
 
Department of Automatic Control 

 

Autonomous control of unmanned 
aerial multi-agent networks  

in confined spaces 

Sebastian Green 

Pontus Månsson 



 
 

 

 

 

 

 

 

 

 

 

 

MSc Thesis 
TFRT-6084 
ISSN 0280-5316 

Department of Automatic Control 
Lund University 
Box 118 
SE-221 00 LUND 
Sweden 

© 2019 by Sebastian Green & Pontus Månsson. All rights reserved. 
Printed in Sweden by Tryckeriet i E-huset 
Lund 2019 

 



Abstract

In this thesis, the functionality of existing Crazyflie models is extended to include
current implementations of attitude and velocity control. The models are validated
both as individual agents and as a swarm through comparisons of swarm behaviour
during step, ramp and frequency response testing. The models are found to accu-
rately replicate the dynamics of the real system, but additional research on mea-
surement noise and accuracy would be necessary to ensure that the model remains
accurate in less than ideal conditions. Several suggestions for further improvements
are presented. Additionally, two separate swarm controllers are implemented and
tested in a simulated environment as well as the real world to demonstrate the capa-
bilities of the model and to evaluate the controller usability in a number of practical
use cases. Both controllers are found to behave well on the Crazyflie system, and
demonstrate the practicality of the Crazyflie platform as well as the controllers im-
plemented.
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1
Introduction

1.1 Problem Statement

The usage of drones has been increasing much lately with applications such as
search and rescue or warehouses. Many of the possible applications profit from the
use of multiple drones, however, the problem is centered on the fact that it is very
hard to avoid collisions if each drone is controlled individually. We would therefore
want to find and test two control processes which control the swarm’s common po-
sition and speed, while each individual drone follows this position as precisely as
possible while not colliding with other drones. Swarm in the context of this thesis
pertains to a group of UAVs cooperating to achieve a common goal or to simplify
their individual tasks. The number of drones should not impact the difficulty of op-
erating them, but the drones should still be able to react to disturbances such as if a
vessel is pushed towards the rest of the swarm.

Further, we aim to implement the controllers on a swarm of Crazyflie-drones to
analyze how these systems are affected by physical limitations such as time delays,
vibrations and calibration issues. Practical applications such as the formation and
separation of swarms as well as the systems ability to handle different kinds of
reference changes will be the primary focus.

1.2 Goal and purpose

• Develop a simulation model of a Crazyflie swarm.

– Extend existing Crazyflie models to incorporate digital controllers and
delays attributed to communication and execution.

– Verification of the individual Crazyflie model as well as the whole
swarm through comparison with real systems.

• Implement and test swarm control systems on the Crazyflie platform.

– Implement multiple centralized controller variants.
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Chapter 1. Introduction

– Investigate possible limitations and issues connected to the platform.

– Evaluate viability for flight in confined spaces.

1.3 Thesis outline

In Chapter 3 a model of the Crazyflie 2.1 quadcopter is derived through a com-
bination of previous work and investigations into the current Crazyflie firmware
implementation. The extended model is also validated through step analysis and
frequency response testing. The Matlab implementations are available on Github
[Green and Månsson, 2019b].

Chapter 4 contains an overview of our real world implementation as well as
motivations for the chosen layout. The implementation uses the Crazyflie Python
library and is available on Github [Green and Månsson, 2019a].

The swarm controllers implemented and tested are presented in Chapter 5. All
conducted experiments are explained, and analysis as well as results from those
experiments are presented. Additionally, the extended Crazyflie model is further
validated through comparison with a real process in a swarm scenario.

Discussion in Chapter 6 is centered around the methodology chosen, perfor-
mance and usability of the controllers as well as suggestions on further improve-
ments and research.

1.4 Division of labour

• Attitude controller model

– Sebastian

• Velocity controller model

– Sebastian

– Pontus

• Experiment design

– Sebastian

– Pontus

• Python framework

– Sebastian

• Python controller implementation

– Sebastian
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1.4 Division of labour

– Pontus

• Flocking controller

– Sebastian

• Distance controller

– Pontus

• Model validation

– Pontus

– Sebastian

• Data gathering

– Sebastian

– Pontus

• Results analysis

– Sebastian

– Pontus
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2
Background

Unmanned aerial vehicles (UAVs/drones) have been the target of increasing re-
search and development during the last few years due to decreasing manufacturing
and development costs. This has led to multi-rotor vehicles in particular being used
more for both professional and amateur applications. Most of the drones available
for purchase at the time of writing utilize some form of driver assistance, usually
in the form of onboard sensors and controllers to stabilize the quadcopter. This is
to allow the operator to focus on positioning and the task at hand while the elec-
tronics control how much thrust should be generated by each motor to ensure the
drone does not spiral out of control. This kind of assistance works well when the
operator only has a very limited number of vehicles to control; however, as the
number of vehicles increases, the task of manually operating them quickly becomes
unmanageable. An example of a situation where controlling many drones would be
beneficial is when flying in a confined space where external position references such
as the global positioning system (GPS) are not available. This thesis aims to explore
ideas for autonomous control of a swarm of drones in an enclosed space such as a
cave or a building. By using multiple drones to continually scout ahead and set up
new local positioning references, the swarm as a whole could be able to navigate
unmapped areas efficiently and quickly by a single operator.

This chapter will start out by listing possible applications for a drone swarm, fol-
lowed by previous research and a few different methods of controlling that swarm.
Different previous swarm implementations using the Crazyflie platform will then
be brought up and then a brief mention of some trajectory control methods.

2.1 Possible applications

The project aims to investigate possible applications of a drone swarm, and what
advantages these will bring to the table. When it comes to open space, search and
rescue would be a typical application since the drone swarm can cover a large area
in very little time when time is important. A more specific scenario would be to use
them to efficiently find and remove weeds on a field, improving crops and saving
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2.2 Previous research

time. Looking at enclosed spaces, the swarm could be used to map caves or build-
ings as mentioned above. These would generally be areas too dangerous for humans
to enter, either for geographic exploration or for the above search and rescue case.

2.2 Previous research

The thesis will be based around the Crazyflie platform. Modelling and control of
the individual drones will be based on a master’s thesis done by [Greiff, 2017].
Greiff has done thorough models and tests of different control systems for individ-
ual drones. He has in his research improved the handling capabilities of the Crazyflie
significantly and shown what levels of accuracy and precision are achievable with
the platform currently. The models developed by Greiff have shown good accuracy
in simulations and will be used as a starting point for simulating the multi-agent
system. The dynamics of the Crazyflie 2.0 have also been studied and documented
in [Förster, 2015] for use in simulations, however the dynamics used by Greiff were
derived by [Luukkonen, 2011]. Numerous studies have been done to develop mod-
els and control systems for drone swarms, many of which study different theoreti-
cal systems to be able to control swarms in simulations and outside environments
[Vásárhelyi et al., 2018],[Engebråten et al., 2018],[Oh et al., 2015]. This study aims
to build upon these models and to implement them in hardware. Two major con-
trol approaches when dealing with multi-UAV formations or swarms outlined by
[Sun, 2017],[Olfati-Saber, 2006] are displacement-based and distance-based con-
trol schemes. Each approach has distinct properties that make them suitable for
different applications.

Displacement-based control
By assigning a distinct position to each individual agent in the system a formation
can be achieved where each drone is essentially independent of the system as a
whole. This approach requires less computational power in a centralized system.
Because a single powerful unit can compute the desired positions of each drone, the
onboard computations can be reduced to a minimum. Intercommunication between
the drones is also not required provided sufficient safety margins are used. One po-
tential drawback is that the system is limited by the measurement error and respon-
siveness of the individual agents. Limited positional accuracy and slow controller
responsiveness may lead to unnecessarily large spacing in the swarm. Also, this
method requires some kind of global reference frame such as GPS or an alternative
for confined spaces. Another potential issue is that of disturbances or malfunctions
in individual agents, as a collision with surrounding units is a risk.

Distance-based control
By allowing each unit to have a dynamic positioning based on proximity to other
nearby agents, a more fluid and adapting structure can be achieved. This may also
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Chapter 2. Background

reduce computational requirements of a central controller as it may be possible for
individual drones to compute their desired positions. Another advantage is that a
global or common reference frame among the drones is not necessary. However,
these controllers are often non-linear, and due to the set rigid formation shapes it
may for example be difficult to pass through a narrow passage.

Flocking behaviour
As is common in academia, nature can provide plenty of inspiration for efficient
solutions. One such example is studied closely by [Reynolds, 1987] in an attempt to
replicate the behaviour of flocks, herds and schools of fish for animation purposes.
A visually accurate model of the decentralized control exhibited by flocks of birds
was achieved through a combination of three basic desires of each agent in the
system:

• Collision avoidance: avoid collisions with nearby flockmates.

• Velocity matching: attempt to match velocity with nearby flockmates.

• Flock centering: attempt to stay close to nearby flockmates.

Velocity in this context is described as a vector property consisting of heading and
speed. Altering the influence based on the distance between two agents proved to
be a very important for achieving lifelike behaviour, as localized knowledge allows
for gradual differences in velocity throughout the flock. This is part of the reason
flocks exhibit wave-like “shimmering” visuals. Originally Reynolds used the linear
distance between agents as the base for error calculation, but changing the relation-
ship to the inverse cube of the distance made for much more lifelike simulations.
One potential difficulty when trying to implement such a behaviour is computa-
tional complexity. If each agent must be accounted for by each other one, a cen-
tralized controller implementation could easily result in O(n2) complexity without
optimization [Olfati-Saber, 2006].

Hardware implementations
Swarms of Crazyflies have been successfully implemented in the past using mo-
tion capture system to determine positioning to a high degree of precision. With a
positional error of less than 2 cm, accurate and precise trajectory planning of 49
drones was achieved [Preiss et al., 2017]. Bitcraze has also successfully flown mul-
tiple drones using time-difference-of-arrival (TDOA) for position measurements
[Richardsson, 2017]. TDOA however suffers from significantly worse precision,
with errors in the range of 10 cm. Accuracy increased significantly with an in-
creased number of anchors. Positioning also seemed more stable within a space
enclosed by anchors. Bitcraze’s latest positioning system utilizes the lighthouse
platform developed for SteamVR and used in the HTC Vive virtual reality systems
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2.3 Trajectory control

[Taffanel, 2019]. Lighthouse uses laser ranging technology to achieve decentralized
sub-centimeter precision in three dimensions [Corporation, 2019].

Control structures designed in ideal simulation environments often work sig-
nificantly worse in real implementations as many assumptions made in simulations
do not hold up very well to reality. Communication irregularities or delays, unpre-
dictable physical disturbances and the like can quickly make a seemingly stable
system highly volatile when applied on real agents [Vásárhelyi et al., 2018]. For
large formations, fast control and high relative velocities and accelerations increase
the risk of a collision. Therefore a slower but more careful control is often desired
to ensure system performance and integrity.

Crazyswarm
A framework for communicating with and setting paths for multiple Crazyflies
already exists under the name Crazyswarm [Preiss et al., 2017]. This framework
is built around ROS and allows for simple communication with many different
Crazyflies. Currently the software is useful for connecting to and starting many
drones, as well as setting up pre-determined patterns and routines based on MO-
CAP feedback. A trajectory generator is implemented together with a closed loop
position controller [Chung et al., 2018].

2.3 Trajectory control

Trajectory control is a way of optimizing the route from point A to B while also
taking for example obstacles into account, and is commonly used in robotics.

Field Potential Method (FPM)
FPM basically generates a potential field by making objects repulsive and the tar-
get point attractive. It is seen as easy to implement and needs little computational
power, however it suffers from the non-reachable target problem where the agent
may find a local minimum and get stuck. One case where this might happen is
when the attraction from a target and the repulsion from an object are equal in a
certain point. There are however examples where the repulsive function is modified
slightly, taking the distance between the agent and target into consideration, with
successful results [Mac et al., 2018].

Fuzzy Logic (FL)
Fuzzy logic makes use of a more human-like type of logic. It uses a number of rules,
more specifically if-statements, with variables such as speed, height and slope as
inputs. Before this, the variables are “fuzzified” through the so called membership
functions, where for example the height is split into several intervals such as low,
medium and high so that the if-statements can be defined. These if-statements can
then once again generate a crisp output value to control e.g. the speed of the vehicle.
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Chapter 2. Background

Ant Colony Optimization (ACO)
ACO takes on the principle of Swarm Intelligence (SI), where each agent makes
its own decisions, without the use of centralized control. ACO is inspired by ants,
which use the substance pheromone for orientation. Wherever an ant goes, it lays
down a trail of pheromone. If this trail is found by another ant, there is a proba-
bility that it will follow the trail. This probability is increased for every ant which
has travelled along it, i.e., by the amount of pheromone. This can be applied to a
swarm of drones as well; by using positive feedback, paths done by several drones
should get a “stronger” trail and therefore a higher probability of being chosen by
an approaching drone choosing between two paths. Reasonably, a strong trail will
correspond to a short path.

Particle Swarm Optimization (PSO)
The PSO method also uses SI, but with a different approach. The agents are said
to be sharing a belief space, or search space, which may be modified by each agent
according to three factors: exploratory, cognitive and social. Exploratory is about the
knowledge of the environment, cognitive the state history for each agent while the
social factor takes the state history of the agent’s closest neighbours into account.
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3
Modelling

To keep the number of drone crashes to a minimum, a simulation environment was
set up to enable quick and consistent testing. Much previous work has been done on
the modelling and system identification of quadcopters. To enable further improve-
ments and adaptations, a modular simulation environment was designed where as
much of the Crazyflie architecture and ecosystem as possible would be present.
The desired entry point of the python swarm controller for simplified testing was
determined to be the onboard velocity controller. Access to the velocity controller
provides a good balance between the abstraction and ease of use provided by higher-
level controllers, and the speed and customization available through lower level

Figure 3.1 Crazyflie body coordinate system and rotor configuration
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Chapter 3. Modelling

control. In order to mimic the actual physical plant as closely as possible, the whole
chain of controllers between the desired velocity controller and the rigid body dy-
namics were included. An overview of the simulation layout chosen can be seen in
Fig. 3.2.

This chapter will cover the models developed in order to simulate a single drone
as well as a complete swarm. The rigid body and rotor dynamics are based on
[Greiff, 2017], while the attitude and velocity controllers were developed during
this thesis and based on the Crazyflie firmware [Bitcraze, 2019c].

Rigid-body
dynamics

Rotor
dynamics

Attitude
controller

Velocity
controller

Swarm
controller

Velocity
references

, ,uvx,1 uvy,1 uvz,1

, ,uvx,2 uvy,2 uvz,2

. . .

, ,uvx,N uvy,N uvz,N

Attitude
reference

, ,uϕ uθ uψ

Duty cycles

, , ,D1 D2 D3 D4

Thrust
moment

T , , ,τϕ τθ τψ

One instance for each drone

State

x, y, z, , ,x˙ y˙ z˙

ϕ, θ, ψ , , ,ϕ˙ θ˙ ψ˙

r
swarm

r
swarm

Figure 3.2 Simulation overview. Simulation blocks represented by rectangles, in-
terfacing and signals represented by titled rectangles connected by dashed lines.

3.1 Rigid body dynamics

In order to simulate the behaviour of the Crazyflie quadcopter, a mathematical
model of the drones’ rigid-body behaviour is required. Such a model must include
a description of the chosen coordinate system convention, as there are a number
of possible configurations when operating in a three-dimensional space. Much pre-
vious work has been done on the rigid-body dynamics of quadcopters using Tait-
Bryan angles. For the purposes of this thesis, the ZYX convention was employed
in accordance with previous work [Greiff, 2017],[Luukkonen, 2011] to allow for
the use of previously developed models. The three main coordinate systems will
be denoted by sub-indexes .G, .I and .B for global, inertial and body respectively.
Within the global system, the location of the drone center of mass will be denoted
ppp [m]. The center of the inertial coordinate system is placed at the drone center of
mass. We describe the body orientation by rotating the inertial coordinate system
by the Tait-Bryan ZYX angles denoted ηηη [rad]. The angular velocity of the body
with respect to the global coordinate system is denoted ωωω [rad/s], and the rotational
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3.1 Rigid body dynamics

velocity of motor n is denoted Ωn [rad/s].

ppp =

x
y
z

 ηηη =

φ

θ

ψ

 ωωω =

ωx
ωy
ωz

 ΩΩΩ =


Ω1
Ω2
Ω3
Ω4

 (3.1)

In accordance with the chosen Tait-Bryan representation, the complete rotation can
be derived by applying three separate rotations in the specified ZYX order. Ro-
tations about three orthogonal axes can be described by three separate rotational
matrices where ci = cos(i) and si = sin(i)

RRR(φ) =

1 0 0
0 cφ −sφ

0 sφ cφ

 ,RRR(θ) =
 cθ 0 sθ

0 1 0
−sθ 0 cθ

 ,RRR(ψ) =

 cφ sφ 0
−sφ cφ 0

0 0 1

 (3.2)

resulting in the complete rotational matrix sub-indexed .GB to indicate rotation from
the global to the body coordinates.

RRRGB =

 cφ cψ sψ cφ −sθ

cψ sθ sφ − sψ cφ sψ sθ sφ + cφ cψ cθ sφ

cψ sθ cφ + sφ sψ sψ sθ cφ − cψ sφ cφ cθ

 (3.3)

To find the rotations from the body to the global frame RRRBG, we may take the inverse
of RRRGB. As the inverse of a rotational matrix is also its transpose, the following
equation gives us RRRBG.

RRRBG =RRR−1
GB =RRRT

GB (3.4)

Rotor dynamics
Rotor transfer function The nonlinear rotor model of each individual rotor n as
derived in [Greiff, 2017] is described by the single-input single-output system seen
in Eqs. (3.5) and (3.6) where state vector xxxr

n =
[
µn(t) µ̇n(t) in(t)

]T containing
rotor position µn(t), rotational velocity µ̇n(t) = Ωn(t) and current in(t) is calculated
from input voltage ur

n.

ẋ̇ẋxr
n(t) = AAAr

nxxxr
n(t)+BBBr

nur
n(t)

yyyr
n(t) = CCCr

nxxxr
n(t)

(3.5)

AAAr
n =

0 1 0
0 −b/J± Kt/J±

0 −Ke/L −R/L

 , BBBr
n =

 0
0

1/L

 , CCCr
n =

0
0
1

T

(3.6)

Kt , Ke, b, J±, R and L correspond to rotor parameters relating to motor current
draw, resistance and inductance as well as friction, inertia and drag of the motor-
rotor combination. Inertia J± depends on whether |Ω| is increasing or decreasing
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Chapter 3. Modelling

according to Eqn. (3.7). Identification of the parameters has been done previously
by [Greiff, 2017],[Luukkonen, 2011],[Förster, 2015]. The resulting parameters can
be seen in Table 3.1.

J =

{
J+ i f sign(µ̇(t)× µ̈(t))> 0
J− i f sign(µ̇(t)× µ̈(t))< 0

(3.7)

Table 3.1 Parameters of the rotor model

Rotor parameter
Kt Ke b J+ J− R L

Value 580 0.0011 0.10 0.031 0.13 2.3 0.12

Battery compensation The Crazyflie firmware implements a battery compensa-
tion feature in an effort to keep the thrust generated by the rotors similar throughout
the full battery voltage range. The compensation algorithm also incorporates a map-
ping of the desired duty cycle to thrust. The mapping for battery voltage 3.7 V can
be seen in Fig. 3.3. The compensated duty cycle ratio Dcompensated is calculated
according to Eqn. (3.8) where Draw denotes desired duty cycle ratio, Ubat denotes
actual battery voltage and mcap is the thrust mapping factor.

Dcompensated =
k1(Drawmcap)

2+k2(Drawmcap)
Ubat

mcap = 60.0, k1 =−0.0006239, k2 = 0.088
(3.8)

Thrust and moment The total thrust and moment about the center axes of an
individual rotor n are denoted fn and τn and are computed based on the assumption
that the thrust and moment generated by each rotor is proportional to the rotor speed
squared and acting parallel to the ẑ̂ẑzB axis.

fn = knΩ
2
n, τn = bnΩ

2
n (3.9)

The total force acting on the drone body TTT B is the sum of all rotor force contributions
directed along the ẑ̂ẑzB axis.

TTT B = Tẑ̂ẑzB = ẑ̂ẑzB

4

∑
n=1

fn (3.10)

Equations of motion
Calculation of the angular momentum generated by the rotors is dependent on the
configuration of the rotors in relation to the body coordinate system. Provided the
cross-configuration depicted in Fig. 3.1 is used, the angular momentum in the body
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3.1 Rigid body dynamics

Controller Duty Cycle

PW
M

 V
ol

ta
ge

0

1

2

3

4

0,4 0,5 0,6 0,7 0,8 0,9

Compensated Raw

Battery compensation 3.7V

Figure 3.3 Battery compensation at 3.7V

coordinate system can be computed according to Eqn. (3.11) where each motor is
mounted l m from the drone center of mass.

τττB =

τφ

τθ

τψ

=


l√
2
(− f1− f2 + f3 + f4)

l√
2
(− f1 + f2 + f3− f4)

∑
4
n=1 τn

 (3.11)

The body inertial and drag matrices are defined as

IIIB =

I11 0 0
0 I22 0
0 0 I33

 , DDDB =

D11 0 0
0 D22 0
0 0 D33

 (3.12)

where the air resistance is assumed to be a reactionary force proportional to the
velocity ṗ̇ṗpB. The above definitions can be summarized to the complete equations of
motion in the Tait-Bryan angle representation given by Eqn. (3.13) where the full
derivations of CCC and JJJ can be found in [Greiff, 2017].

p̈̈p̈p = −gẑ̂ẑzG + 1
mRRRBGTTT B− 1

mDDDB ṗ̇ṗp
η̈̈η̈η = JJJ−1(ηηη)(τττB−CCC(ηηη , η̇̇η̇η)η̇̇η̇η)

(3.13)
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Chapter 3. Modelling

3.2 Attitude controller

In an effort to focus on the dynamics of swarming rather than that of any single
drone, the onboard orientation controller is used. The firmware contains three cas-
cading controllers each regulating the attitude and angular velocity of roll, pitch
and yaw respectively. An overview of the control structure, including names of the
components for future reference, can be seen in Fig. 3.4. Control parameters of all
the controllers can be seen in Table 3.2. The angle controllers run at 250 Hz and
receive feedback from the onboard IMU. The angle controller output is then used
as reference for the faster rate controllers operating at 500 Hz. This reference is
compared to the angular velocity of the drone with respect to the body frame as
measured by the gyroscope. All six individual PID controllers are implementations
of the discrete parallel controller seen in Eqn. (3.14).

u(k) = Kp× e(k)+Ki× I(k)+Kd×D(k)

I(k) = I(k−1)+ e(k)×h, I ∈ [−Isat , Isat ]

D(k) = e(k)−e(k−1)
h

(3.14)

The outputs of the rate controllers are used to set the 16 bit unsigned integers
corresponding to the duty cycle of each motor, similarly to how differential drive
works in a two-wheeled robot. The base thrust uthrust is either set manually, or com-
puted by the velocity controller described in Sec. 3.3. Conversion from controller
output to motor voltage is done by dividing the controller output by the maximum
value possible for unsigned 16 bit integers, 65535. In the cross configuration, the
duty cycle Dn of each motor is calculated from the controller output uuuob according to
Eqn. (3.15) before being remapped according to the thrust compensation mentioned
in Sec. 3.1.


D1
D2
D3
D4

=
1

65535
×




uthrust
uthrust
uthrust
uthrust

+

−0.5 0.5 1
−0.5 −0.5 −1
0.5 −0.5 1
0.5 0.5 −1

×uuuob

 ,uuuob =

uφ

uθ

uψ


(3.15)

Implementing the controllers in Simulink proved difficult as there were slight
differences in behaviour between the real and simulated system. Using the controller
parameters of the real firmware (as seen in Table 3.2) resulted in an unstable system
showing both oscillations and diverging amplitude. The simulation parameters were
instead tuned to comply with the dynamics of the actual system, resulting in the
attitude control parameters shown in Table 3.3. A comparison between the roll and
yaw responses of the real and simulated systems using the re-tuned parameters can
be seen in Figs. 3.5 and 3.6 respectively.
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Figure 3.4 Onboard attitude controller layout
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Figure 3.5 Real and simulated roll response

Table 3.2 Parameters of the onboard attitude controllers

Angle Rate
Kp Ki Kd Isat Kp Ki Kd Isat

φ 6 3 0 20 250 500 2.5 33.3
θ 6 3 0 20 250 500 2.5 33.3
ψ 6 1 0.35 360 120 16.7 0 166.7
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Figure 3.6 Real and simulated yaw response

Table 3.3 Parameters of the simulated onboard attitude controllers

Angle Rate
Kp Ki Kd Isat Kp Ki Kd Isat

φ 6 3 1 20 250 500 5 33.3
θ 6 3 1 20 250 500 5 33.3
ψ 6 1 0.35 360 60 8.35 2 166.7

3.3 Velocity controller

The Crazyflie firmware contains three PI controllers for regulating the drone veloc-
ity in the global coordinate frame. Two of the controllers together map the velocity
error in x̂̂x̂xG and ŷ̂ŷyG to desired roll and pitch angles uφ ,raw and uθ ,raw which are then
remapped and fed as references to the attitude controllers described in Sec. 3.2. As
an increased angle in either roll or pitch will result in more thrust in the specified
direction, the system can be seen as a set of non-linear single integrators provided
the cascading attitude controllers are capable of following the setpoints accurately.
Output references uφ and uθ depend on ψ and uφ ,raw and uθ ,raw according to Eqn.
(3.16) as the desired angles need to be adjusted depending on the current rotation of
the drone as x̂̂x̂xB and ŷ̂ŷyB are not necessarily aligned with x̂̂x̂xG and ŷ̂ŷyG.[

uφ

uθ

]
=

[
−cos(ψ) −sin(ψ)

sin(ψ) −cos(ψ)

]
×
[

uφ ,raw
uθ ,raw

]
(3.16)
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3.3 Velocity controller

The parameters used in the firmware and simulation can be seen in Tables 3.4
and 3.5 respectively. The simulation parameters have been slightly modified to bet-
ter match the real drone behaviour. The ẑ̂ẑzG velocity controller also encompasses a
feed-forward term to counteract the constant gravitational force acting on the drone.
This term consists of a base thrust of 36000 as well as a static gain of 1000 acting
on the output of the controller as seen in Eqn. (3.17).

uthrust = 36000+1000×uz (3.17)

The thrust calculated through this formula is fed as the baseline duty cycle to the
attitude control seen in Eqn. (3.15). To keep the drone in a stable and well-behaved
range, a number of saturations are implemented in the velocity controller. As the
output of the controller is fed directly to the attitude controllers, the angle refer-
ences have to be limited to make sure the drone has enough power so as to not lose
altitude control. In the case where roll and pitch are both 0, all of the thrust gener-
ated by the motors will be directed upwards along ẑ̂ẑzG. However, as the roll or pitch
angles tend toward ±90 degrees, the thrust along ẑ̂ẑzG decreases until reaching 0 as
either φ or θ reaches ±90 degrees. To counteract this, the angle reference output is
limited from −20 to 20 degrees in roll and pitch respectively. This is visible in Fig.
3.5 where the blue roll reference plot does not go above 20 degrees or below −20
degrees even though the velocity reference step used in that run looks to go beyond
the saturation. Another important thing to note here is that because the rotations
are decoupled, it is possible for the attitude of the drone to exceed the 20 absolute
degree limit about certain axes. As a result, larger accelerations are possible along
directions other than the body-centered x̂̂x̂xB and ŷ̂ŷyB axes at the cost of limited ele-
vation control. As φ and θ tend towards their saturation points, the angle of the
diagonal exceeds the saturation. Saturation in this way allows for easier approxima-
tion and tuning provided the axle decoupling persists through the control system. It
does however limit the performance of the quadcopter somewhat, as the potential
acceleration is not the same for all directions in the global xyxyxyG plane. An alternative
implementation where the saturation angles of φ and θ are determined dynamically
based on the direction of the desired acceleration would allow for higher accelera-
tions along x̂̂x̂xG and ŷ̂ŷyG, however such an implementation could prove more difficult
to design and tune as conversion between Cartesian and polar coordinates might be
necessary. Trigonometric calculations such as sine and cosine require significantly
more computational power than addition, subtraction, multiplication and even divi-
sion. As the velocity controller runs on the drone microcontrollers, performance is
of high importance.

Frequency response
In order to verify the translational behaviour of the model, including the velocity
controller, attitude controller and the drone dynamics, a frequency response test
was run. The drone was fed with a sine wave velocity reference with constant am-
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Table 3.4 Parameters of the onboard velocity controllers

Velocity
Kp Ki Kd

ẋ 25 1 0
ẏ 25 1 0
ż 25 15 0

Table 3.5 Parameters of the simulated velocity controllers

Velocity
Kp Ki Kd

ẋ 25 1 0
ẏ 25 1 0
ż 22 15 0

plitude, 1 m/s along ŷ̂ŷyG and 0.5 m/s along ẑ̂ẑzG, and a frequency from 0.1 Hz to about
3 Hz, depending on the direction. Only the ŷ̂ŷyG and ẑ̂ẑzG axes were analyzed since the
drone behaves similarly in the x̂̂x̂xG and ŷ̂ŷyG axes. These references were then run in
the model. A selection of the results can be seen in Figs. 3.7 and 3.8, with reference
sine waves of 1 Hz along ŷ̂ŷyG and 2 Hz along ẑ̂ẑzG, respectively. In the ŷ̂ŷyG direction,
the velocities match each other very nicely, with the simulation being just slightly
quicker. However, looking at ẑ̂ẑzG the simulation is noticeably quicker while also hav-
ing a lower amplification. The frequency results were then used for a Bode diagram,
see Figs. 3.9 and 3.10, and by looking at these one can get a bigger picture. The
phase shift in ŷ̂ŷyG is very similar but the amplification differs. At lower frequencies
the simulation has a higher amplification which shifts at around 1.1 Hz, but overall
the model is accurate. The same cannot be said for the response in ẑ̂ẑzG, where the
amplification is off by a big margin between 1.1 and 2 Hz. Looking at the phase
shift, the simulation is much slower after 1 Hz.

Step response
Following the frequency response test, step response was tested by giving the drone
a velocity reference of 0.5 meters per second for a select time in each direction.
As with the frequency response, the tests were only run in the ŷ̂ŷyG and ẑ̂ẑzG directions.
Results can be seen in Fig. 3.11 and 3.12. For ŷ̂ŷyG, the results are quite similar in both
speed and behaviour, although the model over- and undershoots more. Looking at
ẑ̂ẑzG, there seems to be a substantial inaccuracy in the model when gravity is taken
into account. Going upwards, the model is slower and has a different overshooting
behaviour, followed by a failure at getting back to the reference. In negative ẑ̂ẑzG, the
model resembles the real drone quite well putting aside the fact that it is too quick.
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Figure 3.7 Velocity frequency response in ŷ̂ŷyG of physical and simulated plant with
1 Hz sine wave
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Figure 3.8 Velocity frequency response in ẑ̂ẑzG of physical and simulated plant with
2 Hz sine wave
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Figure 3.9 Bode diagram of physical and simulated plant in ŷ̂ŷyG
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Figure 3.10 Bode diagram of physical and simulated plant in ẑ̂ẑzG
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Figure 3.11 Velocity step response in ŷ̂ŷyG of physical and simulated plant
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Figure 3.12 Velocity step response in ẑ̂ẑzG of physical and simulated plant
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3.4 Swarm modelling

Transitioning from a single drone to a swarm of N agents was done by simply mul-
tiplying the model structure described above N times. The resulting swarm model
takes the desired reference angles of all agents individually and outputs the com-
plete swarm state consisting of pppn, ṗppn, ηηηn and η̇ηηn for each drone n. The number of
active agents is defined by the dimensions of the initial state matrix. Validation of
the swarm model can be seen in Sec. 5.6.
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4
Real world implementation

4.1 Bill of materials

The complete bill of materials for the swarm is summarized in Table 4.1. Five drones
were found to be an adequate number to form a proper swarm while still being easy
to control. Extra batteries were bought to be able to fly for longer than the seven
minutes that one battery lasts, together with some spare parts due to the drones’
tendency to crash during testing.

Table 4.1 Bill of materials for the swarm

Part Quantity Unit price (SEK excl VAT) Sum (SEK excl VAT)
Crazyflie 2.1 5 1850 9250
Crazyradio PA 1 280 280
Battery + charger 10 80 800
Spare parts 1 170 170
Lighthouse deck 5 750 3750
HTC Vive 1 5200 5200

Total 19450

4.2 Lighthouse positioning

Lighthouse deck and Vive base stations
The Lighthouse deck is an expansion deck for mounting on top of the Crazyflie.
Using the laser and LED light emitted by the HTC Vive base stations and the four
receivers on the deck, the Crazyflie can by itself estimate its position in the room
with millimeter precision.

The base stations consist of a matrix of LED’s and two rotating laser emitters,
one horizontal and one vertical. The main concept is that the LED’s flash at a fre-
quency of 60 Hz, and each time they are followed by an alternating laser sweep, i.e.
each laser sweeps every other flash. The point of the diodes is to start a counter on
the receiver until it detects the laser sweep. Using this time in combination with the

31



Chapter 4. Real world implementation

base station positions and the relative positioning of the receivers, the exact position
of the drone can be calculated.

Note that at the time of writing the deck is still in early access meaning there
are some limitations. For example, orientation of the drone cannot be computed and
due to the receivers being horizontal the drones have to be kept at least 40 cm below
the base stations. Two base stations are required but later on a single one will be
enough.

Setup
The Lighthouse positioning requires a HTC Vive-set with two base stations V1, as
well as SteamVR, openVR and Python3. It is possible to set up the system without
the head mounted display (HMD), although that is a more complex installation.

Using the HMD and with the two base stations mounted, the standard installa-
tion is run through SteamVR in order to define the room and origin. The origin ends
up wherever the HMD is positioned when the area is calibrated, with positive x̂̂x̂xG in
the direction the HMD is facing. In this case, the HMD had to be lifted up about
2 cm in the front to get a somewhat vertical ẑ̂ẑzG-axis which otherwise was angled.
When this is done the HMD is no longer needed, except when repositioning the
base stations.

Following the calibration, a script from the Crazyflie firmware is to be run which
extracts the position of the base stations. This position is then pasted into the light-
house deck driver and flashed onto the Crazyflie. For a more detailed setup instruc-
tion, see [Bitcraze, 2019e].

4.3 Crazyflie firmware

Communication
Communication with the individual Crazyflies happens through a custom radio
chip called the Crazyradio which is connected to the client computer through USB
[Bitcraze, 2019f]. The protocol uses 32 byte packets consisting of one byte of header
information and up to 31 bytes of data [Bitcraze, 2019b]. The size limit of these
packages limit how much information can be sent in each instance. As all positional
information is calculated locally on the agent firmware, the quality and consistency
of the radio link impacts the quality of the sensor information utilized by the cen-
tralized swarm controller. Testing of the radio communication quality was done
by monitoring timestamps of when the data was received by the python client and
measuring time intervals between received packets. A desired sample rate of 100Hz
was used for initial communication testing and the resulting distribution of interval
time can be seen in Fig. 4.1. The results showed that the sampling time is relatively
consistent about the desired 10ms as 79.7% of samples were received within 8 and
12ms of the previous update.
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Figure 4.1 Radio consistency testing, distribution of time between packets re-
ceived for single agent with a target period of 10ms

When using all five quadcopters, discrepancies were noticed between the times-
tamps sent by the Crazyflies as part of the communication protocol and timestamps
recorded on the swarm client system time. The timestamps seemed to drift fur-
ther and further apart during flights, resulting in polling updates arriving up to two
whole seconds late after ten seconds of flight with five agents at 100Hz polling rate.
This was attributed to rate limitations in the Crazyradio, and by limiting the polling
rate to 20Hz the problem was eliminated and package delays and drops were mini-
mized. This result means that the throughput of the radio is a major bottleneck in the
physical implementation, and the performance could possibly be improved through
the use of more radios or more efficient multi-agent communication and broadcast-
ing techniques rather than the single-agent structure used in the standard Crazyflie
Python library. The library does support the use of multiple radios for faster multi-
agent communication, but the polling rate of 20Hz was deemed sufficient for the
purposes of this thesis.

Logging
Information about the quadcopter state is sent using the logging framework im-
plemented in the Crazyflie firmware as well as the Crazyflie Python library. The
framework allows for custom log packages to be constructed and transmitted au-
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tonomously at regular intervals. Each quadcopter can have multiple different log
packets configured, and all communication through the logging framework occurs
between the individual agent and the centralized commander radio connected to a
pc. Whenever a connection is established between the Crazyradio and a Crazyflie,
the variables available for logging are transmitted to create a synchronized table of
contents. The creation of packets is then done by specifying which variables from
the table of contents should be transmitted, and at what interval. Due to limita-
tions in bandwidth and artificial limitations of the Crazyradio outlined in Sec. 4.3,
a single package was constructed containing position ppp = [x,y,z] and velocity data
ṗ̇ṗp = [ẋ, ẏ, ż] from the onboard Kalman estimator. Each variable is a 4 byte float,
resulting in a total package payload of 24 bytes allowing for transmission of all
relevant state information in a single package.

4.4 Swarm Client Software

Python library
All communication with the Crazyflie quadcopters occurs through the Crazyflie
Python library available as open source through the Bitcraze GitHub account
[Bitcraze, 2019d]. The library contains all structures necessary to establish a con-
nection with individual Crazyflies through the Crazyradio as well as the Comman-
der and MotionCommander classes used for sending setpoints to the onboard atti-
tude and velocity controllers outlined in Secs. 3.2 and 3.3. The Commander class
contains three functions which allow for the sending of attitude references, velocity
references or position references through the Crazyradio using CRTP. The attitude
and position setpoint functions were used for testing and verification of the model
as well as more precise control of individual agents for testing the behaviour of the
swarm during maneuvers that require individual drone control. The Python library
also contains a Swarm class with basic functionality for connecting to and interact-
ing with multiple drones at once. This class is useful for sending commands to all
agents of the swarm in parallel, and much of the software implementation builds on
the basic functions of this class.

Python implementation
The software developed for testing and flying a swarm of drones is designed around
a main thread running a sequence of operations supported by a controller thread and
a logging thread for managing data gathering and controller computations. Com-
munication links and all swarm interactions are handled by an extended version of
the Swarm class featured in the Crazyflie Python library called AsyncSwarm. An
AsyncSwarm instance keeps track of all active agents and reacts to callbacks from
the Crazyflie library whenever a new log record has been received by the Crazyra-
dio. AsyncSwarm also provides functions for starting and stopping the swarm as
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Figure 4.2 Overview of Python software implementation

well as adding or removing drones. An overview of the software structure can be
seen in Fig. 4.2.

AsyncSwarm Main instance for establishing and maintaining connection with the
Crazyflies. It contains a list of all active drones as well as the last known state of
all drones. By extending the Crazyflie python library class Swarm this class can
use the functions Swarm.parallel and Swarm.sequential which executes a specified
function on all Crazyflies in the swarm either in parallel or in sequence before join-
ing and continuing execution. The structure of the sequential and parallel functions
requires that the function passed as the argument to be called must take a Sync-
Crazyflie instance as the first argument and any other optional parameters contained
in a dictionary keyed by the Crazyflie URI. Because of this structure, a number of
static support functions are available in the class CFUtil described more in detail
in Sec. 4.4. AsyncSwarm also contains a function follow_controller that takes a
valid controller as parameter and sends the current output of the controller to all
Crazyflies in parallel.

Initial connection to the Crazyflies is done by attempting to open a link to all
drones in sequence. While the chance of successfully connecting to a single drone
is rather high, there exists a bug that causes the Crazyflie to continuously send log
packets even after the connection has been terminated. One possible fix is to restart
the drone, but another more user friendly fix when dealing with multiple drones is
to send a stop_logging command to the drone to ensure no old log configurations
are still active. This is done by calling the CFUtil.ext_open_link_cf function. This
function will try to connect to the agent, but terminate and send a hard log reset
package to the agent if no connection was established within a timeout period
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before trying to connect again again. This generates an error message as the con-
nection sequence is interrupted unexpectedly, but the connection will succeed on
the subsequent connection attempt. Following a successful connection, the program
will wait for the logging table of contents to be transferred as that information will
otherwise clog up the radio during the first few seconds of flight.

Controller The swarm controllers are implemented as individual classes in the
Controllers file. Each controller must supply the following functions in order to
function with the Sequences class described in Sec. 4.4:

• compute(dict: state)

• get_u()

• get_u_list()

• set_ref(iterable: ref)

• reset()

• add_ignore(iterable: uris)

• remove_ignore(iterable: uris)

compute is the main function used to calculate the new velocity setpoints to send to
all the agents based on the state specified in the parameter. All reference points are
recalculated at the same time, based on the period specified in the ControllerThread
instance. For the purposes of testing the interactions involved with new drones en-
tering and leaving the swarm, an _ignore_list is implemented that allows the con-
nection management and state tracking of all drones to remain in the AsyncSwarm
instance while at the same time enabling the controller to ignore sending references
to a selection of the connected drones. The controller is called periodically by the
ControllerThread thread described in Sec. 4.4.

LogManager and Log In-flight data collection is achieved by periodically polling
all variables of interest. All collected data can be saved to a Matlab compatible
.mat file at any time during execution. An encompassing LogManager is created
at program startup, all parameters to be polled can be added by attaching a caller
to the LogManager instance with the method add_caller. LogManager.add_caller
takes a name, a period, a start flag, and a function to be called at regular intervals
defined by the period. If the start flag is enabled, the Log will start a periodic thread
that calls the function and appends the returned data to a list. This structure allows
for polling at regular intervals, however an additional call to Log.push_data must be
made if the changed value is to be registered exactly at execution time rather than
at the next logging interval. If the start flag is not enabled, the Log instance does
not append any data automatically, but does still allow for manual data collection
through Log.push_data. Timestamps of all data entries as well as start times are
recorded to allow for synchronization of data after execution.
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CFUtil CFUtil contains a number of help functions to simplify control through
the Swarm.parallel and Swarm.sequential functions, as well as some additional
functions related to managing state and setup of the SyncCrazyflie instances. Each
function related to sending commands to drones through CFUtil must take a Sync-
Crazyflie instance as the first parameter, followed by any other parameters contained
in the keyed argument dictionary specified in Sec. 4.4. CFUtil also contains some
default static attributes such as the URIs of all available Crazyflies and a few com-
plete argument dictionaries POS_HOVER (pictured in Fig. 5.1) and POS_LAND
containing formations used for initializing the swarm and making safe take-offs
and landings.

Sequences For testing the stability and performance of the swarm, a number of
predetermined sequences explained in detail in Sec. 5.1 were predefined and stored
in the Sequences object. Sequences has a single run function that takes the Async-
Swarm and Controller instances as well as a static key chosen from a selection
available in the Sequences and performs the chosen sequence on the swarm. Se-
quences can be chained together by simply calling run multiple times, and provides
a workable base for repeating tests and measurements on the swarm. The Sequences
class can be extended with more predefined sequences, and will on initiation check
to make sure no key collisions are present.

ControllerThread To ensure controller output is continuously updated regardless
of flight state or communication errors, the ControllerThread instance calls the
function passed as parameter controller_func at regular intervals specified by the
period_ms argument. What function to be called is decided on initiation, however
the thread will retrieve the current state of the swarm through AsyncSwarm.get_state
and pass to the function. The intended use is the compute function of whichever
controller is currently active.

Sampling
The sampling structure used was chosen with the intention of allowing for much
larger swarm formations without changing the characteristics of the controller. Log-
ger initiation timings and instability in the communication makes callback-based
controller updates cumbersome and unreliable, whereby the decision was made
to decouple the sampling and controller cycles. The resulting system updates the
swarm state continuously as new log packets are received by the radio, and runs
the controller computation in a separate thread at regular intervals. As mentioned
in Sec. 4.3 the polling and update rate was chosen to be 20 Hz. This means each
independent agent sends a packet containing its current state every 50 ms, and this
information is retained until that agent sends another state update. The controller
also executes every 50 ms, and uses the latest available state information of all ac-
tive drones. In the ideal case, this corresponds to the controller updating once for
every complete swarm state update, however with a maximum delay of 50 ms not
including transport delays during transmission of the control signal to the agents.
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Swarm control

Moving on to the control of multiple drones, two different swarm algorithms were
implemented to be able to choose the best performing one according to the earlier
specified requirements. More specifically, the distance and flocking controllers were
chosen since they seemed simple to implement, appeared relevant to the project
as well as only requiring relative positioning. The upcoming sections will cover
these as well as methods of testing and comparing the algorithms. Positions and
references will be denoted by pipipi and ririri respectively where i corresponds to dn for
agent n or swarm for swarm center positions.

5.1 Method

For practical applications, certain maneuvers are critical for usability and stability of
the swarm. Micro-management of individual drones quickly becomes unfeasible as
the number of involved agents increases. Thus, the swarm controller must be able to
handle several commonly occurring scenarios without requiring external input from
one or more human operators. Five maneuvers were established to provide practical
scenarios to analyse the performance of the swarm controllers: hover, step, ramp,
merge and leave.

Hover
Swarm behaviour in a steady state is examined by looking at stability and propaga-
tion of low-frequency disturbances and measurement noise throughout a prolonged
period with a persistent swarm center reference. Interesting factors to consider are
long term stability as well as the effects of increasing or decreasing the number of
active agents, whereby three test cases were constructed where the number of active
drones ranges from 1 to 3 to 5. Each test consisted of a swarm being initiated from
a predetermined formation defined by individual drone positions p0,dip0,dip0,di to follow a
common swarm reference rswarmrswarmrswarm according to Table 5.1.
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Table 5.1 Hover case

Position
xG yG zG

p0,d1p0,d1p0,d1 0 0 1
p0,d2p0,d2p0,d2 0.5 0 1
p0,d3p0,d3p0,d3 0 0.5 1
p0,d4p0,d4p0,d4 −0.5 0 1
p0,d5p0,d5p0,d5 0 −0.5 1

rswarmrswarmrswarm 0 0 1

Figure 5.1 Positions of drone 1 through 5 before swarm controller is engaged

Step
A step is achieved by changing the position reference r0,swarmr0,swarmr0,swarm of the swarm to an-
other point r1,swarmr1,swarmr1,swarm in the three-dimensional space. Two sets each consisting of three
test cases were analyzed to determine step stability and responsiveness of the swarm
controller. Step set one is contrived of 1 meter steps along positive and negative ẑGẑGẑG
as well as positive ŷGŷGŷG, whereas step set two consists of the same steps performed
by a swarm of 3 agents. Due to the symmetry of ŷGŷGŷG, −ŷG−ŷG−ŷG, x̂Gx̂Gx̂G and −x̂G−x̂G−x̂G, only one
of those cases was analyzed. Analysis along positive and negative ẑGẑGẑG may however
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prove useful as the constant outside force resulting from gravity may change impact
the response. All test case positions can be seen in Table 5.2.

Table 5.2 Step & ramp case

ẑGẑGẑG −ẑG−ẑG−ẑG ŷGŷGŷG

xG yG zG xG yG zG xG yG zG

r0,swarmr0,swarmr0,swarm 0 0 0.5 0 0 1.5 0 0 1
r1,swarmr1,swarmr1,swarm 0 0 1.5 0 0 0.5 0 1 1

Ramp
Similarly to Sec. 5.1, ramp responses were analyzed by linearly changing the swarm
center reference rswarmrswarmrswarm of a single agent as well as a swarm of three agents from
r0,swarmr0,swarmr0,swarm to r1,swarmr1,swarmr1,swarm. Using the positions in Table 5.2 with a desired velocity of 1m/s
was achieved by interpolating value between r0,swarmr0,swarmr0,swarm and r1,swarmr1,swarmr1,swarm over 1 second.

Merge
Merging in this context pertains to the grouping of two previously independent
agents or groups of agents. This action is critical to forming the initial swarm for-
mation, and may be used in other scenarios for simplifying trajectory planning and
route planning by grouping many agents with similar desired paths. One particu-
lar use case could be in a warehouse, where the limited space available could be
optimized by forcing agents to travel in formations along predefined "highways"
to ensure safe distance from humans and other machinery operating in the space.
Five tests were created for the purpose of testing this use-case. Merge case one is
a scenario where two agents starting from stationary positions p0,d1p0,d1p0,d1 and p0,d2p0,d2p0,d2 two
meters apart are instructed to create a formation centered in a point rswarmrswarmrswarm exactly
halfway between p0,d1p0,d1p0,d1 and p0,d2p0,d2p0,d2. Starting positions and swarm position reference
can be seen in Table 5.3.

Table 5.3 Merge case 1

Position
xG yG zG

p0,d1p0,d1p0,d1 0 -1 1
p0,d2p0,d2p0,d2 0 1 1

rswarmrswarmrswarm 0 0 1

Merge case two is where two drones hovering in p0,d1p0,d1p0,d1 and p0,d2p0,d2p0,d2 one meter apart
join to a swarm reference rswarmrswarmrswarm coinciding with the hover point of agent one, p0,d1p0,d1p0,d1.

40



5.1 Method

In this case, the ability of the drones to adapt to each others relative velocity and
inertia is critical. Starting positions and swarm position reference can be seen in
Table 5.4.

Table 5.4 Merge case 2

Position
xG yG zG

p0,d1p0,d1p0,d1 0 0 1
p0,d2p0,d2p0,d2 0 1 1

rswarmrswarmrswarm = p0,d1p0,d1p0,d1 0 0 1

Similarly to merge case one, merge case three is a scenario where one agent
and a swarm of three agents starting from stationary positions p0,d1p0,d1p0,d1 and p0,swarmp0,swarmp0,swarm
two meters apart are instructed to create a formation centered in a point r1,swarmr1,swarmr1,swarm
exactly halfway between them. In this case, the three agents already in formation
will initially be acting as a swarm following a common reference r0,swarmr0,swarmr0,swarm. Starting
positions and swarm position reference can be seen in Table 5.5.

Table 5.5 Merge case 3

Position
xG yG zG

p0,d1p0,d1p0,d1 0 -1 1
p0,swarmp0,swarmp0,swarm ≈ r0,swarmr0,swarmr0,swarm 0 1 1

r1,swarmr1,swarmr1,swarm 0 0 1

Similarly to merge case two, merge case four is a scenario where one agent and a
swarm of three agents starting from stationary positions p0,d1p0,d1p0,d1 and p0,swarmp0,swarmp0,swarm one meter
apart are instructed to join to a swarm reference r1,swarmr1,swarmr1,swarm coinciding with the hover
point of the lone agent, p0,d1p0,d1p0,d1. In this case, the three agents already in formation
will initially be acting as a swarm following a common reference r0,swarmr0,swarmr0,swarm. Starting
positions and swarm position reference can be seen in Table 5.6.

Merge case five is the reverse of merge case four, where one agent and a swarm
of three agents starting from stationary positions p0,d1p0,d1p0,d1 and p0,swarmp0,swarmp0,swarm one meter apart
are instructed to join to a swarm reference r1,swarmr1,swarmr1,swarm coinciding with the initial swarm
reference, r0,swarmr0,swarmr0,swarm. In this case, the three agents already in formation will initially
be acting as a swarm following a common reference r0,swarmr0,swarmr0,swarm. Starting positions and
swarm position reference can be seen in Table 5.7.
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Table 5.6 Merge case 4

Position
xG yG zG

p0,d1p0,d1p0,d1 0 0 1
p0,swarmp0,swarmp0,swarm ≈ r0,swarmr0,swarmr0,swarm 0 1 1

r1,swarmr1,swarmr1,swarm = p0,d1p0,d1p0,d1 0 0 1

Table 5.7 Merge case 5

Position
xG yG zG

p0,d1p0,d1p0,d1 0 1 1
p0,swarmp0,swarmp0,swarm ≈ r0,swarmr0,swarmr0,swarm 0 0 1
r1,swarmr1,swarmr1,swarm = r0,swarmr0,swarmr0,swarm 0 0 1

Leave
Branching off from the formation is an important function for any swarm imple-
mentation as the ability to send agents on individual missions greatly increases the
versatility of the swarm. Periodically sending out individual drones to scout certain
areas or retrieve/deliver payloads such as a package or some information may in-
crease the utility of the swarm substantially. One major advantage of branching is
that it allows for tasks to progress in parallel. Instead of requiring the entire swarm
to wait for a data transfer to occur between a provider and a single swarm agent,
the swarm may continue with other tasks as a single agent handles whatever objec-
tive it was assigned. To test this function, two test cases were implemented where
a single agent was instructed to leave a configuration consisting of five agents cen-
tered around pswarmpswarmpswarm by following a separate reference in point pbranchpbranchpbranch. In all leave
tests, determining which drone to send off was done by selecting the drone closest
to pbranchpbranchpbranch when projected on a straight line through the swarm center pswarmpswarmpswarm and
the branch reference point pbranchpbranchpbranch. Leave case one consists of a single agent leav-
ing a stationary swarm hovering about a reference rswarmrswarmrswarm in point pswarmpswarmpswarm. pbranchpbranchpbranch is
positioned 1.5 meters away from pswarmpswarmpswarm according to Table 5.8.

Table 5.8 Leave case 1

Position
xG yG zG

pswarmpswarmpswarm ≈ rswarmrswarmrswarm −0.5 0 1
pbranchpbranchpbranch 1 0 1
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Leave case two involves detaching a single drone from a moving swarm. Moving
the swarm is accomplished by sending a ramp position reference altering the yG
component of swarm reference rswarmrswarmrswarm from−1 at t = t0 = 0 seconds to 1 at t = t2 = 2
seconds. This corresponds to a 1 m/s change in swarm position reference. The single
agent is detached at t = t1 = 1 seconds by assigning pbranchpbranchpbranch as the target. References
and positions can be seen in Table 5.9.

Table 5.9 Leave case 2

Position
xG yG zG

rt0,swarmrt0,swarmrt0,swarm 0 −1 1
rt2,swarmrt2,swarmrt2,swarm 0 1 1

pbranchpbranchpbranch 1 0 1

5.2 Analysis

Stability analysis is of major interest when determining the performance of a swarm.
Factors to consider are the tendency of the swarm to converge to a stable formation,
as well as the density and collision risk of that formation. Convergence in this case
can be measured by investigating the sum kinetic energy of all agents in the swarm
as a low kinetic energy when hovering is equivalent to all drones having stabilized.
The kinetic energy Ek of a swarm containing N agents is determined according to
Eqn. (5.1).

Ek =
N

∑
i=1

m× v2
i

2
,vi = ˙‖pi‖˙‖pi‖˙‖pi‖ (5.1)

Analysis of swarm efficiency and density can be achieved by looking at the
distances between agents in the swarm. Looking at the mean distances between all
agents may prove misleading, as a large number of agents may lead to overlapping
formations where the distance between agents may not be the minimum possible as
no stable formation is achievable where every agent is the same distance away from
another. Four is the maximum possible number of drones where every agent can
maintain the same distance to every other agent in a stable formation, due to the fact
that four is the minimum number of nodes for a rigid three-dimensional structure.
A different way of investigating size and density is to look at the minimum distance
dmin

i between each agent i and its closest neighbour; dmin
i is calculated according to

Eqn. (5.2).

dmin
i = min

{
f (ppp j) : ppp j = ppp1, ...,pppN

}
, f (ppp j) =

∥∥pppi− ppp j
∥∥ (5.2)
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This analysis provides more insight into the safety margins of each agent, but is also
susceptible to misleading results as no indication is available as to the rigidity of the
formation. A line of drones may show promising results when looking at distance
to closest neighbour even though the formation may not take full advantage of the
available three-dimensional space. Formation density may instead be investigated
by looking at the volume of a sphere encapsulating the entirety of the swarm. Such
as sphere may be derived by finding the agent furthest from the swarm center of
mass and taking the distance from that agent to the swarm center as the sphere
radius. The swarm center is calculated according to Eqn. (5.3). The encapsulating
sphere radius renc is calculated according to Eqn. (5.4).

pswarmpswarmpswarm =


xswarm

yswarm

zswarm

=
N

∑
i=1

pppi

N
(5.3)

renc = max{ f (pppi) : pppi = ppp1, ...,pppN} , f (pppi) = ‖pppswarm− pppi‖ (5.4)

Controller performance is also closely linked to the swarms ability to follow ref-
erences accurately and quickly. By mapping the absolute positional error eswarm
against time a graph of the swarms ability to follow a setpoint can be generated.
eswarm is calculated according to Eqn. (5.5).

eswarm = ‖eswarmeswarmeswarm‖= ‖rswarmrswarmrswarm− pswarmpswarmpswarm‖ (5.5)

Time analysis is done by examining rise time and settling time during a step re-
sponse. Rise time is determined to be the time during which the error eswarm is
between 90% and 10% of the step distance ‖p1p1p1− p0p0p0‖. Settling time is determined
to be the time required for the error eswarm to go from 95% of the step distance to
the moment it enters and remains within 5% of the step distance.

5.3 Distance-based swarm controller

As explained in Sec. 2.2 the distance based approach to swarm control relies on
having a set distance between each drone in the swarm. This has the advantage of
being able to define a specific formation, although with the downside of not hav-
ing very dynamic individual drone movements. The algorithm generates a velocity
reference for each drone, which is a sum of the following three factors:

1. Keeping formation

2. Following global position reference

3. Avoiding disturbances
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5.3 Distance-based swarm controller

Table 5.10 Parameters of the simulated distance position control

Position
Kp Ki Kd

1.5 0 0.1

Table 5.11 Parameters of the real distance position control

Position
Kp Ki Kd

1.2 0 0.1

Formation
For the swarm control, a gradient based controller was chosen. In order to achieve
the target distance di j between agent i and j, the velocity of agent i is defined as
Eqn. (5.6)

ṗiṗiṗi =−
N

∑
j=1

(pipipi− p jp jp j)∥∥pipipi− p jp jp j
∥∥ (∥∥pipipi− p jp jp j

∥∥−di j) (5.6)

where di j is the distance between agent i and j, defined in the distance matrix, which
also defines the formation. Note that this merely controls the agents’ relative dis-
tance to each other and not their actual positioning in the global coordinate system.
Due to this, the swarm can rotate in any direction while still keeping the formation.
This controller originates from the work of [Anderson et al., 2007]. According to
[Sun, 2017], using Eqn. (5.6) causes the distance error to exponentially converge
to zero. Merge and leave operations as mentioned in later segments provide a non-
trivial challenge in rigid formations, and the formation of the new graph will depend
on a number of environmental factors outlined in [Anderson et al., 2008].

Global positioning
In order to be able to regulate the global position of the swarm, a position controller
had to be implemented. It is a PID controller which regulates the center position
of the swarm rather than that of each individual drone, in order to move the swarm
without interfering with the formation. This corresponds to the parallel reference
contribution seen in right part of Fig. 5.3. This simply adds its signal on top of the
one from formation control. See Tables 5.10 and 5.11 for parameters, which were
found through trial and error. The simulation parameters were a bit too aggressive
for the real drones and were hence lowered slightly.

Disturbances
The disturbance controller is used to enable obstacle avoidance. Since the drones
can only "see" things connected to the Lighthouse positioning system, and not e.g.
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walls, other drones are used as obstacles. Due to the nature of the distance controller,
the disturbance controller is also needed to be able to interact and avoid collisions
with detached (ignored) drones. The controller uses a non-linear curve with cut-off
to make sure that a drone is not impacted by the disturbance unless coming close
enough. The output signal is defined by Eqn. (5.7) where din is the distance between
drone i at position pppi and obstacle n at position pppn, and k1, k2 and k3 correspond to
tuning values.

ṗiṗiṗi = max(0,k1din +
k2

din
+ k3)(pppn− pppi) (5.7)

k1, k2 and k3 are constants, in this case set as -0.3, 0.9 and 0, respectively. These
values were iterated in the simulation and then empirically verified in the real swarm
to give a smooth and stable reaction on the drones. The max function makes sure
that the agents are never drawn to the obstacle. The output is basically a repelling
force, rapidly increasing with decreasing space.

5.4 Flocking-based swarm controller

The flocking controller implemented is a variant of the flocking behaviour derived
from the basic rules outlined in [Reynolds, 1987] and [Olfati-Saber, 2006]. Each
trait corresponds to a goal of the individual drone, and as such the controller is
completely dynamic in the sense that no formation or leader is predetermined. The
final output of the controller for each drone is derived by taking the sum of all con-
tributing factors. All parameters used in the flocking controller will be sub-indexed
by f c. The three main factors are:

1. Follow reference

2. Avoid other agents

3. Match speed of neighbours

These three factors combine to define the basic desires of each individual drone
to ensure the swarm is controllable, suitably spaced, and stable. By not defining spe-
cific positions or formations the swarm should hopefully be able to stabilize dynam-
ically, and should adapt automatically to positional or structural changes triggered
by external interactions such as setpoint changes, changed parameters as well as ad-
dition or removal of agents or groups of agents. Equation (5.8) shows the notation
of each contribution to the final velocity reference uv,iuv,iuv,i of drone i.

uuuv,i =


uvx,i

uvy,i

uvz,i

= uuure f
v,i +uuuavoid

v,i +uuumatch
v,i =


ure f

vx,i +uavoid
vx,i +umatch

vx,i

ure f
vy,i +uavoid

vy,i +umatch
vy,i

ure f
vz,i +uavoid

vz,i +umatch
vz,i

 (5.8)
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Figure 5.2 Mapping of flocking controller in the plane (z=0) containing one other
agent where k f c,re f = 1 and k f c,avoid = 0.1. Arrows scaled to fit figure. Note the
unstable local minimum at (x= 0.45,y= 0) resulting from the other agent shadowing
the reference.

This structure is a version of field potential path planning as each real and vir-
tual object in the 3d-space contributes either an attracting or repelling force on the
agents. The system can be visualized and analysed by mapping the output of the
flocking controller uvuvuv over a range containing a reference and one agent. Such an
illustration is visible in Fig. 5.2.

Follow reference
Positional control of the swarm is achieved by providing all agents with a common
reference point re fre fre f to head towards. The purpose of this reference is partly to pro-
vide external control of the drone positions, but also to group the swarm about a
common point. This component acts as three proportional controllers for each indi-
vidual drone i according to Eqn. (5.9). The reference re fre fre f is designed to be the point
of entry for external control of the swarm, and the center of the swarm should tend
towards this point over time to maintain controllability. An important distinction to
make here is that the attraction force is converging as opposed to parallel as it is
aimed from each individual agent to the swarm reference, meaning all drones are
attracted to the same point as opposed to the swarm moving together in parallel
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Figure 5.3 Illustration of converging (left) and parallel (right) reference contribu-
tions for swarm of three agents following reference in red

towards a target. An illustration of the difference can be seen in Fig. 5.3.

uuure f
v,i =


ure f

vx,i

ure f
vy,i

ure f
vz,i

= k f c,re f × (rrr− pppi) = k f c,re f ×


rx− xi

ry− yi

rz− zi

 (5.9)

Avoid other agents
Avoidance of other agents in the swarm is one of the two components pertaining
to avoiding collisions among the drones. Spacing and orientation is defined by the
balance between this term and the reference attraction term uuure f

v,i outlined in Sec. 5.4.
uuuavoid

v,i is a repulsive force acting on drone i and is the sum of all reactions between
agent i and the N other agents according to Eqn. (5.10). Each contribution uuuavoid

i, j
between agent i and j acts in opposite directions on both agents and is calculated
according to Eqn. (5.11). By scaling the force by the inverse of the distance, drones
are more heavily impacted by other agents that are nearby. This limits the impact of
drones far away and allows for more even distribution in larger formations as each
agent is primarily affected by its closest neighbours.

uuuavoid
v,i =

N

∑
j=1

uuuavoid
i, j (5.10)

uuuavoid
i, j =−uuuavoid

j,i =
k f c,avoid∥∥pppi− ppp j

∥∥ × pppi− ppp j∥∥pppi− ppp j
∥∥ (5.11)

Match speed of neighbours
An important observation made in [Reynolds, 1987] is that matching the velocity
of nearby agents may be of benefit to the behaviour of the swarm. From a control
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perspective, adding a term proportional to velocity in a position controller is similar
to adding a derivative term to act as a stabilizer and minimize overshoot and low fre-
quency oscillations in the system. Intuitively, maintaining a common velocity with
neighboring agents would contribute to avoiding collisions and minimizing erratic
movement when in close proximity to other agents. It may also prove beneficial for
avoidance of external interference as it would encourage the swarm to move as a
unit, propagating the disturbance contribution through the swarm. The match con-
tribution uuumatch

v,i is commonly known as velocity consensus [Olfati-Saber, 2006] and
can be calculated similarly to the relative positional term outlined in Sec. 5.4. Eqs.
(5.12) and (5.13) show the calculations used. Note that the velocity subtraction is
reversed in Eqn. (5.13) compared to Eqn. (5.11) to follow traditional error derivative
notation.

uuumatch
v,i =

N

∑
j=1

uuumatch
i, j (5.12)

uuumatch
i, j =−uuumatch

j,i =
k f c,match∥∥pppi− ppp j

∥∥ × (ṗ̇ṗp j− ṗ̇ṗpi) (5.13)

5.5 Results

Hover
Distance Using the distance controller, a stable hover was achieved in all three
cases with one, three and five agents. Swarm center error was kept below 4 cm after
stabilizing with a median just above 1 cm.

Fig. 5.4 shows the mean error of the reference distance and the actual distance
for each drone. With three agents flying they are mostly around 1 cm off from their
set distance, while five agents generate a completely different result with four of the
drones with a mean error of about 12 cm. Note that drone one has a mean error of
around 7 cm.

Fig. 5.5 shows that the swarm is never completely still, though it mostly shows
the one drone being stuck in turbulence. In Fig. 5.6, the five agent swarm quickly
stabilizes around 51-52 cm radius, while the three agents take a few seconds longer
to end up at 34 cm.

Flocking Using the flocking controller, stable hovering was achieved over a 60 s
period with one, three and five drones respectively. The results showed the absolute
swarm center error remained below 3 cm for the entire 60 s flight. The distance
to the closest neighbour did however not remain constant throughout the flight, as
one agent initially stabilizes further away from the rest but converges to a closer
position over the 60 s duration as seen in Fig. 5.7. Note that the lines in the figures
may overlap as two drones could have each other as closest neighbours thus result-
ing in identical closest neighbour distances. The minimum distance to neighbours
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Figure 5.4 Average distance error for all agents during three (left) and five (right)
agent flight with distance controller
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Figure 5.5 Kinetic energy of all agents during five agent hover with distance (left)
and flocking (right) controllers
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Figure 5.6 Encapsulating radius of three and five agents hovering with distance
(left) and flocking (right) controllers
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Figure 5.7 Distance to closest neighbour for all agents during three (left) and five
(right) agent hover with flocking controller

during stable hovering also seems to be slightly higher in the five agent case than
with three. The mean minimum neighbour distance for five agents was 63 cm, as
opposed to 54 cm for three agents. During the last 10 s of the five agent flight, one
of the drones experienced significant turbulence due to positioning directly under-
neath another agent. While the flocking controller managed to maintain stability,
significant disturbances can be seen in Figs. 5.7 and 5.5 showing the combined ki-
netic energy of the swarm when hovering. The three agent formation stabilized to
an encapsulating radius of 32 cm within 3 s of entering formation, however the five
agent formation required 9 s of flight before stabilizing to a radius of 46 cm as seen
in Fig. 5.6.

Step
Distance The distance controller performed well in all step cases with reasonable
rise and settling times, with the exception of a single agent in the y-step, as well as
little to no overshoot; see Table 5.12. An interesting detail is that in every case three
agents performed better than a single one. Figure 5.8 shows the average distance
error for each drone. Note the change in error around 6 seconds in where the step
begins, meaning the position controller has a significant impact on the formation
controller, and drone 1 takes several seconds to recover to the same error as the
other two agents of just above 2 cm. It consistently has a larger distance error than
the other two. Whether this has to do with their individual behaviour and hardware
or something else is unclear.

Flocking The swarm behaviour of the flocking controller was not significantly
different when flying three drones as compared to one. The resulting rise and set-
tling times of all flight scenarios can be seen in Table 5.13. All rise times were
slightly lower in the three agent configuration than in the single agent one. The
settling time of the y-step with three agents is significantly higher than that of the
single agent, however that is the result of an overshoot exceeding the settling thresh-
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Table 5.12 Step response analysis of distance controller

Rise time (s) Settling time (s) Overshoot (m)
N = 1 N = 3 N = 1 N = 3 N = 1 N = 3

ẑ̂ẑzG 1.40 1.26 2.25 1.98 0 0
−ẑ−ẑ−ẑG 1.20 1.09 1.88 1.83 0 0

ŷ̂ŷyG 1.49 1.40 4.02 2.07 5.61% 4.61%
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Figure 5.8 Average distance error for each drone in y-step (left) and positive z-step
(right) using distance controller

old of 5% used in calculations. None of the step sequences analyzed showed any
significant oscillation. The experiment did highlight an interesting aspect of the con-
verging reference structure explained in Sec. 5.4, which is that the closest neighbour
distances fluctuate slightly when the step is initiated and completed as the balance
between the ure f

v,iure f
v,iure f
v,i and uavoid

v,iuavoid
v,iuavoid
v,i contributions is altered as the direction of the error vec-

tor changes. The closest neighbour plot during the step can be seen in Fig. 5.9.

Table 5.13 Step response analysis of flocking controller

Rise time (s) Settling time (s) Overshoot (m)
N = 1 N = 3 N = 1 N = 3 N = 1 N = 3

ẑ̂ẑzG 1.87 1.58 2.94 2.41 0 0
−ẑ−ẑ−ẑG 1.50 1.40 2.30 2.31 0 0

ŷ̂ŷyG 1.63 1.53 2.30 4.09 3.27% 5.61%

Ramp
Distance As can be seen in Figs. 5.10 and 5.11 the difference in behaviour be-
tween single drone and swarm is very little. The y-ramp results in a slight overshoot,
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Figure 5.9 Closest neighbour fluctuation with three agent flocking controller. Step
is initiated at t = 6 seconds
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Figure 5.10 Reference and response of y ramp with 1 and 3 agents using distance
(left) and flocking (right) controllers

otherwise fine, while the z-ramp instead is struggling with reaching the reference.

Flocking The flocking controller displayed very similar results when operating on
one versus three agents. Similarly to the step scenario, the relative positions of the
agents fluctuate during and slightly after the ramp. The encapsulating radius of the
swarm increased somewhat during the execution of the ramp, however decreased
and stabilized again after the ramp was completed as seen in Fig. 5.12.

Merge
Distance The distance controller managed to complete all the five merge cases
without any issues. Figure 5.13 displays the distance to the closest neighbour dur-
ing a merge of a lone agent and a swarm of three agents showing that it takes about
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Figure 5.11 Ramp response with 1 and 3 agents in positive z using distance con-
troller
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Figure 5.12 Closest neighbour fluctuation (left) and encapsulating radius (right)
during three agent ramp with flocking controller. Ramp is initiated at t = 6 seconds
and completed at t = 8 seconds.
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Figure 5.13 Distance to closest neighbour during merge of one and three agents
with distance (left) and flocking (right) controllers.

6 6.5 7 7.5 8 8.5 9

Time (seconds)

0

0.005

0.01

0.015

0.02

0.025

0.03

K
in

et
ic

 e
ne

rg
y 

(J
)

Kinetic energy of swarm during merge

Case 1
Case 2
Case 3
Case 4
Case 5

6 6.5 7 7.5 8 8.5 9

Time (seconds)

0

0.005

0.01

0.015
K

in
et

ic
 e

ne
rg

y 
(J

)

Kinetic energy of swarm during merge

Case 1
Case 2
Case 3
Case 4
Case 5

Figure 5.14 Mean kinetic energy of each drone during merge cases one through
five with distance (left) and flocking (right) controllers. Merge is initiated at t = 6
seconds.

one second for the agent to join the swarm, however it does that with a bit of over-
shoot. Figure 5.14 draws the kinetic energy of the complete swarm, naturally being
highest in the cases where the swarm of three agents are moving. In all cases the
swarm settles after around 1.5 seconds after the initial step and is completely still
2.5 seconds in.

Flocking Testing of the merge cases showed that the flocking controller can han-
dle all mentioned scenarios without resulting in a crash, and the minimum clos-
est neighbour distance recorded during testing was 41.7 cm. That occurred during
merge case three where a swarm of three agents and a single agent hovering 2 m
apart join at a common point halfway between them. The closest neighbour dis-
tances recorded in that case can be seen in Fig. 5.13 which shows the lone agent
rapidly approaching the swarm and swinging slightly closer to the other agents be-
fore stabilizing over a longer time period. The kinetic energy observed during the
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Figure 5.15 Path of the swarm when executing the leave-ramp case with distance
controller

tests shown in Fig. 5.14 reveals that the swarm remained in motion longer for cases
where more agents were required to move as compared to case five where a single
drone joins to a stable swarm of three agents. Directly after the merge is initiated all
agents rapidly converge towards a common point, but then remain in motion for up
to one additional second before converging to a stable configuration.

Leave
Distance Just like the merge scenarios, the leave cases went smoothly and without
any crashes or unstable behaviour. One can see the path taken by each drone from
above in the leave-ramp scenario in Fig. 5.15, looking just as expected.

Flocking Leave testing of the flocking controller resulted in stable continuous
movement throughout both leave scenarios. A top down view of the path taken by
all agents during the ramp leave scenario can be seen in Fig. 5.16. The reference had
moved halfway at the time of agent one leaving the swarm, however as is apparent
in Fig. 5.10 the flock lags slightly behind the moving reference whereby the leave
occurs after the swarm center has moved 40 cm. The closest neighbour results visi-
ble in Fig. 5.17 shows that the closest neighbour distances of the remaining swarm
changes similarly to the results of the regular ramp cases. It is worth noting that
the single agent is sent to a position slightly ahead and to the right of the swarm as
can be seen in Fig. 5.16 whereby the distance decreases somewhat at t = 8 s as the
swarm catches up.
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Figure 5.16 Top down view of one agent leaving a formation of four agents during
a ramp maneuver. Agent one leaves halfway through the ramp reference change,
however the swarm has not yet reached the halfway point.
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Figure 5.17 Distance to closest neighbour of leave during a ramp maneuver. The
lone agent moves to a position slightly ahead of and beside the swarm, whereby the
distance decreases slightly at t = 8 s as the swarm catches up and moves past
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Figure 5.18 Closest neighbour distance during 60 s hover with five agents of real
(left) and simulated (right) swarm.

5.6 Swarm model validation

A subset of the scenarios mentioned in Sec. 5.1 were used to investigate the validity
of the swarm model. Programming constraints limited the feasibility of certain tests,
however results were gathered for the hover, step, ramp and merge test cases. The
flocking controller was used for all model validation tests, and all control parameters
were identical in the real and simulated tests.

Hover
Comparing the hover performance of the swarm model to the real process certain
similarities are immediately obvious when looking at the closest neighbour distance
in Fig. 5.18. The result mentioned in Sec. 5.5 pertaining to the lone agent slowly
converging is very apparent in the simulation as well, despite the model providing
perfect state information. This suggests that the phenomenon is a direct result of
the flocking algorithm. The model did however behave very similarly to the real
swarm in this scenario. One additional interesting thing to note is that the real pro-
cess converged quicker than the simulation, possibly due to the measurement noise
introducing some randomness thus avoiding the local minimum illustrated in Fig.
5.2.

Step
Figure 5.19 shows a real and simulated swarm of three agents following a step
change in ẑ̂ẑzG. The simulated swarm moves very similarly to the real swarm, albeit
slightly more continuously as the graph of the real swarm can be seen to cross the
graph of the simulated swarm several times.

Ramp
The ramp response visible in Fig. 5.20 shows larger discrepancies than for the step
response. The real process resulted in overshoot, whereas the simulation managed
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Figure 5.19 Swarm response to positive ẑ̂ẑzG step of real and simulated swarms fol-
lowing flocking controller

to converge to the final reference in a more controlled manner. It also appears the
simulation is slightly faster to respond to the changing reference, as the simulation
trails somewhat less than the real process.

Merge
The model behaves similarly to the real process when merging, as can be seen in
Fig. 5.21. It was however apparent that the simulation managed the merge case in a
more controlled manner, as the closest neighbour overshoot is smaller. The kinetic
energy analysis visible in Fig. 5.22 also shows much similarity. It should be noted
that although the peak kinetic energy is similar, the simulated swarm stabilizes faster
and maintains a lower kinetic energy during the stabilization phase. This may be a
result of the measurement noise giving way to added oscillations.
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Figure 5.20 Swarm response to positive ŷ̂ŷyG ramp of real and simulated swarms
following flocking controller

4 5 6 7 8 9 10 11 12 13 14

Time (seconds)

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

D
is

ta
nc

e 
(m

et
er

s)

Distance to closest neighbour real

4 5 6 7 8 9 10 11 12 13 14

Time (seconds)

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

D
is

ta
nc

e 
(m

et
er

s)

Distance to closest neighbour simulated

Figure 5.21 Distance to closest neighbour during merge of one and three agents
with real (left) and simulated (right) swarm.
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6
Discussion

6.1 Crazyflie firmware modelling

The previous work on the rigid body and rotor dynamics of the Crazyflie provided
a very good foundation to work from, and as can be seen in Secs. 3.2 and 3.3 our
implementation of the cascading attitude and velocity controllers provided a very
accurate model of the drone behaviour in the roll and pitch directions. There are
however discrepancies in the tuning of the controllers, most notably in the yaw at-
titude controllers and the ẑ̂ẑzG velocity controller. The tuning of the yaw controllers
(seen in Tables 3.2 and 3.3) differs significantly. The simulated controller tuning
required halving the gain as well as adding a large derivative action not present in
the firmware, indicating an error somewhere in the model. As a result, the yaw com-
parison seen in Fig. 3.6 shows that the model will follow the reference similarly to
how the real process does, but the characteristics of the step differ in terms of rise
time and overshoot. For this reason, the model shows promising results in scenarios
where the yaw behaviour is not of critical importance. As none of the experiments
and sequences implemented in the thesis require aggressive yaw references the re-
sponse was deemed good enough, but could definitely use more work. Complete
decoupling of the different attitude controllers may not be the best solution for this
physical plant, as all changes in rotor speed brought on by the attitude controllers
will have an effect on the other states as well. This is because of the rotor configu-
ration.

The simulated ẑ̂ẑzG velocity controller behaved significantly different when com-
pared to the real process as can be seen in Fig. 3.12. The cause of this discrepancy
was not discovered, however once again the behaviour was similar enough to allow
for use in simulations. By limiting the test scenarios to motion mostly in the xyxyxyG
plane the impact of the ẑ̂ẑzG velocity discrepancy was mitigated.

Another area that could use more investigation is the accuracy of the lighthouse
positioning system. Due to time constraints we were unable to focus on imple-
menting an accurate emulation of the extended Kalman filter used in the firmware,
whereby the impact of inaccurate position and velocity measurements could not
be properly examined. As mentioned in Sec. 4.2 the lighthouse positioning system
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provides sub-cm precision even when in motion which was the main motivation for
choosing that system.

6.2 Swarm modelling

The simulated swarm showed good accuracy in terms of dynamics and behaved very
similarly to the real system when testing step and ramp responsiveness. Because we
chose to implement each cascading controller completely instead of simplifying the
plant through approximated transfer functions, the simulation is quite heavy to run
when many drones are active. Implementing it this way does however allow for
more insight into the movement of the quadcopters, and factors such as drag and
measurement noise can be studied at any point in the controller chain. One area
which needs more work is the implementation of turbulence simulation. As men-
tioned in the results Sec. 5.5 the system experiences major instability when a drone
happens to position underneath another, and the swarm controller could definitely
be improved by incorporating a feature to avoid this situation. In the current imple-
mentations, no effort is made to avoid turbulence as the system seemed capable of
handling the disturbance provided the distance between the drones affected is large
enough. Possible fixes for this flaw include adding a term to nudge any drone ex-
periencing turbulence out of the affected area, or changing the currently symmetric
formations to another which favours distributing the drones in the xyxyxyG plane rather
than along ẑ̂ẑzG. Such an addition would be highly recommended if the system is
to be used in situations where a very close formation is required. For simulations
of higher numbers of active agents, it is important to keep in mind the limitations
of the communications protocol used. The limit of 20 Hz polling rate used in this
thesis may only be applicable for systems of five agents or below using the CRTP
protocol. Interference may also become a problem as the throughput to each agent
is already severely restricted by the single Crazyradio used in the experiments.

6.3 Python implementation

Although the current Python implementation is sufficient to conduct sequential ex-
periments and rapid testing, certain improvements could be made to allow more
general use in a broader range of applications. The connection procedure and log-
ging systems have a rather high chance of successfully initiating and stabilizing,
however there are still situations where a restart of one or more Crazyflies is re-
quired. Currently, an incorrectly closed connection will produce an exception when
attempting to reconnect and although the execution may continue successfully re-
gardless, it is not clear what effects if any this has on the execution. One major area
that could possibly see improvement is the sampling. As mentioned in Sec. 4.4 the
sampling and controller execution is currently decoupled as a result of the controller
updates requiring the state of the entire swarm to compute correctly. By minimizing
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the time between new information arriving and a controller output being computed,
the stability and responsiveness of the system may be improved. One possibility is
to alter the controller implementation to be dynamically updated, however this may
require more computational power from the centralized computer. Alternatively,
the required information could be contained to perhaps only the state of the clos-
est neighbours, which could improve performance and scalability substantially. A
limitation in the current Crazyflie implementation is the absence of a global yaw
correction. The lighthouse framework has the potential to include such a feature in
the future, but in the current implementation the Crazyflie must be aligned with the
external positioning system at startup and the yaw estimation will drift over time.

6.4 Methodology and analysis

The methods for analysing the swarm stability and performance outlined in Sec. 5.2
were found to be a decent measure of the controller performance, however some
aspects were difficult to evaluate due to the high degree of freedom inherit to this
kind of physical process. How efficient the space was used is difficult to quantify
as there are a plethora of use-cases where a simple spherical swarm formation may
not be desired, such as when traversing narrow spaces or obstacle-filled environ-
ments. Closest neighbour distance shows some measure of collision safety in terms
of allowing analysis of overshoot when performing operations such as merging or
changing reference, but provides little information as to the rigidity and flexibility
of the formation. The differing nature of the two swarm controllers investigated also
provides some challenge when constructing experiments, as the controllers may be
suited for different applications. Precise relative control such as the one used in the
distance controller may be very useful for applications where the number of en-
gaged drones stays the same throughout the operation, whereas the flexibility of the
flocking controller makes adding and removing agents from the swarm very easy at
the cost of not having the same absolute positional control. Time constraints also re-
sulted in a lot of time being spent developing and preparing the platforms used for
the experiments. Energy analysis such as the one used here provided rather good
insight into the consistency of the formation, and also indirectly highlighted the ef-
fects of turbulence seen in the hover experiments. With more time, a more thorough
investigation into the turbulence effects as well as measurement accuracy could
greatly improve the swarm model as well as the performance of the two controllers.

The LogManager and Log classes used for data gathering allowed for very easy
setup of new logging parameters, but once again the decoupling may be a possible
source of faulty information as the slight delay introduced by the regular polling
intervals causes the log entry to be registered slightly after the actual value has
changed. With the log polling rate set to 100 Hz, the error caused by this was
deemed too small to be of concern considering the state updates and controller com-
putations occurred at 20 Hz.
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6.5 Controller comparison

Firstly, it is difficult to compare the two controllers in a reasonable way since they
are quite different and the level of relevance varies. For example, distance to the
closest neighbour is interesting in a flocking perspective, while it is generally not for
the distance controller since the absolute distance is a reference making the distance
error a more relevant parameter. Because of this, some cases are not intended to be
comparable but were rather done to make sure the controller could complete the
task without any obvious instability issues.

With that said, some cases are more easily comparable. Looking at Tables 5.12
and 5.13, one can see that the distance controller performs better in all steps ex-
cept the lone agent in ŷ̂ŷyG, although the differences are minor. With the ramp in
ŷ̂ŷyG-direction in 5.10 it is hard to tell the controllers apart, with very similar results.

Regarding stability, the flocking controller seems to be much more steady when
observing the kinetic energy and radius in Fig. 5.5 and 5.6. Even so, this could be
part of the recurring issue of turbulence.

Comparing merges, Fig. 5.13 displays interesting behaviour. The lone agent
joins the swarm quickly but also too aggressively using the distance controller, over-
shooting and coming dangerously close with a minimum distance of about 25 cm.
The flocking controller does a much smoother merge, slowing down the drone be-
fore merging with only a slight overshoot.

An important note is that none of the controllers parameters have been optimized
due to time limitations and simulation differences and have merely been chosen for
stability while not necessarily having the highest performance. An attempt at opti-
mizing the position part of the distance controller was made in the simulation, but
the resulting parameters were found to be too aggressive in the real world making
the drones very unstable. Furthermore a scalar of 0.5 had to be added to the forma-
tion control, otherwise the drones would fall into a heavy oscillation resulting in a
crash.

An interesting subject is decentralization, and how well suited the controllers are
for that. This would mean moving the velocity reference computation from the cen-
tralized computer to the drones. Most importantly this would lower the amount of
communication issues and delays, enabling a faster controller as that is the most sig-
nificant bottle neck of the system. An immediate issue with the current implemen-
tation of the distance controller is that all the drones would have to communicate
with each other to keep the formation, whereas with flocking a drone would only
need to communicate with its neighbours. Less data and computation is of high im-
portance because of the drones’ low computational power, although the controllers’
computational cost has not been measured.
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6.6 Further work

Decentralization
As mentioned in Sec. 6.5, a decentralized implementation of the controllers tested
could significantly reduce the complications resulting from transport delays and
communication errors. Due to current restrictions in the Crazyflie firmware, agent
to agent communication is limited at best and a lot of work would be required to
support inter-agent information sharing. Such an implementation could allow for
much more aggressive control due to the closer link between controller and the
individual drone hardware. Additionally, more information could perhaps be shared
and processed in clusters as opposed to the whole swarm as with the centralized
controller and state register. One interesting area of research is the implications
on swarm performance of limiting state information available to the controller. An
option would be to only allow communication within a certain range of each agent,
to further improve the viability of decentralized control.

Mobile base station
If the controller is to remain centralized, the implementation could see great im-
provement from being mobile rather than stationary. Operation in known areas is
well suited for centralized control, such as in a warehouse or for surveillance pur-
poses, however for exploratory purposes it may prove beneficial to allow the cen-
tralized controller to follow the swarm as it moves through unknown space. With
some modifications, the lighthouse positioning system used in the thesis could be
mounted on a mobile ground based platform and provide continuous referencing
through unknown spaces. One of the major difficulties in autonomous swarm con-
trol is the absence of an absolute position reference, but this problem could poten-
tially be solved by periodically returning the drones to a known space provided by
the base station. For search and rescue operations, the search space could branch
out from the base station to cover a much larger area than what would be possible
with only a ground based vehicle or even a single aerial drone.

Heterogeneous swarm
Investigation into the combination of multiple different agent types in a single
swarm could provide similar benefits as those mentioned in Sec. 6.6. The small
Crazyflie may be well suited for scouting in enclosed areas, but by adding other
types of vehicles a more versatile swarm could be achieved. Adapting the con-
trollers to allow for differing dynamics may prove challenging, both due to complex
dynamics but also because of varying communication protocols.

Obstacle avoidance
For the controllers to behave truly dynamically, an obstacle avoidance algorithm
could be implemented to simplify path planning and manual control. Dynamic
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avoidance of obstacles could significantly improve the usability and stability of the
swarm, and could perhaps also incorporate a way to avoid the turbulence problems
encountered during experiments. Although unlikely, collisions have occurred dur-
ing testing where a single agent has lost contact with the swarm and drifted into
the path of another. A local avoidance algorithm could counter that and other such
cases where control of individual agents was lost.

Other positioning systems
The experiments conducted in this thesis all implement the lighthouse position-
ing system described in Sec. 4.2, which has relatively good accuracy when used
in combination with the onboard Kalman filter. Other positioning systems exist in
the Crazyflie ecosystem, such as the Loco Positioning System and the Flow deck
[Bitcraze, 2019a]. The effects of increased measurement noise and inaccuracy have
not been examined in this thesis, but could be of interest in use cases with signif-
icant noise and disturbance in the environment. Although the controllers behaved
well with good positional accuracy, the performance and stability may be signifi-
cantly impacted by communication errors and measurement noise.
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