighbouring UAVs, hence a distributed approach. Furthermore, the
solution is tested against communication failures between UAVs. Based on these assump-
tions, a control law is established for the yaw rate of the vehicles. The simulation is tested
with 6 UAVs and a target moving in a straight line. The target is tracked and the formation
is maintained.

Cyclic pursuit is another method used for coordinated target tracking and a variant of
it has been implemented in [84]. In cyclic pursuit, agents follow other specific agents
to attain certain behaviours, such as encirclement in this case. The cyclic pursuit law in
this case is modified for target tracking in a distributed cooperation scheme. The agents
however are modelled simply as a unicycle. Two sensing topologies are implemented,
one with information from a single neighbour and the other is an all-to-all communication
scheme. These methods are tested in simulation. Once validated, the author discusses the
implementation onto a MAV network, where using hardware in the loop the algorithm is
tested on aerial video footage for a stationary target.

As a lot of current methods being employed for multiple UAV target tracking revolve
around MPC and optimal control, investigating this area further will identify the current

areas of cooperative UAV target tracking that necessitate more research.

5.2.2 Optimization Based Approaches

This sections gives an overview of current optimization based methods being employed

in the literature, as they pertain to cooperative UAV target tracking.
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5.2.2.1 Recursive Methods

These methods incorporate some form of recursion in their cost function in order to be
able to modify it in real-time. The first such implementation to be presented in this thesis
is [85], where a swarm of UAVs equipped with Received Signal Strength (RSS) sensors
are tasked with tracking a moving aerial Radio Frequency (RF) source in a decentralized
manner. The state estimation of the target is done using an EKF. The target UAV dynamics

are modelled as a LTI system, as

oX(k) = jAx(k—1). 5.1

The states are defined as the position and linear velocities in the x and y directions of
the target in a 2D inertial frame. Furthermore, all UAVs are assumed to have the same
altitude, including the target. The path planning algorithm functions by use of a Receding
Horizon Control (RHC) which optimizes about the change in headings the collective group
of UAVs need to make in order to track the target over the horizon. The cost function
consists of a submatrix of the Fisher Information Matrix (FIM), obtained by using the
simplifications presented in [86] and which depends on the target dynamics, measurement
noise, process noise and measurement error. The minimization problem takes the form of
equation (2.40). The overall FIM is constructed from the Joint Likelihood Function (JLF)

between target measurements and states. The function J(u(k)) is found recursively by the
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following formula

I(k+1) = D®(k) = D*'(k) - (3(k) + D" (k)" D (k) (5.2)
DY (k) = ATQ'A
DP(k) = (D)1 = —ATQ™!
D®2(k)=Q '+ E[G(k+ DHR'GT(k +1)]

G(k) =V xw - h" (4x(k))

g

where () and R are the covariance matrices associated with the process and measurement
noise respectively. The measurement function is h(-), relating the states to sensor measure-
ments. E|-] is the expectation function. The algorithm is validated only in simulation in two
dimensions. Three UAVs track a target UAV and results show that tracking performance is
improved with prediction.

In an extension from their work in [87], Hausman published an optimization-based
control strategy developed and implemented for tracking a ground target with multiple
coordinated UAVs [88]. The UAVs use a camera and the data is processed using OpenCV,
where the relevant measurements are used in an EKF for state estimation. The motion
model of the target is a constant velocity model. For control, the author forms a cost
function that essentially minimizes the uncertainty of the joint target position estimate. It
does so by determining the optimal control inputs for the UAVs through the trace of the
combined target position covariance over a finite horizon, gP(k + h), which is determined
from an EKF. An additional term is also added that acts as a means for collision avoidance.

In this case, equation (2.40) can be rewritten as

u*(k) = argmin [J(u(k)) + c,(u(k))] (5.3)

u

where ¢, is a cost function that accounts for collision avoidance. The cost function J is
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given by

k+h

J(uk) =Y AulP)] (5.4)

where 0 < v < 1 is a discount factor. The overall implementation is tested both in simula-
tion and in a real indoor implementation with multiple quadrotors. In the indoor simulation
however, due to proximity of drones from one another, major disturbances from wind cur-
rents cause erroneous measurements for certain topologies, especially when one UAV is

above the other. The target being tracked was a TurtleBot 2.

5.2.2.2 MPC based methods

Quintero is a researcher who is at the forefront of MPC for UAVs and has been inves-
tigating standoff target tracking, which is where the vehicles attempt to maintain a certain
distance and orientation with respect to the target. In [89], the implementation and sim-
ulation of a distributed cooperative MPC controller for target tracking is conducted. The
implementation has the UAVs fly at constant altitude and velocity while tracking a slower
target. Moreover, the author has taken into account the possibility of wind, represented as
a constant disturbance in the formulation. The dynamics have migrated to a more realistic
4* order system and consequently been discretized using second-order Lie series approxi-
mation for the planar position of the UAV and a small angle approximation for tan 6. The
target behaves as a double integrator in simulation. Therefore, it can move evasively as
well as accelerate to some bounded velocity. Furthermore, the algorithm models the target

dynamics as a LTI system

oX(k) = jAx(k—1)+ ,B,w(k). (5.5)
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An overall discrete state space is then formed by combining the two UAV dynamics with
the target dynamics.
The optimality criterion of the robust MPC with Moving Horizon Estimation (MHE)

has a cost function in the form of a min max optimization as

k+h k+h—1
J(ex(k), u(k), qu(k), 2(k) =Y alx(k)) + Z vl (k) —0(k)[|?
=k
k+h—1 h
= > qallgu®)P = Y llez(k) — Hx(k)|[* (5.6)
l=k—L l=k—L

where the missing notation is displayed in Table 5.1. The idea of a min max optimization is
to find the most efficient inputs (i.e. minimization) when the estimates of the states and the

effects due to disturbances are at their predicted worse (i.e. maximization). From equation

Table 5.1: MPC/MHE Notation

Notation  Description

X Combined state vector with both UAV and target states

u Input roll of UAVs

Ju Unknown control sequence of target

Z Measurement vector of UAV and target states

H Measurement matrix

Yu,7Vd Ve Positive scalar discount factors

L Moving horizon used to look back at previous measurements
0 Roll angle of tracking UAVs

g(.x(k))  Two-player zero-sum game function

(5.6), we can see the cost of the input error, target movement and measurement error are
given by the second, third and fourth terms of the cost function, respectively. The first term

has g(.x(k)) as
a6 )

where the first part of the addition is a scalar representing the fused error covariance of the
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distance between the UAVs and the target, using positive discount factor v, and where ;r
represents the distance between UAV 7 and the target. The second term ensures that UAVs
are close enough that the target is detectable by computer vision.

This cost function is then integrated into a min max optimization problem, where the
goal is to minimize the objective under worse case conditions of the unknowns, like the
target inputs for example. More precisely,

u* =min max J(x(k), u(k), .a(k),.z(k), t) (5.8)
u X, vV
where recall (A) represents the estimate of (-) and the term v is used to denote the distur-
bance due to wind present. The algorithm is capable of being run online. Simulations were
run for constant velocity and evasive targets.

In a work by Yao, [90], an algorithm developed in [91], a previous work for a single
UAV performing standoff tracking was enhanced to encompass cooperation between mul-
tiple UAVs in a distributed manner. Using similar assumptions as in [91], three simulated
UAVs attempt to track a target in a dynamic environment. The overall cost function for N

UAVs takes a centralized approach, as

N
Ik)y =D Fk) Ve Z, (5.9)
¢=1

which is simply the sum of the individual UAV costs. The set Z with elements ( represents

the set of all UAVs in the implementation. Thus, *J(k) is expressed as
(k) + 7aA(k) + 756 (k) (5.10)

where the sum of the discount factors vz, 74 and 7g is one. T(k) in equation (5.10) repre-
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sents the cost of target tracking and is given by a sum of inner products as follows

T(k)= Y v(k)V(k) (5.11)

where v represents the velocity of a UAV without obstacles and v’ is that with obstacles.
The value of v is determined using a Lyapunov Guidance Vector Field (LGVF) method

[92], and is given by
v(k) = ov" (k) + 4v(k) (5.12)

where v denotes the calculated velocity from LGVF and ,v the target velocity. J is termed
the velocity correction coefficient. The velocity after incorporating obstacle avoidance is
calculated using a Interfered Fluid Dynamical System (/FDS) approach.

The second term in equation (5.10) evaluates the cost of how threatening surrounding
obstacles are, and is out of the scope of this text.

Finally, the last term in equation (5.10) puts a cost on the smoothness of the planned

path and is calculated by

k+h—1

S(k) = % D (- [+ 1) =]+ - |6 +1) = 6(1)]) (5.13)

=k

where the UAV heading is denoted as 1 and the pitch of the vehicle as ¢. The terms ,, and
74 are discount factors.

The UAVs attempt to maintain a circular formation above the target with equal angular
separation. The final path of each UAV is generated by first addressing the formation. That
is to say, the formation is controlled by the horizontal velocities of the individual UAVs.
To calculate the desired speed, a Lyapunov function based on the desired phase angles

(denoted Swg for UAV () of the respective UAVs is designed. The desired speed of UAV ¢
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is the given according to
‘v=rWweVC € Z (5.14)

where 7 is the radius of the circle followed. Once the horizontal speeds have been col-
laboratively determined, the separate UAV velocities are calculated based on the LGVF
methods in [91], using the respective speeds from equation (5.14). From there, these in-
dividual velocities are perturbed first by a term for attraction between UAVs to maintain
sensing range then by a final term for obstacle avoidance. This final velocity is used for
the path generation. The implementation is tested in simulation with obstacles and an eva-
sive target, using three UAVs. The results show that the UAVs successfully track the target
while avoiding obstacles.

A decentralized Learning Based Model Predictive Control (LBMPC) used in formation
flight with N cooperative UAVs can be found in [93]. The dynamic model used for the ¢*"

UAV can be written as
‘(1) = CAx(t) + “BSu(t) + g(*x(t), u(t)) V¢ € Z, (5.15)

where g(°x(t),u(t)) represents the unmodeled dynamics. It itself is calculated from an
oracle which contains the learning parameters in a linear state space form. Furthermore,
the communication topology includes only UAV ¢’s neighbours. The MPC optimization is

convex and for UAV ¢ takes the form of

t+h—1

"I (), un(t), ix(2), I x(t), %, (1)) = Z [ix(l) —I%(l) — XT(Z)]T Q [ix(l) —I%(I) — XT(Z)]
1=t
t+h—1

+ 3 [u) —u ] R )~ u,(0)
=t

+ ce (5.16)
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where Table 5.2 below explains relevant notation. Note for equation (5.16), we have © € Z
for the UAV in question and 5 € J for the set of neighbour UAVs to 7. Also since the

formulation is continuous, ¢ represents time. In equation (5.16), the cost associated with

Table 5.2: LBMPC Notation

Notation Description

ix Estimated states of i’s neighbours

X,, U, Reference steady state and input to reach said state, respectively
Q.R Corresponding weight matrices

Ce Cost of the final state error

following the reference is given by the first term and the cost of the inputs is given by the

second term. The cost associated with ¢, is determined by
['x(h) — 7%(h) — %.(B)]" Qn ['x(h) — 7%(R) — x,(R)] (5.17)

where (), is the weight of reaching the final desired state over the horizon. Once the
optimal control input is solved for UAV 4, it is fed through a feedback gain which is chosen
to satisfy the discrete-time Ricatti equation. The algorithm is validated in simulation with a
team of three UAVs tracking a target moving in a straight line. The UAV formation is such

that they lie on a line with the center UAV 10 m in from the outer UAVs.

5.2.2.3 Final Remarks

This survey is by no means an exhaustive list of the current research on single-target
cooperative UAV tracking. It does however expand in detail on some of the more common
approaches used in today’s research. In terms of sensing, some used a form of RF sensors,
but most of the papers assumed a vision camera. For the state estimation, a variant of the
EKF was definitely the most popular method employed. Of the techniques presented in the

survey for cooperative target tracking, that is vector field approaches, flocking, formation



93

flight, cyclic pursuit, pursuer-evader game theory, standoff tracking and optimisation based,
the latter, more specifically MPC, is a popular choice.

In optimisation and MPC there exist several different methods for forming the objective
to minimize. Aspects such as the model chosen and the type of optimization all have an
impact on the overall implementation. When looking at optimization approaches, it seems
the major trade-off in the research presented was the aspect of accuracy for computation
time. A more complex model or cost function may yield better results but may not be
feasible on an actual vehicle. Furthermore, the solutions presented here have not been
shown to be very robust, as the majority have never been implemented in a real time system
of UAVs. Considering areas in the field that need to be expanded on, most of the control
strategies have been developed for fixed wing UAVs and not VTOL. Moreover, the majority
of targets being considered are non-evasive and can be modelled quite easily, saving on
computation. However in a real life scenario this would not always be the case and more

complex target models would have to be adopted.

5.3 Multi-Model Model Predictive Controller
5.3.1 Formulation

From 2.6.1, the general problem is posed as

u*(k) = argmin J (5.18)

u

where
T
u® |uk) ulk+1) - ulk+h) (5.19)
In this particular problem, the UAVs are equipped with a PTU capable of pitching and

rolling in order to keep the target centered in the camera frame to ensure adequate detection.

Furthermore, as the UAVs in question are VTOL, they also possess the capacity to yaw in
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the direction of the target, such that the camera is always facing it, and hover, should the
target be stationary. These target measurements are then assumed to be fused through some
form of state estimation algorithm, which outputs an overall estimate and an indication of
which model best describes the target’s motion at that point in time, as does the algorithm
described in Chapter 4. It is also assumed that UAVs can communicate over a specified
range their respective state estimates of the target and their position. Finally, the heights
of the UAVs above the ground are assumed constant. Furthermore, this UAV coordination
and control problem aims to specify at each instant the individual UAV positions in x and y
that will best satisfy J, using the principle of tracking through formation flight, where each
UAV will attempt to remain in a specific spot from the target. One further constraint on
the implementation is that it must be run on board the UAV in real-time. As optimization
can be quite computationally intensive, the cost function remains convex to ensure optimal
convergence in a timely manner. The MPC law is first derived for a single UAV without
cooperation. Then, in the following sections it is expanded so that UAVs must maintain a

specified separation from each other.

5.3.2 The Cost Function J

The optimization problem posed in equation (5.18) can take many forms. To keep the
problem convex, J for the i UAV will take the following form
“u*(k) = arg min “J(‘u(k))

iu

subjectto  ‘x(k) = "A'x(k — 1) + ‘B'u(k — 1) (5.20)

i
Umin S u S Unmax

‘z(0) = ‘@7 (0)
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with

k+h

Fulk) = D 10x(0) =% (0))Q(x(1) = x,(1) + "u(l) Rru(l)] (5.21)

=k

where ,,;, and u,,,, form the range of allowable inputs. Matrices A and B are the linear
model, determined through system identification, of UAV 4. They have input “u, which is
also theTminimizer of the objective function in equation (5.18). Therefore, ‘u takes the form
[x y] , which are the inputs to the high level position controller for individual UAVs.
As previously mentioned, the premise behind this controller is that of tracking a target
in a formation. To accomplish this, the position relative to the target each UAV should
maintain is incorporated in the reference trajectory ‘x,(k). Recall that the state of UAV
i over the horizon is “x(I). To formulate x,(I), information about the current target state

estimate is used as

x,(1) = Six(1) + 'z, (5.22)
i, i3 i,

N
"Yr Y "Yr

In equation (5.22), the relative position the UAV should maintain from the target is r,,
specified by =, and y,. S projects the target’s state vector ;X(k‘) onto the first two states,
and depends on the current model being used. This information is depicted in Figure 5.1
for a team of three UAVs. The target’s estimate ,%(/) is found by propagating the current

state estimate, using a priori knowledge on which model is currently performing best, as
LR(l) =LATR(D). (5.23)

The optimal model representing the target’s motion best and the current estimate ;fﬁ(lﬂ)

of the target are chosen at time [ = k. The model gA* takes the form of either the CV,
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c

Law

Figure 5.1: Each UAV attempts to maintain its own relative position to the target. By doing
so, the UAVs are in formation, as specified by ‘r,..

CA or CT models, as presented in Chapter 2, based on the current result of the T Test (See

Chapter 4).

5.3.3 Multi UAV Distributed MPC

Up to now, the MPC has been formulated for a single UAV to maintain a relative po-
sition to the target, as specified by ‘r,. To incorporate all UAVs in Z into the formation,
each is given their own respective relative position to follow °r,, as shown in Figure 5.1.
Thus, the formation can take any predefined shape by knowing the desired position each

UAV should maintain relative to the target.
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The UAVs share their current position and velocity estimate with each other as “x(k).

With this information the relative position at time k is calculated as

r(k) = S('x(k) —7x(k)) (5.24)

where S projects onto the first two coordinates (i.e. = and y). The sequence of states over
the horizon for UAV i is calculated directly in the MPC as x(I), with initial state ‘x(k) at
time [ = k. In order for UAV i to propagate the state of UAV j over the horizon, it uses its
own identified model and UAV j’s initial state at time k, / x(k). Thus, the predicted states

over the horizon of UAV 7, as computed by UAV i, are

ix(l) ="Ax(l - 1). (5.25)

Similarly, the relative position over the horizon is given by

dr(l) = S('x(l) —'x(1)). (5.26)

For cooperation, there are two main goals to achieve. First the UAVs should attempt to
maintain their formation, which is achieved through the formulation in Section 5.3.2. The
second goal is to avoid collisions between UAVs, that may occur in the case of an evasive
target. This is the main formulation of this section. In order to avoid collisions, another

quadratic term is added to the overall cost function as

('x() = "%,(D))"7Qs(x(l) = x,(1)) VieZ,VjeJ (5.27)

where (@), is a weighting matrix similar to @ and R from Section 5.3.2. The term “/x,(k)
represents the separation distance in  and y UAV ¢ should attempt to maintain to avoid a

collision with UAV j. Therefore, the term in equation (5.27) is added dynamically to the
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overall cost function for each neighbouring UAV j € J. The separation term is given as

follows
U, (k) = (k) + V. (k)
U, ix ix Yy
i .. = . - . +
Ys ‘Y Ty Ys
where

(T T
0 ijrs} ,  if r—Ix>0Ay—Iy>0
- T
iy, 0] , if fr =z <OAN'y—Iy>0

0 _ijrs} , if fx—Ix < 0Ny —Iy <0

; T
i, 0} , if ‘r—Ir>0ANy—Jy<0

(5.28)

(5.29)

Essentially, when the UAVs are within the minimum separation distance of each other the

separation term is added, which guides UAV ¢ around UAV j to the right by following the

points defined by “r,(k), as shown in Figure 5.2.

5.3.4 Overall Multi Model DMPC

With the definition of the cost function ‘J(u(k)) and with the inter UAV separation term

defined, the final multi model DMPC for UAV ¢ can be formulated as

‘u* (k) =arg min “J(“u(k))

subjectto  ‘x(k) = ‘Ax(k — 1) + ‘B'u(k — 1)
Umin S iu S Umax

‘z(0) ="21(0)

(5.30)
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Figure 5.2: In the Figure, UAV ¢ avoids UAV j. In order to accomplish this, once UAV i
enters UAV j’s separation zone, a separation term is added to UAV i’s objective function,
altering the overall reference trajectory to avoid UAV j.

with
(k) =D [(x(1) = % (1) QUx(1) = "x,(1)) + "u())™ Riu(l)
=k
+ (x() = Yx,(0))"Qs('x () = x,(1))] VieI,VjeJ (5.31)
5.4 Results

5.4.1 System Identification

The first step in the MPC design is to choose a model for both the target and the UAVs.

In the case of the target, it has already been established that multiple models (CV, CA and
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CT) will be used in conjunction to propagate the target states over the horizon. For the
UAVs however, a second order system was identified for both the simulation environment

and for the AscTec Pelican, using the system identification toolbox in MATLAB .

5.41.1 In Simulation

For the VREP simulation, from a hovering position, the underlying position controller
of the UAV was given a step input in both x and y. The response of the UAV was measured

and the following second order linear model was identified

x(k) ="A'x(k — 1) + ‘Bu(k), (5.32)
where
0.920 0 0.084 0 0.0006019 0 ix
. 0 0.920 0 0.084 , 0 0.0006019 , by
ZA = 7IB — ZX e
—0.228 0 0.905 0 0.02375 0 Vg
0 —0.228 0 0.905 0 0.02375 ivy

The fit of the model is shown in Figure 5.3. As can be seen, the model approximates the
UAV well during its major displacement, but has a higher overshoot than the UAV actually
experienced. Furthermore, the steady states are slightly different. This model was then
used in the MPC controller and the step response is shown in Figure 5.4. Note that the
MPC only begins at five seconds, where beforehand only the position controller of the
UAV is functioning. The fluctuations in z and y positions before five seconds arise as the
UAV is climbing to a height where it will hover before the MPC is activated, and therefore
maintaining its position is more difficult. The MPC controller has some overshoot and a
little steady state error. The respective values of () and ¢ R were tuned to 12 and 0.15, for

all ( in Z respectively.
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Figure 5.3: A comparison between the actual flight path of the UAV and how well the
model resembles this response.

5.4.1.2 AscTec Pelican

For the AscTec Pelican, a similar process was carried out, where the Pelican would
reach a desired height and once hovering, a step input in x or y, was given and the outputs
recorded. Five trials were done in each = and y, then the system identification tool was
used to identify a second order model based on that trial’s data. The model identified from
each run was validated against each of the other trials, and a performance metric known as
the percentage fit was calculated to determine which model performed the best. Table 5.3

shows that the model identified in trial 2 performed best over the five trials. For the UAV’s
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Figure 5.4: The step response of the MPC controller in both x and y. The instants before
the step input are the quadrotor trying to maintain its position while it climbs to altitude.

position z(k), and a trial ending at time ky, the fit percentage is calculated as

I=k;

=0

IF2(l) — |

(5.33)
where (-) represents the mean of () over the trial. The fit percentage of a model is a
representation of how well the identified model matches the actual flight data collected. A
higher fit percentage indicates that the identified model matches the vehicle motion better
than a model with a lower fit percentage would. Thus, the model identified in Trial 2 had
the best overall average fit against the data from various trials. For example, in Figure 5.5,
the models identified in each trial are validated against the flight path of trial 2.

The same procedure was carried out in y and the relevant data is shown in Table 5.4,
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Table 5.3: Best Fit Percentages of Pelican Identified Models in X

Model Identified in Trial

TrialData 1 2 3 4 5

1 75 80 76 T4 71
2 83 86 83 70 82
3 82 87 8 64 81
4 57 57 53 76 56
5 73 78 75 62 77
Average 74 78 74 69 U5

1.2
1L J
08 i
Model 5
Model 4
0.6 Model 3 i
— Model 2
E Model 1
Actual Flight path
04r gnp
0.2 B
0 | - -
0.2
0 2 4 8 10 12 14

Figure 5.5: The simulated output of each model is compared against the flight data for trial
2. For example, Model 1 refers to the second order linear model identified using trial 1

data.

with y(k), y and g replacing the corresponding x data in equation (5.33). The best perform-

ing model was that identified in trial 4. Combining the = and y models into one overall state

space representation, the identified model has
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Table 5.4: Best Fit Percentages of Pelican Identified Models in Y

Model Identified in Trial
Trial Data 1 2 3 4 5

1 88 83 80 89 72
2 81 84 80 81 70
3 81 84 83 80 71
4
5

80 82 74 80 74
82 71 70 83 76

Average 82.57 81 77 82.68 73

0.945 0 0.052 0 0.00268 0 r

, 0 0.943 0 0.052 |. 0 0.00235| . ‘y
ZA — 7,B — ZX —

—0.151 0 0.799 0 0.123 0 Wy

0 —-0.152 0  0.833 0 0.111 ‘v,

5.4.2 Multiple Model Comparison

The main goal of the single UAV MPC tests in simulation is to verify whether or not us-
ing multiple models for target state propagation has an effect on the tracking performance.
For the simulation, a target was made to enter various states of motion. First, it moved at
0.5 m/s in x for 20 seconds. Next, a left turn was made with a turn rate of 0.15 rad/s for
20 seconds. Then, the target accelerated in both z and y at 0.05 m/s?, once again for 20
seconds. Finally, the target remained at rest for the remainder of the simulation. To reduce
potential sources of error, the UAV was given perfect estimation of both its own states and
the target states, regardless of which model it adop#ed. Furthermore, the UAV was made to
attempt to stay over the target, with ‘r, = [() 0} . The initializations for the simulation
are shown in Table 5.5.

The correspoding xy trajectories of the target and UAV using the multi model MPC
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Table 5.5: Parameter Initialization of Single UAV MPC in Simulation

Parameter Value
h 5
‘T 0.2s
iQ 12
‘R 0.15
Input Constraint —10 < ‘'u(k) <10
ir, [0 o]
Initial UAV position |

[z ) =[0 0]
Initial Target position [gx gy}T = [1 1}T

approach are shown in Figure 5.6. The control inputs for the same trial are shown in Figure
5.7.

18 T T T T
16 - 1
14 L — UAV .
Target
121 1
10 1
E
>
8 i
6 i
4 + 4
2+ i
O Il Il Il Il
0 5 10 15 20 25
x (m)

Figure 5.6: Tracking of a mobile ground target using multiple model MPC, in VREP sim-
ulation environment for one trial.
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Figure 5.7: In the top figure, the resultant MPC inputs and UAV position. In the bottom
figure, lower level angle inputs resulting from MPC generated high level control.

From the figures, it is seen that the UAV accurately tracks the target through the various
changes in states of motion. Furthermore, the simulation shows that the low level inputs
are controlled as well, except for some saturation in the first few seconds. Saturation of the
RPY angles is set at 5°. For the single model comparison, the CV model was used, as it is
the most commonly used model in the literature. Both the multiple model MPC and single
model MPC went through five trials each. The resultant distance error is shown in Table
5.6. The results show that there is no significant change in tracking performance between
the two approaches. Although it is theorized that the multiple model approach should
reduce tracking error over a single model approach, this was not the case in simulation.
One possible reason could be due the length of the prediction horizon of five, might be
too short for their to be any significant deviations between the predictions from different

models. Furthermore, the control horizon of DMPC is one, meaning only the first input
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is applied to control a UAV. It is not likely that there are any major deviations in the first
input between different models. Therefore, more testing should be done in the future with

a longer prediction horizon and control horizon.

Table 5.6: Mean Estimate Error in Meters.

Single Model Multiple Model

Trial 1 0.28 0.29
Trial 2 0.28 0.29
Trial 3 0.27 0.28
Trial 4 0.30 0.27
Trial 5 0.27 0.29
Average 0.28 0.29

5.4.3 Indoor Target Tracking

For the indoor target tracking test, the UAV used the multiple model DEKF described in
Chapter 4, however when there is only one UAV in play, the multiple model DEKF reverts
to a traditional EKF, using the model inherent to that UAV. For the target, the Turtlebot,
as shown in Figure 3.2 was used, except this time instead of a pre-programmed path it
was controlled by the keyboard of a ground computer through SSH protocols. Relevant
initialization is shown in ;l“able 5.7. The wTay the test is set up, the UAV flies from rest
to the point {Zx ETI z] = {0 0 1'2} . This is where the target is located and is
done through only the use of the high level position controller. Furthermore, there is no
yaw control at this point either, meaning the UAV maintains a pre-specified yaw. This
configuration is maintained for roughly one hundred measurements of the target, allowing
the state estimation to converge. After this, both the MPC and the UAV’s yaw control is
activated, and the UAV flies to a height of 1.5 meters for a larger field of view. The results
of the estimation are shown in Figure 5.8. There is some estimation error present, as was

described and explained in Chapter 4. This error has an effect on the control inputs and the
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Table 5.7: Parameter Initialization of Single UAV MPC Indoor Flight

Parameter Value
UAV Model CA
‘T 0.2s
'Q 12
‘R 0.15
Input Constraint —1.5<‘%u(k) <15
ir, [-0.75 0]"

Initial UAV position  ['z iy}T = [0 O]T
Initial Target position [,z ,y] = [0 0]"

final trajectory of the UAV as well, which are shown in Figure 5.9. Recall that the goal
of the experiment was for the UAV to stay —0.75 m in = from the target while attempting
to maintain the same y as the target. From 5.9(a), it is seen that the UAV does indeed stay
behind the target for most of the experiment. The relevant errors of the experiment are

shown in Table 5.8.

Table 5.8: Mean Tracking and Estimation Errors in Indoor Flight

Estimation Error (distance) 0.25m
Tracking Error in 2 (z distance from —0.75m of target) 0.24 m
Tracking Error in y (y distance from 0 m of target) 0.39m

From Table 5.8, it can be seen that there is some error present in both the estimation
and tracking. The tracking errors, as previously mentioned, are influenced by the estimation
errors. One other possible source of error may be that the response of the MPC controller
is too aggressive, as the UAV overshoots the setpoint in some instances. This is supported

by the fact that in the MPC step response (see Figure 5.4) has an overshoot as well.
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Figure 5.8: (a) Estimation result in = (b) Estimation result in y
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5.4.4 Multi-UAV Simulation

5.4.4.1 Collision Avoidance

To validate the collision avoidance algorithm, two UAVs in the VREP simulation were

used, with the relevant initialization shown in Table 5.9. For this test, the target remains

Table 5.9: Parameter Initialization of Collision Avoidance Simulation Scenario

Parameter UAV 1 UAV 2

‘h ) )
‘T 0.2s 0.2s
‘Q 12 12
Q, 6 6
‘R 0.15 0.15

Input Constraint —2<'u(k) <2 -2 <?u(k) <2
ir, 11" [-5 —5]"

o . 1. 14T T o0 o 1T T

Initial UAV position [ x y] = [O O} [ T ‘yl = [5 5}

g 5 5

stationary at its initial position of [ g gy} ! = [1 1} ! and the UAVs are to adopt the pre-
scribed formation by their respective ‘r,.. Essentially, UAV 1 is to go from (1z(0), 'y(0)) =
(0,0) — (1,1) and UAV 2 is to go from (*z(0),2y(0)) = (5,5) — (—4, —4). Thus, UAV
1 1s in the direct path of UAV 2. The responses of the UAVs for this scenario are shown in
Figure 5.10.

From Figure 5.10, the UAVs successfully avoid each other and assemble the correct
formation. It is seen clearly that once UAV 2 enters the zone defined by 2!r,, it begins the
avoidance procedure. Note that it is normal that UAV 2 enters this zone, as the separation

term in the overall cost function is only added once a UAV enters the separation zone.

5.4.4.2 Multi-UAV Tracking

With properly functioning collision avoidance between UAVs, a tracking scenario sim-

ilar to that described in Section 5.4.2 is adopted. However, in this case, three UAVs track
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Figure 5.10: In the figure, two UAVs assemble a formation for a stationary target. In order
to get to the formation, UAV 2 must avoid UAV 1.

the target in formation. The relevant initializations for the simulation are given in Table

5.10.

Table 5.10: Parameter Initialization of Multi UAV DMPC in Simulation

Parameter UAV 1 UAV 2 UAV 3
ih 5 5 5
i 0.2s 0.2s 0.2s
Q 12 12 12
Qs 6 6 6
‘R 0.15 0.15 0.15
Input Constraint —2< 1u(k) <2 —2< 2u(lc) <2 —2< 3u(k) <2
ir, o o [10 10]7 [-10 —10]T
Inital UAV position [z 1y]T =[0 0] [22 2y]T=[10 10]T [3¢ 3y]" =[-10 —10]T
g 5 5 5

From Table 5.10, the three UAVs form a diagonal line between them, with UAV 1

attempting maintain over the target. UAV 2 should remain 10 m in front and to the right
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of the target, whereas UAV 3 should be to the back and left of the target by 10 m. In
T T

this scenario, the initial target position is L,x gy} = {1 1} . Furthermore, the target

is given a 15 s head start over the UAVs, forcing them to catch up. The corresponding

response of the formation is shown in Figure 5.11 and in the time domain in Figure 5.12.

30 T T T T T T
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20 b UAV 1|
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UAav 3

15 - Target | |

2x(0)

10 e .

E
-
5k i
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— —h

0 / .

1x(0)

5 .
-0 . .
15 i i i 1 i i

=20 -10 0 10 20 30 40 50

Figure 5.11: In the figure, three UAVs assemble a formation to track an evasive target.

It should be noted that the first 20 seconds of the simulation are left for the UAVs to
get to their respective initial positions. Therefore, the DMPC only begins at t = 20 s. In
the meantime, the target is allowed to move and get away. However, as can be noted from
Figures 5.11 and 5.12, the UAVs catch up to the target and maintain the desired formation.
The respective mean error of the UAVs from their desired position in the formation is shown

in Table 5.11.
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Figure 5.12: (a) UAV responses in x (b) UAV responses in y
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Table 5.11: Mean Tracking Error for a Multi-UAV Target Tracking Simulation

UAV1 UAV2 UAV3
Tracking Error (distance in meters from ’x,) 1.42m 1.18 m 2.13m

5.4.4.3 Occlusions

Up until now, all tests have been done with the notion that all UAVs have a perfect ver-
sion of the MMDEKEF described in Chapter 4. This implies that each UAV knows perfectly
the states of the target and which model (CV, CA or CT) most accurately represents the tar-
get’s motion. In this section, the effects of occlusions on the control is investigated in order
to demonstrate how the proposed overall architecture is more robust than traditional imple-
mentations. To accomplish this, a similar simulation as that presented in Section 5.4.4.2
was implemented. The exception however is that for two periods of time, UAV 3 will lose
communication with the other UAVs and will lose sight of the target. Essentially, the UAV
will undergo a complete occlusion, where only the UAV’s last estimate and model chosen
can be used to track the target. The relevant initialization is identical to that of Table 5.10.

The occlusions occur for UAV 3 during two instances, the first at 40s < ¢t < 55s
and the second at 65s < t < 75s. Any other period of time, UAV 3 maintains perfect
estimation and sharing of information. The corresponding response of the formation is
shown in Figure 5.13 and in the time domain in Figure 5.14.

Once again it should be noted that the first 20 seconds of the simulation are left for the
UAVs to get to their respective initial positions. From the figures, it can be seen that UAV's
1 and 2 are not greatly affected by UAV 3 undergoing an occlusion. Conversely, UAV 3
does deviate from the desired formation during times of occlusions. This demonstrates
three qualities of the DMPC controller and overall target tracking architecture. First, the
distributed nature of the DMPC controller allows the UAVs not undergoing an occlusion
(i.e. UAVs 1 and 2) to continue tracking the target despite one of the UAVs (i.e. UAV

3) in the formation veering from the desired formation due to an occlusion. Second, the
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Figure 5.13: In the figure, three UAVs assemble a formation to track an evasive target. UAV
3 undergoes multiple occlusions, as depicted in the figure, through faulty estimation of the
target.

poorer tracking performance of UAV 3 overall validates the proposed architecture and the
importance of sharing necessary information, as described in this Chapter and Chapter 4.
Last, despite UAV 3 undergoing two occlusions totalling 25 s, it still manages to regain its
trajectory, showing that the proposed DMPC controller is stable even with the possibility
of occlusions. The respective mean error of the UAVs from their desired position in the

formation is shown in Table 5.12. The changes in errors from Table 5.11 to Table 5.12 for

Table 5.12: Mean Tracking Error for a Multi-UAV Target Tracking Simulation During
Occlusions

UAV1 UAV2 UAV3
Tracking Error (distance in meters from ’x,) 1.44m 1.15m 3.25m
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UAVs 1 and 2 are negligible, whereas the error for UAV 3 has increased significantly.

5.5 Closing Remarks

In this chapter, a two step approach to validating a multiple model distributed MPC
controller was followed. The first step consisted of implementing an MPC control law us-
ing multiple models for a single UAV maintaining a relative position to a mobile ground
target. Simulation in the VREP environment with perfect state estimation showed no dif-
ference between the multiple model and single model MPC approaches. However, more
tests should be done with better tuning of the parameters. For example, a longer prediction
horizon and control horizon. It was hypothesized that the short prediction horizon led to
the insignificant differences in model prediction. This algorithm was then validated in an
indoor flight test, with the AscTec Pelican and Turtlebot. The second step in the approach
came with the formulation of another quadratic term in the overall objective function to
maintain separation between UAVs so that a team of UAVs could track a target in forma-
tion while avoiding collisions. This distributed multiple model MPC controller was tested
in simulation as a team of three UAVs tracked a ground target, both with and without the
presence of occlusions, showing the advantages of a distributed network with sharing of

measurements.



Chapter 6

Conclusion

In this thesis, a comprehensive investigation into using multiple models for target track-
ing with a team of UAVs was conducted. First, a complete testing platform of UAVs was
designed and implemented for indoor flight and configured for outdoor flight. This meant
configuration, implementation and tuning of various necessary components, including UAV
state estimation, computer vision, various levels of control, sensing and communication.
Some advantages of the implementation are that the UAVs are not assumed to travel at a
specific speed and that they can yaw towards the target, two aspects not common in the
literature, as they are direct consequences of working with VTOL UAVs.

Second, through real-time indoor tests, it was shown that the multiple model DEKF
can be effectively used to estimate the position of a mobile ground target. The novelties
in the algorithm include using the T Test as a model selection criteria, the distribution of
computation over the network of UAVs that is inherent in multiple model estimation, and
finally the complete independence of the algorithm on other UAV information. By the
latter what is meant is that a UAV will use a neighbouring UAVs’ information if available
but does not require it to estimate the target’s whereabouts. Conversely, a UAV does not
need to detect the target in order to estimate its positions, as neighbouring UAVs can share
their measurements.

Last, the control of the UAVs was carried out through distributed MPC. The main nov-
elties of this algorithm was the use of multiple models to predict the target’s motion, which
used the aforementioned state estimation algorithm to know which model was performing
best at which time. Although it was not shown that the multiple model method improves the

tracking performance over the single model method, there are several advantages to the im-
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plementation. The major advantage is that the algorithm can be run using solely the UAV’s
on board computation power, as the objective function designed, as well as the constraints
implemented in the multi UAV scenario, are all convex, leading to quicker convergence.
This is rare among the literature and arises from a second advantage of the implementation,
which is a flexible formation flight. As each UAV attempts to maintain a certain position
relative to the target, the shape of the formation can be specified by the user and can change
over time, depending on the needs of the team of UAVs. Specification of a desired point to
maintain and not a specific distance, coupled with completely linear models, are what keep
the objective convex.

The area of multiple UAV target tracking is an expanding area with many opportunities
for further research. The research conducted here reflects a small subset of the research
being done currently in the field. Furthermore, although several contributions were made
in the thesis, there still remains more work that can be done to further validate and expand
upon the algorithms.

In the robotics implementation, all that remains is the outdoor implementation and some
code optimization. All the necessary outdoor modifications have been made and are ready
to be tested, both on the component level and the full integration.

On the state estimation side, the T Test selection criteria can be further refined still in
order to select the CV model in the appropriate times. Also, to reduce communication
needs between UAVs, the T Test selection can be further optimized so that less information
needs to be shared. For example, instead of sharing the last n residual norms, some other
metric can be used, such as the average of the residuals. Furthermore, real indoor and
outdoor flight tests would only further validate the integrity of the algorithm.

The equivalent can be said of the control part of the thesis, where only indoor single
UAV tests were conducted. Due to the size of the indoor arena and the turbulence that arises
from being indoors, multiple UAV tests were not as feasible. That is why they were carried

out in simulation, but outdoor validation should be done as well. Another future area of



121

further investigation would be to clearly determine whether or not multiple target models
improves tracking performance, as only the preliminary ground work was conducted here.

Last, as seen from the indoor flight data, both the control and estimation accuracy can
be further improved for an overall smoother tracking performance. Other limitations that
arose from the implementation are the fact that the target is assumed to have a constant
elevation, which would change in a large scale outdoor implementation. Furthermore, there
is no height control done in the MPC formulation, the UAVs maintain a constant height.
Last, this work pertains to VTOL UAVs mostly, as some assumptions, like being able to

hover for example, cannot be expanded to fixed wing UAVs.
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